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Abstract

There was an undeniable success of Deep Learning networks for visual data analytics
such as object detection and segmentation in recent years, while the adaptation to tree detection
has been rare. In this paper, we pursue to achieve individual tree identification, defined as a
detection of an individual tree as each object, with deep convolutional neural networks to create
and update tree inventories using LiDAR information. The first objective was to provide a
suitable dataset that can be used to test such networks and to create a module that attempts to
increase the 3D object detection algorithms' detection accuracy. This novel dataset was created
by fusing LIDAR data gathered by Teledyne Optech with field data collected by York
University. The second was to develop an appropriate accuracy increasing volumetric module.
For this module, the learnable weights concept was introduced, which enable to increase

detection precision of the object detection algorithm.
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Chapter 1.

Introduction

Mapping and inspecting infrastructures have never been simple or easy, regardless of
whether natural or artificial. The traditional way of man-powered mapping and inspecting is time-
consuming, laborious, and dangerous. Moreover, these man-operated results often meet the
problems such as blind zones and non-quantifiable objects. Hence it is costly, and the result is not
accurate. So naturally, the industry seeks a more precise, cost-effective, quantifiable automated
method for these tasks.

Since the mid-20th century, the aerial photographing method has been applied to solve
this expansive problem of inventory and analysis [1], [2]. However, even though these novel data
sources improved the efficiency of processes, manual interpretation was still needed by human
eyes, making it costly and labor-intensive.

In the forestry community, semi-to fully automating the inventorying and analyzing
procedure was critical for forest management. Hence, algorithms for detecting and delineating

individual tree crowns from aerial photographed imagery became necessary for the forest



inventory system for time efficiency and accuracy. Delineation of individual tree crowns soon
became one of the essential parts of precision forestry for estimating its size, diameter at breast
height (DBH), height, and many other aspects [3], [4]. In the community, researchers named this
process differently e.g., automatic tree recognition [5], stem number estimation [6], single-tree
detection [7] and many others. In this paper, these processes of detecting individual trees are
referred to as Individual Tree Crown Detection and delineation (ITCD).

As mentioned above, the ITCD was first based on aerial imagery, moved to the satellite
collected images, and then recently, the trend became an integration of different data collection
sources [8]. The researchers considered the aerial images the essential data source for ITCD
because of their high spatial resolution necessary for detecting individual tree crowns. Soon later
the more enhanced satellite imagery from QuckBird or IKONOS was used for ITCD because the
resolutions were much improved from the previous satellite images [9], [10]. These imagery data
sources are often considered passive.

The terms passive and active sensors are mainly used to distinguish different modes.
Active sensing means that the system emits energy and receives parts of the energy reflected
from the environment [11] It can also describe active control of movement in vision [12]. In this
paper, the former definition of active sensing is used.

Passive remotely sensed data sources have a limitation of dimensions. The target objects,
trees, were not fully represented in a 2-Dimensional (2D) imagery. To overcome this, alternative
active remote sensing devices such as RAdio Detection And Ranging (RADAR) and Light
Detection And Ranging (LiDAR) were suggested. Passive sensed database such as satellite or
street imagery only supports 2D information. RGB-D sensors are seldomly used to collect the

depth information making the database 3D, but the amount of information it collects cannot be



compared with the active sensors such as RADAR and LiDAR, because such sensors collect x, y
and z axis values, GPS locations, RGB values, intensity and many more information of each
point collected. Hence, the active sensors brought a new dimension of height to ITCD research.
Around the 2000s, [13] presented the usage of active sensors for data collection of individual tree
inventory systems Among active sensors, the LIDAR sensor gained popularity due to its
efficiency in local-scale inventories [14].

Among different sensors using LiDAR such as Terrestrial Laser Scanners (TLS), and
Mobile Laser systems (MLS), due to its high spatial resolution, an Airbourne Laser scanner
(ALS) is used as a dominant remote sensing device for 3-Dimensional (3D) surveying and ITCD
studies [15], [16]. Then, the utilization of these LIDAR data sources from ALS for urban and
forest ITCD in a 3D way with point clouds was proposed to the community.[17]. With the ALS
approach, the LiDAR system has been heavily used in mapping scenes in both urban and forest

areas.

1.1 Problem domain

Recently, the detection of an individual tree became achievable with novel technologies
such as 3D surveying systems with LIDAR sensors and cameras paired with Inertial Navigation
System (INS) and Global Positioning System (GPS) devices. Also, computer vision, remote
sensing and machine learning technologies have rapidly advanced over the last two decades. This
achievement often demonstrates the enormous potential of the image processing technologies
leading to the success of detecting and classifying tree instances from an imagery and point

cloud acquired by various sensors.



Over the last decade, we have observed considerable successes in Deep Convolutional
Neural Networks (DCNN), especially in visual data analytics, which vastly outperforms shallow
or non-learnable vision methods [18]. This DCNN architecture makes the problem of learning
representation easier and more robust. However, DCNNs require a much larger scale of data to
learn a few million parameters for generating accurate probabilities. In this context, many
researchers have made extensive efforts to provide various datasets obtained with LIDAR
sensors supporting the advancement of DCNN research. These benchmarks include: KITTI [19],
H3D [20], Waymo Open [21], and nuScenes [22] for the 3D object detection task and
Semantic3D [23], Paris-Lille-3D [24], Semantic KITTI [25], and Toronto3D [26] for the 3D
segmentation task. Most of the existing benchmarks have been acquired by MLS for 3D object
detection, segmentation, depth estimation and Simultaneous Localization And Mapping (SLAM)
purposes. The MLS benchmarks provide a wide horizontal and vertical view suitable for
autonomous driving applications.

Airborne Lidar Sensor (ALS) is preferred for environmental applications such as forest
inventory management due to greater coverage areas with a Birds-Eye-View (BEV). Compared
to MLS, finding a publicly available ALS benchmark or existing tree benchmark built based on
ALS that focuses on forest trees is not easy. There is a lack of ALS-based tree benchmarks in an
urban setting. Forest trees develop differently than urban trees. Numerous urban trees are usually
planted and situated as part of urban planning concepts, whereas forest trees grow naturally.
Thus, there is a demand for accessing an urban tree benchmark processed by ALS. Not only the
datasets but the algorithms also are heavily optimized towards such objects related to the

autonomous driving application and its datasets.



Hence, there are the following voids of 3D object detection study: lack of 3D LIiDAR
dataset collected by ALS with tree-related annotations; lack of testing results with the existing
detection algorithms with such dataset; lack of algorithms optimized for individual tree

detections.

1.2 Research objectives

The biased trend of 3D object detection algorithms makes them fundamentally
incompatible with objects like trees with many different characteristics than cars, trucks, and
other traffic objects. Such objects have tendency of regularized sizing, shape and not
superimposable. The simplest example would be a passenger in a moving vehicle, the passenger
would not be detected as an individual human object but included as a part of a vehicle [19].

Therefore, this research project's general goal is to develop a novel DCNN for detecting
individual tree objects or improve the performance of the state-of-the-art (SOTA) 3D object
detection network for individual trees. To achieve such goal, the focus is narrowed down and
explicit to two main objectives. First is to generate the compatible dataset with analyzing its in-
depth testing results with existing detection algorithms. The second is to implement methods that

can increase the accuracy with possible further suggestions for future works.
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Figure 1: Examples of masking errors in instance segmentation with Mask R-CNN. Most common
errors include the cases as shown above. The similar issues often occur in the 3D domain because
of the nature of the individual tree detection. In the 3D domain, the case of (a) and (e) are
predominant issue, while the ALS collected point clouds often do not contain the RGB values,
which is the effective information to separate occluded tree, to differentiate colors of each tree
[27], [28].

This project's research aims to create and implement a deep learning system for detecting
and classifying solitary trees in urban/semi-urban areas using Lidar data [29]. displays mistake
examples from the instance segmentation. The examples in Figure 1 were generated using the
Mask R-CNN network [27], a well-known and widely used system. Even though these examples
pertain to the segmentation of 2D instances, the fault kinds also apply to the 3D environment.
Similar issues occur, such as the frequent union of two or more trees or the growth of a little tree

beneath the canopies of more giant trees. Consequently, in numerous research or datasets, trees

are frequently categorized as vegetation or not included at all [19], [30]-[32]. Consequently, I



believe that a specific network may detect individual trees from a scene in which they are
obscured instead of grouping them together. It will also function more successfully with other
infrastructure objects like poles, pylons, pipes, and railroad tracks. Also, the detection algorithm
can be elaborated with more various applications such as smart city, specifically for parking
management or safety and security camera managements that must solve tree overlapping

problems.



1.3 Research contributions

This research outcome mainly contributes to the investigation of 3D object detection of

individual tree objects and the generation of the related dataset in the following collaborations

and publications:

Ko, C., Y. Jeong, H. Lee and G. Sohn. 2022. YUTO Tree-5000 Benchmark. 43rd
Canadian Symposium on Remote Sensing, 10th International Conference on Agro-
Geoinformatics, July 11 — 14, hybrid, Quebec City, Quebec, Canada.

York University Teledyne Optech (YUTO) Tree-5000: A Large-scale Airborne LiDAR
dataset includes 5717 trees as each individual object with its 3D bounding box
information alongside with other specifications of each, such as DBH, latitude, status and
more.

Conducted an extensive investigation and comparative studies of the SOTA networks,
including single-stage and two-stage DCNNSs.

Proposed a novel loss function, called Volumetric loss function. This method was
designed to enable a regression algorithm to expand and shrink the set anchor boxes more
effectively and efficiently by adding features of the learnable weight for improving the

Average Precision (AP) performance up to 3% in both Birds-Eye-View (BEV) and 3D.

The outcome of this research project was published in International Conference on

Pattern Recognition (ICPR) 2022 and Canadian Symposium on Remote Sensing (CSRS) 2022

[33]. YUTO Tree 5000 will be available to the public.



1.4 Thesis outline

This Chapter introduces the research project with the motivation to generate an

appropriate dataset for 3D object detection, while individual trees as its designated object, test

the dataset with state-of-the-art algorithms and design a better method to increase the accuracy.

The outline of this thesis for the rest of the document is organized as follows:

Chapter 2 introduces the existing trees or forestry datasets and the detection algorithms. It
focuses on the need and trends of the recent studies conducted for the individual tree
detections and regarding other elements such as datasets and detection algorithms, while
listing comprehensive literature reviews of the subject.

Chapter 3 highlights the newly built dataset for the individual tree detection algorithms.
The list of existing 3D LIiDAR datasets is overlayed and discusses why they were
unsuitable for individual tree detection studies. Hence, there has been a great need for the
proper dataset, and we built a dataset for such studies called YUTO Tree-5000. The
chapter will explain how and why this specific dataset was created extensively and
compare it with the existing datasets.

Chapter 4 studies the utilization of the YUTO Tree-5000 dataset with various detection
algorithms. There are countless deep learning-based detection algorithms with drastically
different approaches. The chapter will present the results from each detection algorithm.
It confers the configurations and modified frameworks of the algorithms and reasoning
based on the ablation studies and suggests methods that can improve the results.

Chapter 5 features a novel module design of a detection algorithm using an adaptive
volumetric approach explicitly built for individual tree detection algorithms. The chapter

defines why a proper utilization of anchor boxes is critical to specific detection networks



and why utilizing a well-designed anchor box size is the optimal way for the given
structures of the networks. It provides the implementation of the proposed module with
experiments and results of the selected 3D detection algorithm.

Finally, Chapter 6 addresses the conclusion of this research study. It features the main
contributions of this study while highlighting the limitations of the implemented module

and recommends possible future extensions.

10



Chapter 2.

Related works

This section will discuss existing tree/forestry datasets, the SOTA DCNNSs for detecting

tree/forestry, and 3D objects.

2.1 Existing tree and forestry datasets

In recent years, the use of Convolutional Neural Networks (CNN) for object detection in
both the 2D and 3D domains has achieved considerable success. CNN's object detection
approaches surpassed other shallow or non-learnable vision algorithms in several respects,
including processing speed and accuracy. Furthermore, CNN demonstrated its advantage over
previous methods by estimating probabilities by linearly mixing features evaluated by densely
layered convolutional layers.

In this part, several articles pertaining to benchmark projects utilizing LIDAR datasets in
the forestry sector will be discussed. The European Spatial Data Research Organization

(EuroSDR) and the International Society of Photogrammetry and Remote Sensing (ISPRS)

11



Commission 11 launched the "Tree Extraction” (2005-2008) [30], [31] as the first initiative in
this field. This initiative involved twelve participants from the United States, Canada, Norway,
Sweden, Finland, Germany, Austria, Switzerland, Italy, Poland, and Taiwan. This project's
objective was to create a dataset by evaluating the quality, accuracy, and practicability of using
ALS to extract the following information about individual trees: Tree position (x and y
coordinates of the trunk), tree crown delineation, tree height, and crown base height were
selected as the criteria (or volume of the tree crown).

Then, between 2011 and 2014, the NEWFOR (New Technologies for a better mountain
FORest timber mobilization) initiative benchmarked eight ALS-based single-tree detection
algorithms [34]. The primary objective of the NEWFOR project was to create a sustainable and
adaptable management system for mountain forest resources. For this project, eight locations
were examined. The ALS LiDAR data was collected between 2005 and 2013, with point
densities ranging from 5 to 121 points (pts) per square meter. Four sensors were utilized for this
project: Riegl LMS-Q560, Riegl LMS-Q680i, Optech ALTM 3100, and Leica ALS 70. The
range of its research area was between 0.3 hectare and 1.2 ha. The study found a link between
autonomous tree detection algorithms and forest inventory information. Finally, University of
Eastern Finland researchers [32] conducted a benchmarking study to compare the performance of
tree-detecting algorithms. Five ALS datasets were collected between 2006 and 2008, with point
densities ranging from 1.5 to 30 pts / m2. The study sites ranged in size from 0.05 to 0.64
hectares. This study utilized the Optech ALTM 3100, TopoSys Harrier 56, Toposys Falcon I,
and TopEye MKII ALS scanners. In this study, six tree detection techniques were evaluated. The
project concluded that forest architecture, tree density, and clustering affected the algorithmic

performance.

12



EuroSDR and the Finnish Geospatial Research Institute initiated the international TLS
benchmarking project in 2014. This project's objective was to examine and contrast the strengths
and shortcomings of the TLS domain, which is vastly distinct from the ALS domain, for
extracting tree properties [35]. With 24 test plots, 18 methods were evaluated. The DeepForest
[36] benchmark dataset for tree detection algorithms was released in 2020. This RGB, LiDAR,
and hyperspectral dataset was used to detect trees in 2D image space using BEV Point of View
(POV). The point density of the LIDAR dataset was roughly 5 points per square meter. For
network training, 2D bounding boxes and RGB photos were utilized. A benchmark evaluation
was conducted using the Deepforest Python module created by its authors [36].

Recent research by Schmohl et al. utilized 10,864 manually labelled ground truth trees to
test a network for individual tree recognition. This study provided cylindrical shapes for tree
annotation and prediction and found that the circular (2D) Mean Average Precision (mAP) was
0.5-0.1% greater [37]. The point density was recorded for the first return as 16.6 points per
square meter. In addition, the authors decided to omit the height and z coordinates from their loss
functions; hence, most of the prediction and assessment were conducted in 2D. In addition, the
integration of segmentation and detection findings was accomplished by extensive
postprocessing outside of the DCNN. Therefore, training and testing of the dataset could not be
completed end-to-end if the dataset were made available to the community. Unfortunately, the
authors did not indicate whether this dataset would be available. Their conclusion was that “the
DCNNs trained on this ground truth would not necessarily learn to identify particular trees or

tree points accurately but would rather mimic the training data" [37].

2.2 DCNN for 3D object detection

13



There were countless attempts to build a tree detection system, as was explained in the
introduction. Before the significant utilization attempts with DCNN, mathematical algorithms
were the most popular and efficient way of executing ITCD. Among various methods, the
watershed algorithm [38] is considered the most effective and efficient for image segmentation
for tree crown delineation because of its high edge delineation accuracy and efficiency [39]. For
example, Huang et al. [40] proposed a Marker-Controlled Watershed Segmentation Algorithm
with the bias field image as a substitute for the original RGB image in ITCD utilizing the smooth
varying feature in the bias field and achieved a great result. Their work addresses the critical
problem of occlusion, which is one of the biggest challenges in tree detection and is inspired by
the occlusion-aware R-CNN proposed by Zhang et al. [41]. Lumniz et al. [28] used street-level
imagery and Mask R-CNN for tree detection, and tree location was estimated from depth. These
related works are based on 2D object detection. In contrast, our work is focused on using ALS
and 3D object detection to understand the objects' real-world sizes and positions. In this section,
it will be focused that DCNN as an object detecting method, but not other methods such as
watershed algorithms, etc. The general knowledge upon DCNN for object detection and

categorized structures of it will be discussed in the following.

2.2.1 3D object detection

Obiject detection is one of the tasks that are related to information inferencing from the
given domain. The domain can be 2D imagery, 3D points clouds which be from various of
sensors such as Sound Navigation and Ranging (SONAR), RAdio Detection And Ranging
(RADAR) or as in this paper, LIDAR. Unfortunately, there is not yet a predominantly accepted
definition of object detection. However, it is loosely defined as the task of finding the location all

the instances of a selected object from the given source data. The localization be defined as the
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center of the object image, as a bounding box containing the object, or other shapes such as
cylinders [37].

The center of the object is almost always defined according to the given domain, in this
case, in 3D. It is respect to the descriptions such as its position, scale, etc. Hence to illustrate this
in more mathematical manner, let S be a scene from the given dataset while O(S) be the set of N¢

object descriptions.

Equation 1. Object description in the given scenes

0(S) = {(Yl*,z; ) es (V727D (YX?;:ZX;; )}

As in Equation 1, Y;* € Y denotes the category of i object. Y denotes for the set of
included categories. In this paper, there is only one selected category, which is tree. Hence, this
denotation may be seemed irrelevant. However, for the future works, the specification of each
tree in the dataset would be used for classification of each tree. This specification information

can be considered as categories. Therefore, it should be still considered, nevertheless. Z,’(,;

denotes the location, scale, and geometry. The position of the center of the object would be
(Xcenter» Yeenterr Zeenter) € R3. The notation for the bounding of this object would be
(Xmins Ymins Zmins Xmax> Ymax) Zmax) € R,

In this paper, the 3D object detection with bounding box labeling is utilized, hence, these
notations would be valid to describe. However, in other cases of different domains and
encompassing the object, different ways of denotation would be required. With these denotations

established, object detection can be defined as the follow.
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Equation 2. Object detection

DeteCtiOH(S, A) = {(Yl,Zl ), . (YiJZi ), e (YNi(l)JZNi(l)) }

The operation point 4 allows to manage the errors of false alarms and missed detections.
There are widely accepted terms to describe these detection results which are: True Positive
(TP), True Negative (TN), False Positive (FP) and False Negative (FN). Naturally, false alarms

of detections are referred to as FP and missed detections referred to as FN.

2.2.2 One-stage vs two-stage

There are two main streams of 3D object detection can be divided into one-stage
approaches and two-stage approaches. A DCNN with a single-stage strategy [42]-[44]
transforms the 3D point cloud into more compact representations, such as voxels or BEV
pictures. It then employs CNN directly to create predictions, in this instance bounding boxes, in a
fully convolutional fashion as can be seen in Figure 2. Now, this uncomplicated approach makes
the network straightforward and cost-effective. However, its cost is borne by the resulting
pocketbook. As indicated, the operation would utilize the gradually downscaled feature map. It
eventually loses spatial resolution, rendering it incapable of analyzing point cloud data structure
information. The one-stage detector for processing the sparse point cloud is less precise than its

counterpart.
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Figure 2. One-stage approach algorithms structure design.

As its name suggests, the two-stage technique of making predictions involves more steps
than the one-stage approach [45]-[50], which are: region proposal and classification and
localization. This region proposal step presents the classifier with class-agnostic boxes that
locates the ground truth. This means that it only detects the foreground objects. Again, whilst the
term foreground is not industry-defined due to the novelty of the area of this study, it is often
defined as a set that contains all specific desired classes in a scene [51]. For this procedure,
different approach can be applied to achieve these proposals. For example selective search
methods are used in R-CNN and Fast R-CNN, or Region Proposal Network (RPN) method was
used in Faster R-CNN [52]-[54]. By separating this detection procedure into two, the second
stage would operate on the crops made from the pooled results of the first stage of selective
search (Fast R-CNN) or RPN (Faster R-CNN). The reasons why to make the algorithm with two
steps is because of the limitation of the receptive field. In the case of Faster R-CNN, the input is
transformed into a feature map with limited spatial resolution through a CNN. For each feature
map, the RPN head estimates if the features correspond to an object and the head regress the
detection box, and this box regression process is based on the final feature map. Since RPN

created a rough estimate of the bounding box, the second stage of Faster RCNN can utilize all
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features contained in the predicted bounding box and can correct the estimate. However,

inevitably, there would be many inference steps per scene. Therefore, performance is not as fast

as one-stage detection algorithm.
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Figure 3. Two-stage approach algorithms structure design.

2.2.3 Anchor-based vs anchor-free

Faster R-CNN [54] first presented the concept of use an anchor for 3D object detection.
Since then, numerous object detectors have improved their networks' precision by employing this
anchoring concept. Nevertheless, the regression head which performs localization that is fed with
the feature map, can only process one known item at a time. Therefore, there may be interference
with the regression if more than one object is present because every object affects the regression
head. This issue was resolved with the use of regression head per item. However, the

simultaneous presence of many objects of the same class remains problematic.
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Figure 4. Anchor function example. k anchors are set for each spatial location of the final feature
maps. Classification score for each class including background is predicted for each anchor and
regression coordinates are predicted for anchors that has greater loU than the predefined threshold.
First introduced in [55].

To circumvent interference, the network constrains each regression head to a specific
portion of the scene. However, it does not completely eliminate the interference between the
items that are extremely close together. Therefore, it does not function when two objects of the
same class overlap. The anchor box is consequently introduced to confine each regression head.
When the ground truth of an item has a high Intersection over Union (loU) value with a
particular anchor, the regression head uses this anchor to predict the final bounding box. Then,
each regression head would be spatially independent and interfere with the others to a minimal
degree.

Consequently, these anchors function as references and spatial restrictions that restrict the

geographic extent of the regression head. Then, regions outside of this anchor would have
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minimal or no effect on the regression procedure. Since the domain is moved from 2D to 3D,
anchors include the z-axis values. Anchors used in a 3D domain do not always take boxes'
shapes. For example, the proposal generation module of STD [49] generates proposals from
point-based spherical anchors instead of anchor boxes. The authors claim that the process
reduces the number of anchors.

Occasionally, networks do not use anchor generation to gain efficiency, as anchor
approaches invariably incur large memory and computational costs for improved recall
performance. In this regard, a DCNN for 3D object detection without using the anchors is called
an anchor-free approach. Instead, a foreground segmentation network was used for POintRCNN
[50]. Point RCNN was used as the anchor-free network for this study. It uses 3D bounding boxes
to build a ground-truth segmentation mask. In the first stage, foreground points are segmented,
and a small number of bounding box proposals are generated simultaneously from the segmented
points. This solution avoids requiring a considerable number of 3D anchor boxes throughout the
entire 3D space, as prior systems did, reducing the necessary amount of computing. And all
networks other than Point RCNN embraced the anchor-based approach.

The PIXOR [43] technique assigns all pixels inside ground truth bounding boxes as
positive samples in the BEV feature map, despite the fact that it has not been validated with our
in-house dataset in this research. Other range-view-based approaches designate as positive
samples pixels on range-view maps that are contained within 3D ground truth boxes. Layers
Rangedet [56], LaserNet [57], and Range-Conditioned Dilation RCD [58]. Other anchor-free
detection networks define the detection problem as a key point detection problem, as illustrated

by the following networks: AFDet [59]; RSN [60]; CenterPoint++ [61]. In these instances, the
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concept of centeredness is employed to obtain the relevant properties; thus, anchors can be

deprecated.

2.2.4 Points representation

For 3D object recognition using DCNN, numerous approaches of encoding point clouds
have been developed. Frameworks with voxel-based and point-based representations are two of
the most prevalent forms. However, how to represent LiDAR-acquired 3D data, which consists
primarily of point clouds, is up to the user. Most existing 3D object detection networks mainly
analyze point clouds as voxel grids, point clouds, graphs, or 2D images, or a combination of
these.

CNNs are predominantly applied to data with regular structures, such as the 2D pixel
array, in the past. To apply CNNs to unordered 3D point cloud data, the data must be
partitioned/processed into regular grids of a specific size that describe the data distribution in 3D
space. Typically, the size of the grid is proportional to the data's resolution. By identifying the
occupied voxels as visible, occluded, or self-occluded, voxel-based representation can encode 3D
shape and viewpoint information. In addition, 3D convolution and pooling technigques can be
applied directly to voxel grids.

Since numerous 3D object detectors were constructed using the voxel-based framework,
its limitations were discovered. First, not all voxel representations are usable since they contain
both occupied and unoccupied scanning environment regions. In light of this inefficient data
representation, the significant need for computer storage is unnecessary. Second, it is difficult to
establish the size of the grid, which impacts the scale of input data and may disrupt the spatial

link between points. Thirdly, computational and memory demands increase quadratically with
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resolution. Existing voxel-based models are therefore kept at low 3D resolutions, and the most
common grid size is 303.

Point cloud data, as opposed to volumetric 3D data representation, can preserve 3D
geospatial information and internal local structure. In addition, the local receptive fields confine
the voxel-based models that scan the environment with fixed strides. For point clouds, however,
the input data and the measure determine the range.

The primary focus of point cloud-based deep learning models is the resolution of
permutation problems. Although they treat points independently at local scales in order to
preserve permutation invariance. This independence disregards the geometric relationships
between points and their neighbors, exposing a fundamental constraint that leads to the absence
of local features.

In general, voxel-based algorithms rasterize unprocessed points into voxel-grids. Then,
2D and 3D CNN are utilized to produce 3D suggestions, such as VVoxelNet [44] and SECOND
[62]. In general, point-based algorithms accept points as input. Then, set abstraction is used to

obtain the point characteristics for box prediction, such as Pointnet [63].

2.3 Summary

In this chapter, the related works were presented. Firstly, the existing tree and forestry
datasets were introduced. As it was navigated in chapter 2.1, it was evident that there is no
suitable enough dataset for this specific study. Therefore, it was proved that building a custom
dataset, which suite the objectives of this study, is necessary. Secondly, 3D object detection
methods, especially DCNN related, were explored. The term of object detection was defined to

be used in the further research and types of DCNN related object detection structures were
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presented. It was essential to review such materials not only because it gave the ideas of which
types of models should be tested with the custom dataset we would build, and also what structure

would be optimal to be utilized for individual single tree detection.
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Chapter 3.
Generating 3D Single-tree Detection

Dataset: YUTO Tree-5000

Providing accurate and efficient scene perceptions of environments that suits the purpose
of the application are crucial, regardless of types of applications, including mapping of area,
autonomous driving, or 3D model reconstruction. Especially, DCNNs require a much larger
scale of data to learn a few million parameters for generating accurate probabilities. Hence
inevitably, there has been a great need for the proper datasets.

Numerous researchers have exerted tremendous effort in this setting to provide diverse
datasets collected with LIiDAR sensors to promote DCNN research. Among these benchmarks is
the data set, which was covered in Chapter 2.1. In addition, the heightened interest in
autonomous driving applications necessitated an extensive data set. Therefore, many of the
existing standards for 3D object detection, segmentation, depth estimation, and SLAM have been

acquired via MLS.
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The MLS benchmarks offer an expansive horizontal and vertical field of view suited for
autonomous driving applications. For environmental applications like forest inventory
monitoring, ALS is favored over BEV because to BEV's larger coverage areas. Compared to
MLS, it is challenging to locate a publicly accessible ALS benchmark, or an existing tree
benchmark based on ALS that focuses on forest trees. In an urban area, ALS-based tree
benchmarks are lacking. Urban trees grow differently than forest trees. Consequently, there is an
intense desire for access to an urban tree benchmark processed by ALS for this study and the

discipline as a whole.

3.1 Motivation

To bridge the gap between the demand for and the availability of ALS-based tree
benchmarks, this project generated a large-scale tree benchmark dataset for the community to
advance DCNNs for detecting single-trees. The dataset was collected in an urban setting. In
woodlots, it contains both planted trees (which often have little or no overlap) and naturally
growing trees (which typically have large overlap). This article describes how we created our
dataset utilizing ALS collected during the leaf-on season, fieldwork, and publicly available
images for annotation such as Google Street View (GSV) and Google Earth (GE). This new
dataset has the following elements:

1. Segmented ALS dataset with four manually validated classes (Figure 5a);

2. Field-collected tree data with specific information about each tree;

3. Manually adjusted GPS treetop locations (Figure 5b);

4. Semi-automatically generated boundaries of individual tree crowns (Figure 5c);

5. Generated 3D bounding boxes representing individual trees (Figure 5d).
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The main contributions of this work are:

e Generate a new urban tree benchmark for 3D single-tree detection using ALS;

e Develop a unique workflow of the semi-automatic fusing tree inventory database with
ALS data; and

e Conduct a comparative analysis of the SOTA DCNNSs for 3D object detections utilizing

our new tree benchmark.
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Figure 5. YUTO Tree-5000 Benchmark items. (a) an example of the classified (segmented) point
cloud after human inspection, (b) white dots are the examples of tree location (c) white lines are
the examples of derived tree boundaries, (d) examples of the 3D tree bounding box.

The summarization of the previously discussed existing tree-related datasets is in table 1.
Large-scale LIDAR benchmark datasets do not have tree-related data, whereas existing tree
benchmark datasets are primarily conducted in forest environments. Also, many of these datasets
are not publicly available. Amongst these studies, point density varies from 2 to 28 pts/m?.
Unlike the work from the studies of Weinstein et al. [36], bounding boxes of YUTO Tree-5000
are 3D instead of 2D, allowing 3D detectors to be seamlessly applied. Finally, unlike the works
of [37], this dataset was tested with eight SOTA 3D object detectors without postprocessing,
based on only (X, y, z) as input and releasing our dataset to the public, benefiting the community.

This dataset addresses tree detection in an urban context by recognizing the distinction between

26



urban and forest trees. Also, the point density is superior to that of other publicly accessible
benchmark datasets. This benchmark dataset addresses the bottleneck of data availability for
trees, which is that the tree data was not specifically for the individual trees as individual objects

but mostly categorized as semantically classified areas.

Point Urban Sensor

Citation densi Availability : DL tested
ensity domain platform
[30], [31] 2 No No ALS No
[34] 28 Yes No ALS No
[32] 12 No No ALS No
[35] n/a No No TLS No
[36] 5 Yes No ALS Yes
[37] 17 No Yes ALS Yes
YUTOZBZ‘ZG'SOOO’ 119 Yes Yes ALS Yes

Table 1. Summary of the existing tree benchmark studies. Dataset comparison between YUTO
Tree-5000 and other related datasets. Point density shown in pts/m?, availability denotes that its
available for public access. Urban domain column cites that if the dataset includes scenes with
roads, buildings, and other artificial structures. Deep Leaning (DL) tested column notes that if the
dataset has been tested with any deep learning based object detection algorithm.

3.2 Data acquisition

YUTO Tree-5000 benchmark dataset has been derived from two primary sources: ALS

data and field-collected data.

3.2.1 LiDAR Data Acquisition

For surveying to capture designated area for generating point cloud dataset, multiple
options of LiDAR sensors are available. From Table 1, [30], [31] utilized Optech ALTM 2033 as
their main sensor. For the cases of [32], [34], the datasets were knitted from multiple different
area. Therefore, the sensors that they operated at each location were different. For [34], Riegl

LMS-Q560, Riegl LMS-Q680i, Optech ALTM 3100 and Leica ALS 70 were utilized. For [32],
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ALTM 3100, TopoSys Harrier 56, Toposys Falcon Il and TopEye MKII were selected for their
survey. [35]-[37] did not specify the choice of their sensors that they operated to gather their
information.

In this paper, with the collaboration with Teledyne Optech, there were multiple sets of
data collected with different types of sensors available for this study. Among all the datasets
collected, Galaxy sensor based airborne LiDAR was selected. The Galaxy sensor could offer 2
MHz effective pulse repetition frequency provides on-the-ground point density and up to 8
returns per pulse provide increased vertical resolution. Both features were critical for this study
to collect the point cloud data with stable point density level throughout the entire area of choice.

The acquisition of this data took place on 23 September 2018 with ALS sensors Galaxy-
PRIME, owned by Teledyne Optech, in Toronto, Ontario. The average flying height for the
mission was 1829 m above ground level. York University Keele campus area (same extent as
field data) covers approximately 4.3 km? spanning 1.8 km in the north-south direction and 2.4
km in the east-west direction. The average point density was calculated by dividing the total
number of points recorded by the area of flight coverage. Due to overlap in some areas, the
overall average point density is approximately 119 pts / m2. The collected areas are shown in

Figure 6 with further descriptions.
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Figure 6. Lidar data acquisition map. (a) red lined box on the map is the area that was scanned
with ALS devices, (b) yellow lined box is the area which that York university possessed the tree
data, which resulted to become the area that this study ultimately focused on.
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Height (m)
174 m

Figure 7. Height heat map of entire ALS collected area. Area of Figure 6a is shown in this figure.
This visualization is 1:10 down sampled to be loaded to the machine.

Height (m)
177 m

Figure 8. Height heat map of studied area. Area of Figure 6b is shown in this figure.
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Figure 10. Return class heat map of studied area. Area of Figure 6b is shown in this figure.
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Figure 11. Number of returns heat map of studied area. Area of Figure 6b is shown in this figure.
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Figure 12. Intensity heat map of studied area. Area of Figure 6b is shown in this figure.
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Figure 13. Lidar point cloud vs google satellite view. The resolution of the LiDAR tile is sufficient
to distinguish the objects in the satellite imagery.

Figure 14. Front view of the example tile.

33



3.2.2 Field Collected Data

The data was obtained in the field in 2014, 2016 and 2017. Unfortunately, the database
owned by the City of Toronto was not able to be used because of its incompleteness. Thus,
fieldwork was conducted separately to generate a new single-tree inventory for this study. In the
field, the location of the tree trunk was recorded with a handheld GPS. Items recorded include: 1)
Common name; 2) Dbh [cm]; 3) Tree height to base of the crown [m]; 4) Total height [m]; 5)
Location description; 6) Latitude, longitude; 7) Status and status date; 8) Tree crown width; 9)
Ownership; 10) Tree conflicts with objects such as sidewalk, signs, trees, wires, other structures;
and 11) Tree health such as broken branch, dead branches, a cavity in trunk or branches, and
weak yellow foliage observed. 5717 trees with 142 species were recorded in total. Figure 15
shows the frequency distribution of the top 15 tree species and Figure 16 shows the distribution
of species of labeled trees in the dataset. A summary of the statistics of the recorded trees is

provided in Table 2.
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Figure 15. Frequency of the top 15 tree species. The frequency is collected from the field-collected
data of York University, Toronto.
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Figure 16. Species classification distribution of labeled Trees.

. .. Standard

Maximum  Minimum Mean deviation
DBH [cm] 88.50 0.50 23.37 13.48
Tree Height [m] 27.97 0.07 10.35 4.30
Crown Width [m] 21.50 0.20 6.17 3.13

Table 2. Summary of the statistics of field-collected trees.

3.2.3 Data processing

As depicted in Figure 17, the procedure was developed to merge the tree inventory
information with ALS tree data semi-automatically. Most of the workflow process was
automated, but some components were preserved for human inspection at multiple points to
correct any faults produced by automation. In the initial inspection process, following the
automatic categorization of a point cloud, misclassified points were manually corrected using
human eye. The second round of examination rectified mistakes in tree position produced by
GPS in the field. This procedure employed both GSV and GE images. Also discovered were the
trees in the tree inventory that no longer exist in the field. Consequently, they were eliminated

from the dataset. The third part of the examination was to confirm that tree boundaries were
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painted on the tree crowns and that the bounding box height was adequate. A final assessment of

the generated 3D bounding boxes was conducted.

Legend
Input data Processed data

Tree crown size Tree top coordinates
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Figure 17. Workflow for semi-automatic tree benchmark creation. The processes that are marked
with inspection points are the procedures that still done with the human eye inspections.

2D Tree boundaries

refinement

3.2.4 Point cloud classification
ALS point cloud classification (segmentation) was performed with two sets of software,
LAStools [64] and TerraScan [65]. The initial automated point cloud classification was process

with LAStools. Since the functions of LAStools software does not provide visualization of the

36



point cloud, after the automatic classification, the classification results were manually validated
with TerraScan to correct all the misclassified points. The output of this process yields a four-
classes dataset: ground, vegetation, building and other. The visualization of this outcome of the

classified point cloud can be found in Figure 9.

3.2.5 Tree annotation with 3D bounding boxes
The semi-automatic production of tree annotations utilized:
1. ALS data
2. GPS locations

3. Tree crown widths

gathered during fieldwork. The reported field data were insufficiently precise to enable
automatic tree annotation. The two most severe mistakes resulted from GPS and field
measurements of tree crowns. To fix GPS errors, we carefully inspected each tree and used GSV
and GE to correct the (X, y) coordinates of the GPS location to the observed treetop. We
eliminated 633 out of 5,717 field-collected trees because they could not be identified in the ALS
dataset during the second human assessment point of the tree top detection procedure depicted in
Figure 9.

These trees may have existed during field trips but were removed before the 2018
collection of ALS data. There were 5,084 2D bounding boxes maintained in the data. The
marker-controlled watershed segmentation technique [38] was applied to the ALS dataset to
refine and get a more precise tree crown size. The Canopy Height Model (CHM) was initially
constructed from categorized ALS data. The following stage was to apply a smoothing operator,

in this case, a Gaussian smoothing, before identifying the local maximums as treetops and
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outlining the tree crowns, also known as watersheds. Despite its efficiency and effectiveness, this
approach relied on the magnitude of smoothing. If smoothing was too tiny, this procedure would
generate a large number of false positives (FP), and if smoothing was too high, it would generate
a large number of false negatives (FN). To overcome the ambiguity of smoothing, the sensitivity
of local maximum detections was substantially improved. Thus, several FP would be formed for
treetops, and a single tree's crown would be divided into numerous little watersheds. The minor
watersheds that belonged to the same tree crown were subsequently combined. In this manner, a
small watershed might be identified for multiple trees, allowing tree crown overlap detection.
The watershed possibilities for a given tree crown were chosen based on the overlapping circle
obtained from the field-recorded GPS location and tree crown width.

If a watershed overlapped in the area by more than 30 percent, it would be assigned to the
same tree crown. This strategy permitted the identification of a small watershed by two or more
trees, allowing the final tree boundary to contain overlapping portions. Finally, the width and
length of the 3D bounding box were determined by subtracting the maximum x and y
coordinates from the minimum x and y coordinates of the tree's boundary. For height, the
maximum and minimum z-axis values of the 3D bounding box were determined using the ten
biggest z values of points in the 16% center and the smallest z value of points over the 2D BEV
bounding box, respectively. Figure 5d is an illustration of the tree bounding box visualization. In
this final assessment stage, depicted in Figure 9 as the development of 3D bounding boxes, all
bounding boxes with less than 97% overlap with another box in BEV were maintained. These
highly overlapping bounding boundaries were maintained due to the close proximity of the
understory and trees, and since just one tree crown was visible in the ALS data. For this version

of benchmark data, 4,496 out of 5,084 trees were separated. 59% of the bounding boxes had less
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than 40% overlap, 30% had 40 to 80% overlap, and 11% had greater than 80% overlap. The
degree of overlap was read as the proportion of trees that were obscured by another tree. The
visual examples of this different categories of overlapping are shown in Figure 18.

After this entire process, there was a human eye validation procedure to validate the
overall results. All 434 tiles were visited individually, each ground truth bounding box was
inspected to be checked if it has corrected annotation. During this process, minor changes made

to correct the details of the annotations.

Less than 40% overlap 40% to 80% overlap More than 80% overlap

Figure 18. Examples of three categories overlaps. From the left, less than 40% overlap, 40% to
80% overlap and more than 80% overlap.

3.3 Dataset analysis

This section will describe this dataset's height, width, truncation, and occlusion features.
The dataset contains 5,577 instances of 4,492 trees distributed across 434 tiles. Due to the
spacing between tiles, there might be many instances of a tree, and hence, there are more trees

than trees. Figure 19 depicts a tree that has been truncated into two tiles.
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Figure 19. BEV image of truncated tree example. The tile splitting causes the trees to be divided
as well into multiple tiles as can be seen on the left figure. The red dots are representing trees. The
tree boundaries are captured in the boxes as can be seen on right with BEV image from the top.
The horizontal line in the middle is the border for the tiles.

3.3.1 Heights

As shown in Figure 20, 78.79% of the trees are within the range between 4 to 14 meters
in height. There were only a small number of trees that are smaller than 2 meters. Overall, the
distribution of tree heights was normally distributed. Considering most of them were artificially
planted or well-managed by York university, it is understandable that there are not many trees
that are outliers. However, it generates a different problem for DCNN based 3D object detection
algorithms. As it is evident in Figure 20, there are not enough training sample in the dataset, that
are shorter than 4 meters or taller than 18 meters. Hence, the network does not have enough
training sample to learn about such trees.

For example, overall recall score for test set from PV-RCNN++ model with loU
threshold of 0.3 was 0.78. However, for the trees that are shorter than 4 meters, the recall score
was 0.46. Also, recall score for the trees that are taller than 18 meters was 0.66. Therefore, the

trees that are outliers were harder to detect.
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Figure 20. Tree height distribution graph.

3.3.2 Sizes

The size of a tree was calculated by the width and the length of the bounding box that
covers a tree watershed from BEV, which generated the sizes of trees in m2. Unlike the height
distribution, it was more positively skewed in size as shown in Figure 21.

Also, as it was discussed in section 3.3.1, it is hard for the models to detect the trees that
are outliers in the dataset. Hence, there was a need to figure if there is linearity between two
characteristics of trees: height and size. It was hypothesized that the tree's size would also
increase if a tree's height increased. To confirm this hypothesis, R? value was calculated between
the height and size of each tree. The result can be observed in Figure 22. Unlike the hypothesis,
there was not a strong enough relationship between the height and the size of trees; the R? value

was only 0.26, which is not enough to confirm there is a relation between the two characteristics.
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Tree size distribution [m?]

25.00%
20.00%
15.00%
10.00%
Deosw
0.00%
0-25 25-50 50-75 75-100 100-125 125-150 150-175 >175
ETotal 21.45% 23.70% 18.27% 12.00% 8.86% 5.06% 3.91% 6.76%

Figure 21. Tree size distribution graph.
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Figure 22. Tree size vs height distribution graph.

3.3.3 Occlusions
Occlusion of tree was calculated by dividing overlapped area of a tree by overall size of a

tree. The range between 0% and 10% occlusion accounted for around 35% of all occurrences,
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but the distribution of other ranges was uniform. As depicted in Figure 23, this indicates that

most trees did not significantly obstruct each other.

Occlusion distribution [%]
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Figure 23. Tree occlusion distribution graph.

The initial hypothesis about the occlusion level was that if it a tree is more occluded, it
would be harder to be detected. For example, the recall score for test set from PV-RCNN++
model with loU threshold of 0.3 for the trees has less than 30% occlusion level was 0.70.
However, for those trees that has more than 70% occlusion level, the recall score was 0.34 that is

significantly lower than the prior case.

3.4 Summary

In this chapter, novel dataset called YUTO Tree-5000 was presented. Initially the reason

why it must have been built was revisited, which was briefly discussed in the previous chapter.
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YUTO Tree-5000 dataset was carefully designed to capture the most realistic scenes of urban
environment. Hence, it utilized the most optimal ALS collected point cloud data and fused with
the field collected data which was human collected. The process of amalgamating tree inventory
information with ALS tree data was proceeded semi-automatically with multiple human
inspection point still intact. Inevitably, the performance of DCNN based object detection
algorithms are bounded to what it was given to be trained with. Hence, this novel dataset was
analyzed in different aspects such as height, size, etc. for acknowledging how they may affect the

predictions from the detection algorithms.
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Chapter 4.

Baseline networks

As it was discussed in the previous chapters, two-stage method is often considered to
have better accuracy than the One-stage method in regression and classification confidence. The
reason we refer to these networks two-stage method is that in the first stage, it generates
bounding box proposals. And in its second stage, it pools features, classifies them, and refines
box regression through another network. There are two different ways of generating these
features. One is to extract them from the feature maps of the backbone networks e.g., Voxel
RCNN [66]. Another is to encode directly from the raw point cloud itself e.g., STD [49],
PointRCNN [50].

There are different arguments from researchers to assert the necessity of the second stage.
Among such claims, a couple are dominant. One of the most common arguments is that features
may recover their lost positional information. The extracted features sometimes lose its
positional information by various procedures such as voxelization, striding, etc. the claim is that

the second stage may help it to retrieve. The other is the misalignment between the confidence
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map and localization accuracy. It is because the classification and the regression are operated in
the two different branches. Hence, they may not align correctly with another. Later argument is
not often used in the ICTD, since the field is yet new to the method, the most concern is still at
the detection of trees. Such arguments are often braced by the increase of detection accuracy
which brought from the implementation of the second stage.

Some argues that the second stage is not necessary to achieve the optimal accuracy. For
example, the authors of the Voxel RCNN assert that utilizing voxel-based features can achieve
the same level of positioning accuracy without fusing the point-based features [67]. Also, some
argues one stage structure can produce accurate enough localization to match the two-stage
structure, since the benefit of having two-stage structure is that refinement of classification and

enhancing regression [68].

4.1 One-stage networks

For the one-stage network testing, Pointpillars [69] and SECOND [62] were selected for
the testing. Even though the VVoxelNet [44] was not including for the testing in this specific
paper, it needs to be mentioned. The later one-stage networks inherited many ideas from the
general structure of the VoxelNet [44]. As its name suggests, it utilized voxels from the raw
point cloud. It extracts features through 3D convolution. Since the domain is in 3D, the process
is computationally expensive because point cloud is sparser than in 2D. Thus, SECOND [62]
utilizes 3D sparse convolution to compensate the slower processing time of 3D convolution. To
accelerate the encoding process, PointPillars [69] encodes given point cloud into pillars in BEV,

then apply 2D CNN. The algorithm design of each network is shown in the Figure 24.
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Figure 24. Algorithm diagrams of One-stage networks. In the design diagrams, the procedures
described with green boxes are activated processes. The reason why the structures are similar is
that they branched out from the same backbone model structure. This allowed the researchers could
generate different models more easily and efficiently [44], [62], [66].

There are other well-acknowledged networks in this category, that were not tested with
YUTO Tree-5000 dataset. Confident loU-Aware Single-Stage object Detector (CIA-SSD) [70]
utilizes loU prediction branch and executes the post-processing to include localization accuracy
to confident scores. Also, there is AFDet [59] network, which was the Waymo dataset [21]

contest winner of 2020.
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Figure 25. Algorithm diagram of CIA-SSD. This shows this pipeline of CIA-SSD model, the
model has different approach in the frameworks comparing to the models described in the Figure
24. The procedure is to encode the input, feature aggregation for feature extraction and then feeds
it to the multitask head for the object classification and localization. Hence, in the essence the
approach of One-stage is evident, which is the same as others mentioned previously [70].

4.2 Two-stage networks

For the two-stage network testing, POintRCNN [50], Part-A2 [45], Pyramid R-CNN [71],
VoxelRCNN [66], PV-RCNN [72] and PV-RCNN++ [73] were selected.

As it was discussed in the previous sections, there are three popular streams based on the
representation of points of interest: point based, voxel based, point and voxel based. Point based
methods treat the sampled point clouds as Points of Interest. e.g., POintRCNN [50], STD [49]
Voxel based methods use the voxel points from 3D CNNs as Points of Interest e.g., Part-A2 [45],
Voxel R-CNN [66]. And lastly, point and voxel based methods use the key points that encode the

whole scene as Points of Interest. e.g., PV-RCNN [72], PV-RCNN++ [73].
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Figure 26. Algorithm diagrams of two-stage networks. The way they are described follows the
same rule as in Figure 24 [50], [72], [73].

Many concepts and ideas were naturally inherited from 2D object detection algorithms to
3D object detection algorithms. Fast R-CNN [53], which later evolves to Faster R-CNN [54],
suggested a concept of two-stage detection that the network generates Rols in the first stage, then
in the second, it refines what was predicted in the first stage.

PointRCNN [50] brings the Region-based Convolutional Neural Networks [74] method,
which is predominantly utilized in 2D domain, to 3D domain. Point RCNN utilizes PointNet++
[63] with multi-scale grouping as a backbone network to generate 3D bounding box proposals
then such proposals are pooled to the second stage to be refined. Point RCNN [50] countered the

problem of pooling more than one proposal for one area of point clouds, meaning generating
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different proposals for one points group. Because of this problem, the encoding of the geometric
information of these proposals would not be possible.

Hence, Part-A2 [50] proposed a point cloud pooling module to solve this problem. The
proposed module eliminates the ambiguity while conducting region pooling. The same problem
was handled differently by PV-RCNN [72]. It summarizes voxel-wise feature volumes at
multiple neural layers with learned points into sets of key points. These sampled key point
features are aggregated to the Rol-grid points.

Unlike PV-RCNN [72], Pyramid R-CNN [71] utilizes the Rol-grid pyramid to eliminate
the sparsity of point cloud problem by extensively collecting points of interest for each Rol. PV-
RCNN++ [73], which is a more improved version of the original PV-RCNN [72], operates
vector-pooling procedure to collect the key point features from various orientations. VVoxel
RCNN [66] suggested the voxel Rol pooling method, which directly extracts Rol features from
the 3D feature volumes instead of point features.

There are other popular two-stage networks that were not tested with our dataset. For
example, CenterPoint [61] proposed a new pooling module, which samples five key points from
BEV features using bilinear interpolation. RSN [60] proposed a different two-stage method that
suggests foreground segmentation as a first stage to sparsify the point clouds, boosting the

efficiency of the second stage sparse convolution.
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Figure 27. Algorithm diagrams of CenterPoint. It uses a standard 3D backbone for extracting
features, then, a 2D CNN detection head finds the object centers and regress them to 3D bounding
boxes. The prediction is for extracting point features at the 3D centers of each face of the estimation
that is pushed to Multilayer Perceptron (MLP) procedure. This is a classic example of two-stage
style detection algorithm. [61]

Network Structure Point . A_\r_whqr
representation utilization

SECOND [62] One-stage Voxel Anchor
PointPillars [69] One-stage Voxel Anchor
PointRCNN [50] Two-stage Point Anchor Free
Part-A2 [45] Two-stage Point & Voxel Both
PV-RCNN [72] Two-stage Point & Voxel Anchor
Pyramid R-CNN [71] Two-stage Point & Voxel Anchor
VoxelRCNN [66] Two-stage Voxel Anchor
PVRCNN++ [73] Two-stage Point & Voxel Both

Table 3. List of baseline networks. For baseline network testing, eight SOTA networks were
selected, and they were utilized for validation and testing of the YUTO Tree-5000 dataset.
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4.3 Ablation studies

As is shown in Table 3, the selected networks were carefully selected due to their
characteristics that were discussed in previous chapters such as the existence of the region
proposal stage, pre-defined anchor boxes, etc.

Also, many of them could be trained upon the same platform of OpenPCDet [75], which
reduced the time of environmental setups for each network requires. For the evaluation of the
dataset and comparison among different types of these eight networks, the settings of the
networks such as the maximum number of voxels or number of proposals were set to be the

same. This will be discussed more thoroughly in the following.

4.3.1 Performance metrics

Before discussing more details of ablation studies, the performance measuring techniques
that were utilized to compute the accuracy must be described first. For analyzing the results from
each test, either Average Precision (AP), F1 score, or both were computed. To understand these
metrics, confusion matrix needs to be referred first. Confusion matrix one of the most popular
measures to solve classifications. It is often utilized not only for binary classification problems,
also for multiclass classification problems as well. In the case of the individual single tree
detection, binary classification method is used, and an example of a confusion matrix is as shown

in Table 4.

Predicted

Negative Positive

Negative | True Negative (TN) | False Positive (FP)

Ground
Truth

Positive | False Negative (FN) | True Positive (TP)

Table 4. Confusion matrix
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Confusion matrices is based on the values of predicted and ground truth which often
considered as actual reality. The TN represents the number of negative examples classified as
negative, which are correct predictions. Similarly, TP indicates the positive examples that are
classified positive, which are again correct predictions. Then, FP is for the number of negative
ground truth object that are classified as positive, meaning prediction is made wrongly. FN
stands for the positive ground truth objects classified as negative, meaning no prediction was
made for the existing ground truth object. While establishing these measures, they are often

elaborated to more advanced measures of precision, recall, AP and F1 scores.

Equation 3. Precision, Recall and F1 score equations

Precision = TP Recall = TP Fl= 2x Precision X Recall

TP + FP’ TP+ FN’ Precision + Recall

The methods to calculate the precision and recall values are as in Equation 3. Precision is

defined as the number of TP over the sum of the numbers of TP and FP, answering the question
of out of all predictions, how many of them are correct. Recall is defined as the number of TP
over the sum of the numbers of TP and FN, answering the question of out of all ground truths,
how many of them are predicted. Then, F1 score is defined as in Equation 3. The F1 score
presents the harmonic mean of Precision and Recall, calculating the average of precision and
recall values. Hence, the F1 score would be high when both precision and recall are high and
vice versa, when only one of them are high, the F1 score would remain as a medium.

To define the term AP, the precision-recall curve needs to be discussed first. When a

prediction is made, it generates the conditional probability. The greater the probability, the more
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confidence the model have towards its predictions. To generate the end predictions, an algorithm
needs a threshold of this probability to decide if the generated prediction is valid enough to be
the final prediction. This is where the user defines the threshold of how confident it should be to
make end prediction. The smaller this threshold is, the higher the number of predictions will be
made, and the lower the chances that the ground truths will be missed, resulting there will be
higher recall values. In the opposite cases, when this confidence threshold is set as high, the
predictions will be made with higher confidence, resulting there will be higher precision values.
As mentioned in the previous paragraphs, it is ideal for the algorithm to achieve both high
precision, and high recall. However, a detection algorithm, in most cases, cannot have both.
Hence, there exists a tradeoff between precision and recall based on the confidence threshold that
was decided by the user.

Here is where a precision-recall graph is often utilized. It plots the value of precision
against recall for different confidence threshold values to help the user. A precision-recall curve
is a graph with Precision values on the y-axis and Recall values on the x-axis. A good curve is
when it has greater area under curve. As in the examples in Figure 28, the detection algorithm

with the blue line has better performance than the one with the green line.
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Figure 28. Precision-recall curve example. Retrieved from [76].

Therefore, the choice of what confidence value would be utilized is completely up to the

user, which can be difficult and subjective.

Equation 4. Average precision equation

k=n-1
Average Precision (AP) = Z [Recall(k) — Recall(k + 1)] X Precision,

k=0
n = confidence threshold value

Here is where average precision performs an important role as an indicator which
removes the dependency of selecting the confidence threshold value. Like the area under the
precision-recall graph, which was discussed in the previous paragraph, AP is another way to
summarize this curve into a single value between 0 and 1. AP score is calculated as in Equation

4.
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4.3.2 Dataset setting

First, the data from multiple flight paths were merged, then split into 60 m by 60 m data
tiles. 1deally, relaying the entire scene as a one feed would be the best, however it is not an
executable option due to hardware capacity. Thus, the optimal size of tile was calculated to feed
the data to the algorithms, which was 60 m by 60 m. Second, truncated trees at the edge of the
tiles were included in the datasets to allow the detection of partial trees. Also, any bounding
boxes that were less than 1 m? from BEV POV were removed, which was generated during the
tiling process. In the end, 5577 3D bounding boxes were generated, including the partial trees.
Third, vegetation points classified but not included in the bounding box in were removed. This
was caused since there were missed trees during the field survey. It was necessary not to include
these non-labeled trees in the dataset because it may confuse the networks. Forth, we normalized
the height of the data with LAStools [64] to fulfil the assumption that the base bounding box
height is equal to O for the networks. Finally, we split our data tiles randomly into training
(80%), validation (10%), and test (10%) datasets. The ratio for the training set would be
increased to have better accuracy, however the total amount of annotated data that we had was
not enough to increase the training set ratio further than 80%. Hence, the ratio was chosen as
80:10:10.

All experiments were either conducted on the OpenPCDet [75] or a modified version of
the platform. Unless specified, the default hyperparameters were applied as the KITTI dataset

[19] using the OpenPCDet toolbox [75].
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4.3.3 Maximum number of voxels

Most baseline models assume that point cloud data is sparse because it would be acquired
from a mobile platform, e.g., the KITTI dataset. Hence, many detection networks seek effective
sampling methods for boosting performance.

Conversely, YUTO Tree-5000 dataset was acquired through an airborne platform, which
makes the dataset much denser. To illustrate the differences, Figure 29a shows an example of
KITTI data in BEV and Figure 29 b shows an example of YUTO Tree-5000 in BEV angle. In
this example, 5.3% and 96.6% of the pixels contain ALS points in Figure 29a and Figure 29b.
Due to this difference, the more voxels being utilized for the voxel-based networks, the better
results were generated. Table 5 illustrates the differences between the default and the maximum
number of voxels resulting in different loU. Experiments were set to utilize the maximum

number of voxels that GPU memory allows, 57600 for PointPillars [69] and 150000 for others.

7 (b) : Normalized

2% point density

255

496 pixels . 240 pixels

Figure 29. Point density visual comparison. Point cloud visualization from each dataset: (a) an
example of BEV of KITTI dataset (b) an example of YUTO Tree-5000.
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Maximum number of voxels AP AP

Train Test (loU =0.3) (loU =0.5)
4300 (7.5%) 10700 (18.7%) 0.695 0.532
57600 (100%) 57600 (100%) 0.756 0.594

Table 5. Voxel utilization comparison. Validation Results from the default set number of
maximum number of voxels used and 100% utilization of voxels.

4.3.4 VVoxel size

As it was discussed in the previous section, utilizing well-optimized voxels is a critical

aspect for certain networks which has voxels as the points of interest representation. As it is

important to utilize the most effective number of voxels, utilizing optimal voxel size is critical as

well. At the stage where the network transforms points into voxels, there are several parameters

that can be manipulated: voxel size, the maximum points per voxel, and the maximum number of

voxels. Four scenarios were set to be tested:

1.

Case with the identical setting as KITTI [19]
Case with initial custom configurations
Case that elaborated from the initial custom configuration with a larger voxel size

Case that elaborated from the initial custom configuration with a smaller voxel size

The specifics of the configurations are illustrated in the Table 6. For each case, three

experiments were executed. As the results are shown in the Table 7, the best results are from the

third case which utilized all pixels in the pseudo image. Hence, the network testing inherited

such a configuration from this experiment.
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Maximum Average Pseudo

. Max points number of .
Case Voxel size non image
per voxel voxels 26108 size
Train  Test
1 [0.1875, 0.1875, 32] 32 16000 40000 93616.40 320 x 320
2 [0.25, 0.25, 32] 250 20000 40000 54423.20 240 x 240
3 [0.3,0.3, 32] 32 36864 36864 35742.20 320 x 320
4 [0.0625, 0.0625, 32] 15 300000 300000 342315.70 320 x 320

Table 6. VVoxel configurations for each case. 60 m by 60 m lidar tile size were utilized for all cases,
pseudo image sizes are in pixel.

- BEV 3D
ase loU 0.3 0.5 0.7 03 05 0.7
. Mean 0.667 0.594 0.447 0.528 0392  0.108

) 0.008 0.010 0.114 0.123 0016 0013
, Mean 0.660 0.579 0.339 0.608 0411 0122
SD 0.012 0.015 0.004 0.008 0.022  0.009
: Mean 0.699 0.607 0.339 0.639 0.465  0.130
SD 0.004 0.005 0.011 0.017 0.006  0.005
. Mean 0.570 0.502 0.325 0.539 0373 0.098
SD 0.012 0.008 0.010 0.010 0010  0.012

Table 7. Results for different voxel configurations. The results shown is the mean AP for each
case. For each POV, loU thresholds of 0.3, 0.5 and 0.7 were utilized for each BEV and 3D POV.

4.3.5 Number of Proposals

As it was discussed in the beginning of this chapter, most two-stage methods use the top
100 of the RPN results when inferencing. However, with the default settings of hyperparameters,
the two-stage networks performed worse than the one-stage networks in the initial preliminary
result-generating tests. These results did not suit the expectations from the theoretical point of
view. Furthermore, from the results, it was observed that all two-stage networks had very high
precision and low recall at the default values. Naturally, it was hypothesized that if more RPN
proposals are utilized, the better the result would be. Later tests were done accordingly to this

hypothesis. Hence, RPN proposal settings were changed from top-100 to top-500, to match the
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training phase. As a result, voxel based two-stage networks could achieve better AP scores,
compared to one-stage networks. Table 8 shows the test results of voxel-based 2-stage methods

improved drastically.

Network Before: Top 100 After: Top 500
AP Precision Recall AP Precision  Recall
Part-A2 0.53 0.88 0.55 0.71 0.65 0.77
PV-RCNN 0.56 0.90 0.57 0.73 0.70 0.77
Pyramid R-CNN 0.57 0.87 0.58 0.79 0.77 0.83
VoxelRCNN 0.60 0.86 0.61 0.75 0.64 0.80
PV-RCNN++ 0.55 0.89 0.57 0.72 0.62 0.78

Table 8 Results from each network for RPN proposal adjustment. AP, precision, and recall scores
recorded with 10U threshold of 0.3.

4.3.6 Optimization

For the deep neural network algorithms, the most way of optimization methods is often
considered those which are based on stochastic gradient descent (SGD). The shortcoming of the
utilization of SGD as a hyperparameter is the learning rate. The magnitudes of different
parameters vary, resulting in the adjustment being demanded throughout the entire training
process, which makes the tuning difficult. Different adaptive variants of SGD are being utilized
in various situations, such as Adam [77], Adagrad [78], Adadelta [79] and RMSprop [80]. The
learning rate adaptations from these algorithms to different parameters are automatic, based on
the gradient statistics. Among these algorithms, the Adam algorithm was chosen for the
optimization which is for first-order gradient-based optimization of stochastic objective
functions, based on adaptive estimates of lower-order moments [77]. Adam optimizer with an
initial learning rate of 0.0003 and weight decay of 0.0001 was utilized for the testing of all
networks. According to the learning speed of the baseline networks, the training was stopped

learning up to 100 or 200 epochs.
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4.3.7 Postprocessing

Non Maximum Suppression (NMS) procedure functions as the eliminator of the
overlapping bounding boxes. During NMS procedure, it compares the confidence value of each
prediction candidates. If the prediction that does not have the maximum confidence level has
more value of loU with the prediction with the maximum confidence than the set threshold, it
would be considered as duplicates. Therefore, these duplicates would be deleted from the list of
prediction.

The default NMS value was set for the objects that generally do not overlap. Hence, the
value was set to be low for generating accurate predictions for such object. However, in the
YUTO Tree-5000 dataset, many overlapped trees were gathered as a cluster, making the default
NMS threshold was too low for trees. Tree clusters were detected as 1 TP at default NMS,
resulting in many FNs. Hence, we increased the NMS to 0.4 to retain some of these overlapping

trees.

4.3.8 Anchor size

The trees in YUTO Tree-5000 dataset varies in size. This size variation directly affected
determining the number of anchors and their sizes. The initial hypothesis was that if the network
utilizes more anchors, the better detection results would be achieved. Hence, 1 to 5 anchors were
tested for the dataset where anchor sizes were derived from K-means++.

In computational geometry, the K-means clustering [81] is one of the oldest and most
used approach. It describes the question of when there is a given an integer K and a set of n data
points in R and decide which integer K would be the optimal to minimize the total squared
distance between each point and its closest center. The K-means++[82] slightly differs from this

original K-means. Instead of randomly selecting the initial value of the K centroids, it rather
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selects one initial centroid randomly and successively chooses centers until K has been finally
chosen. Then the data points are chosen as a new centroid with a probability, which is
determined by a potential function that depends on the distance from already chosen centers.
For this testing, sizes of anchors were set as:
e K=1:[7.18, 6.86, 9.07]
o K=2:[5.08, 4.79, 6.58], [9.65, 9.29, 11.99]
o K=3:[4.59, 4.21, 5.51], [7.24, 7.09, 10.47], [11.78, 11.22, 12.81]
o K=4:[4.39, 3.79, 5.31], [6.96, 7.55, 8.68], [12.06, 11.75, 12.52], [ 7.84, 6.34, 13.27]
e K=5:[4.02, 3.46, 4.69], [6.03, 6.00, 7.93], [8.98, 9.66, 10.19], [7.71, 6.21, 13.50], [13.24,
12.37, 13.62]
The test results in the Table 1Table 9 show that two anchor sizes [5.1,4.8,6.6] and

[9.7,9.3,12.0] should be used. Then these values were applied to all anchor-based networks.

Number of K BEV 3D

umber o AP Precision Recall AP Precision  Recall

Default (2) 0.62 0.88 0.63 0.60 0.86 0.61
1 0.77 0.78 0.81 0.74 0.76 0.78
2 0.75 0.74 0.79 0.73 0.72 0.77
3 0.71 0.75 0.75 0.70 0.74 0.74
4 0.71 0.75 0.73 0.68 0.73 0.71
5 0.68 0.73 0.71 0.66 0.72 0.70

Table 9. Results from each number of K. Voxel-RCNN was selected for this testing because it had
best results from the preliminary testing. loU threshold of 0.3 was applied for this testing.

4.4 Experimental results

From the Table 10, Table 11 and Figure 30, it was observed that the difference between
BEV AP and 3D AP was small, indicating it was easier to predict values according to the z-axis

and, therefore, more essential to find the methods to predict accurate BEV bounding box.
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The only point-based network, PointRCNN [50], performed the worst for tree detection
for both BEV AP and 3D AP. This was because it draws sample points randomly, making the
input data structure very sparse. Unlike instances such as cars and bicycles in the dataset created
for autonomous driving, trees often overlap. To compare the prediction performance concerning
overlap (occlusion), Figure 31 shows that the higher the overlap ratio, the FN is being predicted,

that is, a drop in recall.
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0.1 0.78 0.78 0.49 0.80 0.79 0.91 0.82 0.81
0.2 0.76 0.74 0.47 0.78 0.78 0.89 0.80 0.79
0.3 0.72 0.72 0.45 0.75 0.76 0.84 0.77 0.75
0.4 0.66 0.67 0.41 0.69 0.71 0.74 0.73 0.69
0.5 0.60 0.60 0.33 0.62 0.64 0.64 0.67 0.63
0.6 0.48 0.49 0.24 0.49 0.54 0.51 0.56 0.51
0.7 0.34 0.35 0.14 0.39 0.41 0.39 0.43 0.37
0.8 0.21 0.19 0.05 0.25 0.24 0.24 0.29 0.22
0.9 0.07 0.04 0.00 0.08 0.07 0.08 0.10 0.07
Table 10. BEV AP scores from each network. The best results were bolded.
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0.1 0.77 0.76 0.48 0.79 0.79 0.90 0.81 0.81
0.2 0.73 0.73 0.47 0.76 0.76 0.86 0.79 0.78
0.3 0.69 0.68 0.42 0.71 0.73 0.79 0.75 0.72
0.4 0.62 0.60 0.34 0.65 0.67 0.68 0.70 0.64
0.5 0.53 0.52 0.27 0.56 0.58 0.56 0.60 0.55
0.6 0.41 0.39 0.17 0.44 0.47 0.45 0.49 0.43
0.7 0.29 0.24 0.08 0.33 0.35 0.33 0.36 0.31
0.8 0.15 0.08 0.01 0.20 0.18 0.19 0.21 0.17
0.9 0.03 0.00 0.00 0.03 0.03 0.04 0.01 0.02

Table 11. 3D AP scores from each network. The best results were bolded.
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Figure 30. BEV and 3D results graphs. AP at different loU threshold for 8 networks at (a) BEV
and (b) 3D.
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Figure 31. TP and FN distribution among different levels of 1oU. True positive (TP), false negative
(FN) distribution with different tree overlap (occlusion) ratio at loU >0.3. This specific result was
extracted from the PointPillars [69] results.

Table 12 is showing visualizations of the predictions that were generated from each
network. It shows for all three different categories of occlusions which are less than 40%, 40% to
80% and more than 80%. Trees in less than 40% example are easy be detected because they are
well separated while there are no external objects such as buildings or no elevation among trees.
40% to 80% example contains 4 trees that are moderately overlapping each other. Lastly, more
than example for 80% has 3 trees mangled with each other, there is a large tree in the middle and

2 other trees are under the canopy of the large one.
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Less than 40%

Occlusion levels

40% to 80%

More than 80%

PointPillars

SECOND

Part-A2

VexelRCNN

66



PV-RCNN

PV-RCNN++

PointRCNN

Pyramid R-CNN

Table 12. Prediction visualization from each network at different occlusion. The green boxes are
the generated predictions, and the blue boxes are the ground truth.

4.5 Summary

YUTO Tree-5000 dataset is unique in many ways. It includes annotations for trees with

varying degrees of occlusion. Occlusion ranges from zero intersections to a high degree with
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other objects and intersect with other trees. Also, it is much denser than other popular MLS
collected point cloud dataset. Therefore, the structures of baseline networks were reviewed
carefully in terms of one-stage and two-stage networks. Also, many ablation studies were
proceeded to optimize the performance of each network to compare the quality of predictions of
the models correctly. Finally, the benchmark was properly assessed using eight detection
networks. The experiments identified two best performing networks, Pyramid R-CNN and
VoxelRCNN, under different loU thresholds. Also, two-stage detectors generally performed
better than one-stage due to the refinement of the second stage. This results directly connected to

the following chapter of developing custom network module for improved prediction results.
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Chapter 5.

Volumetric module

5.1 Motivation

As was discussed in the previous sections of Ablation study, specifically under the anchor
size, the proper utilization of anchor boxes is critical to certain detection networks. As it was
proven in the experimental results section of the previous chapter, a network with two-stage
structure with an anchor box approach generated better detection results than the others. Also, it
was proven that the utilization of many different sizes of anchor boxes does not benefit the
results, which was shown in the Anchor size part of the Ablation studies section (Table 9.

Results from each number of K of section 4.3.8 Anchor size). Hence utilizing a well-designed

anchor box size is the optimal way for the given structures of the networks. For example, in this
paper, K means ++ was utilized to calculate the most efficient anchor box size. This approach is
logical for the networks that have been tested due to the detection goal for them being detecting

objects for autonomous driving applications.
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However, as it was discussed throughout this entire paper, the object that | pursue to
detect is very different than those of the conventional autonomous driving applications. Applying
single or a few accurately selected sizes of anchors are adequate for those objects such as cars,
humans, or traffic objects since such targets do not vary much in their sizes. As was shown in
section 3.3, the trees in YUTO Tree-5000 dataset vary from 2 meters to 20 meters in height.
While 63.42% of trees are under 75 square meters in size, but also 3.76% of trees are larger than
175 square meters.

The limitation of anchor size may seem to be simple to engineer to solve, which can be
utilizing anchor free network rather than anchor based. Hence the hypothesis of anchor free
algorithm would generate better predictions than the counterpart was set to be proven. However,
the best score was not from the anchor-free algorithm, nor it did show any other benefits of being

anchor-free. These results initiated the motivation of this chapter specifically.

5.2 Preliminary testing

Firstly, conducting tests for proving the existence of a such problem was necessary.
Pyramid R-CNN [71] was selected as the baseline network for this testing, because of its
superior performance among other networks which was proven from the previous test of the
YUTO Tree-5000 dataset, as shown in both Table 10 and Table 11. Also, it is with two-stage
structure and utilizes anchored based methods which perfectly suits the purpose of the testing.
This testing of different anchor sizes further than just generating detection scores was outlined to
prove that there are differences among the detection results from different anchor sizes for
different sizes of trees. The initial detection results from different anchor sizes are shown as in

Table 13. The difference among scores from different anchor sizes was notable for further
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analysis. Overall AP scores decreased as the anchor size increased, while precision scores
increased, and recall scores decreased. On the other hand, F1 score sustained its level throughout

the different sizes.

Anchor BEV 3D

size AP Precision Recall F1 AP Precision Recall F1
5,5,15 0.67 0.65 0.71 0.68 0.56 0.57 0.62 0.60
5,5,20 0.65 0.64 0.70 0.67 0.57 0.58 0.63 0.60
5,5,30 0.65 0.63 0.71 0.67 0.57 0.57 0.64 0.61
9,9,15 0.62 0.67 0.66 0.67 0.53 0.59 0.58 0.59
9,9,20 0.60 0.74 0.64 0.68 0.52 0.66 0.57 0.61
9,9,30 0.62 0.68 0.66 0.67 0.53 0.60 0.58 0.59

13,13,15 0.56 0.75 0.60 0.66 0.51 0.70 056  0.62

13,13,20 0.56 0.76 0.59 0.67 0.50 0.70 054 0.61

13,13,30 0.54 0.74 0.57 0.65 0.47 0.66 0.51 0.58
Table 13. Detection results from different anchor sizes. Pyramid R-CNN was selected for this
testing because it had best results from the preliminary testing. loU threshold of 0.5 was applied
for this testing.

However, it was not evident enough to conclude that there were meaningful differences
among the results. Hence, the results were analyzed further regarding the heights of the tested
trees and the predicted loU of each. The Figure 32 and Figure 33 show the outcome. As the
figures present, there are disparities among results from different anchor sizes. When the selected
anchor size gets larger, the prediction loU increased as the testing tree heights get increase. In
other words, if the set anchor size is too big, the network experienced difficulties in detecting

smaller trees and vice versa.
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IoU vs tree heights, Anchor size [5,5,15]
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Figure 32. Tree heights vs detection loU with anchor size [5,5,15]. The tree sizes are divided into
9 ranges and the number of detected instances is recorded in the chart within.

loU vs tree heights, Anchor size [13,13,30]
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Figure 33. Tree heights vs detection loU with anchor size [13,13,30]. Same criteria as the previous
figure.
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5.3 Methods

With problem acknowledgment of anchor sizing proven by the previous testing, it is
evident that improving the regression method would also help the overall results. Instead of
overhauling the entire regression procedure, improving the loss function was chosen as a proof
of concept. Before portraying the improved loss function design, the original method that was
used for the baseline algorithm must be discussed.

The selected baseline algorithm, Pyramid R-CNN [71] utilizes the smooth L1 loss as its
loss function. The smooth L1 loss concept is one of the most widely adopted methods for
regression for object detection algorithms, regardless of whether the domain is based on 2D or
3D. The smooth L1 loss was originally proposed with the Fast R-CNN [53], making its bounding

box regression more robust compared to the L2 Loss which is much stricter than the L1.

loss

Ioss

x (error) : ' : ) ' ) : " xerron

Figure 34. The visualizations of different loss functions. L2, smooth L1, and smooth Ln are shown,
and the L2 function uses the same coefficient of 0.5 with smooth L1 [83]

Even though it was proposed almost a decade ago, it is still being utilized by many state-
of-the-art networks. Among 2D detection algorithms, Faster RCNN [53] and Detectron2 [84]
which is a library of the Facebook Al Research team that provides state-of-the-art detection and

segmentation algorithms that succeeded Detectron [84] and Mask R-CNN benchmark [27].
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Among 3D detection algorithms, Pyramid R-CNN [71] and PV-RCNN++ [73] still utilize
smooth L1 loss and many other networks such as CIA-SSD [70] include this smooth L1 loss as a
part of the total loss function.

As stated earlier, Smooth L1 Loss for object detection was originally proposed in Fast R-
CNN [53]. Its role was to induce bounding box regression more robust by replacing the L2 Loss,
which is much stricter. Smooth L1-loss can be interpreted as a mixture of traditional L1-loss and
L2-loss. Its behavior is dictated by the absolute value of the argument. When it is high, it
functions as the L1 loss. When the absolute value gets near zero, it behaves as L2. This can be

proven in the following equations in the Equation 5.

Equation 5. Smooth L1 loss equation

Ix], if 11> B; %52, if 18] < &;

Ll;smooth = i 2 1 < ’LS(B) = 1
TR if Ix| < B 5(|5|_§5), otherwise.

Left function represents smooth L1 loss function while the right represents Huber loss function.

B is a hyper-parameter, which generally taken as 1. 1/B appears near x? term to make it
continuous.

Hence, the focus of this implementation is to develop and design a regression algorithm
that can expand and shrink the set anchor boxes more effectively and efficiently by add feature
of the learnable weight for regression algorithms. The objective would not be to replace the
existing smooth L1 loss implementation entirely. Rather, modification of it would be more
focused. While executing this, the results of implementation would be the proof of the concept

that allow this concept would expand further.
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5.4 Implementation

Before implementation, the previous implementation of L1 loss function needs to be
shown. The way to implement the smooth L1 loss is countless, since it is not a distinctive

method which allow a few ways to execute.
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Figure 35. Algorithm diagrams of Pyramid R-CNN. The framework of Pyramid R-CNN. It claims
to that it can adapt to diverse backbones such as point based, or voxel based. It takes the form of
two-stage detection algorithm. In the first stage it uses its backbone for generating proposals and
Point of interest, then in the second stage, it proposes the pyramid Rol head which can be applied
upon the 3D proposals and point of interest.

There is the original implementation from the Fast RCNN [53], but it is generally
considered as outdated since it was first implemented nearly a decade ago. One of the most
popular ways of implementing this smooth L1 loss function is from the Al team of the Facebook
group [84], also loss functions of the OpenPCDet borrows this method as well [75]. The
following code-wise example shown in figure 36 is the original smooth L1 loss function from the

Pyramid R-CNN network [71].
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1. class WeightedSmoothL1lLoss(nn.Module):

2

3 def __init__ (self, beta: float = 1.0 / 9.9, code_weights: list = None):

4.

5. super (WeightedSmoothLlLoss, self).__init_ ()

6 self.beta = beta

7 if code_weights is not None:

8 self.code_weights = np.array(code_weights, dtype=np.float32)

9. self.code_weights = torch.from_numpy(self.code_weights).cuda()

10.

11. @staticmethod

12. def smooth_11_loss(diff, beta):

13. if beta < 1le-5:

14. loss = torch.abs(diff)

15. else:

16. n = torch.abs(diff)

17. loss = torch.where(n < beta, 0.5 * n ** 2 / beta, n - 0.5 * beta)

18.

19. return loss

20.

21. def forward(self, input: torch.Tensor, target: torch.Tensor, weights:
torch.Tensor = None):

22.

23. target = torch.where(torch.isnan(target), input, target) # ignore
nan targets

24,

25. diff = input - target

26. # code-wise weighting

27. if self.code_weights is not None:

28. diff = diff * self.code_weights.view(1l, 1, -1)

29.

30. loss = self.smooth_l11 loss(diff, self.beta)

31.

32. # anchor-wise weighting

33. if weights is not None:

34. assert weights.shape[@] == loss.shape[@] and weights.shape[l] ==
loss.shape[1]

35. loss = loss * weights.unsqueeze(-1)

36.

37. return loss

Figure 36. The original smooth L1 loss implementation. The original smooth L1 loss function that
is utilized in Pyramid R-CNN network [71], which is shared for the other numerous networks that
utilize this loss function.

As it was discussed previously, the source code for this module was based on

fvcore.nn.smooth_I1_loss from the fvcore of the Facebook research lab [85]. As it is shown in

the Figure 36, the smooth L1 loss is to be calculated as in the Equation 6

Equation 6. Smooth L1 loss equation from code breakdown
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1 2
Exﬁ, if abs(x) < B;

smoothl1(x) = ,where x = input — target.

abs(x) — > B, otherwise,

In the testing environment, for the default value of 8, 1.0 / 9.0 was used.

If the B shifts towards O, then the smooth I1 loss converges to the L1 loss. On the other
hands, if the B increases towards the positive infinite, the smooth L1 converges to a constant 0.
As the value of the [ varies, the L1 segment of the loss has a constant slope of 1 as shown in the
Figure 36. The input is the predicted location of the designated objects, while the target
represents the regression target. The difference is calculated by subtracting the target from the
input. The most critical part of this calculation is the last part where it calculates the difference
and applies the set weights. In this original module, it utilizes the code-wise weighting meaning
that the pre-defined weight is utilized to calculate the loss. Therefore, when the network
generates the prediction which is significantly larger or smaller than the ground truth bounding
box, it still utilizes the same weight for generating the loss. Such fact affects the overall
efficiency and effectiveness of the module. Hence, the goal of this modification is to penalize

such behavior to rectify the weights and make it learnable.
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1. class WeightedSmoothL1lLoss(nn.Module):

2.

3. def __init__ (self, beta: float = 1.0 / 9.9, code_weights: list = None):

4.

5. super (WeightedSmoothLlLoss, self).__init_ ()

6. self.beta = beta

7. if code_weights is not None:

8. self.code_weights = np.array(code_weights, dtype=np.float32)

9. self.code_weights = torch.from_numpy(self.code_weights).cuda()

10.

11. @staticmethod

12. def smooth_11_loss(diff, beta):

13. if beta < 1le-5:

14. loss = torch.abs(diff)

15. else:

16. n = torch.abs(diff)

17. loss = torch.where(n < beta, 0.5 * n ** 2 / beta, n - 0.5 * beta)

18.

19. return loss

20.

21. def forward(self, input: torch.Tensor, target: torch.Tensor, weights:
torch.Tensor = None):

22.

23. target = torch.where(torch.isnan(target), input, target)

24. # ignore nan targets

25.

26. diff = input - target

27.

28. # minimum iterating over the last dimension

29. axis = -1

30. # obtain the minimal values

31. min_values = diff.min(dim=axis).values

32. # reshape the minimal values for comparing itself with diff tensor

33. min_values_shape_corrected = min_values.unsqueeze(axis)

34, # generate the mask of the non-minimal elements

35. mask = (diff != min_values_shape_corrected)

36.

37. diff = diff * mask

38. diff_min = diff * mask

39.

40. if self.code_weights is not None:

41. diff = diff * diff_min * self.code_weights.view(1, 1, -1)

42.

43, loss = self.smooth_11 loss(diff, self.beta)

44.

45, # anchor-wise weighting

46. if weights is not None:

47. assert weights.shape[0] == loss.shape[0@] and weights.shape[1] ==
loss.shape[1]

48, loss = loss * weights.unsqueeze(-1)

49.

50. return loss

Figure 37. The modified smooth L1 loss implementation.
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Figure 37 is the proposed module that is after the modification of the original smooth L1
loss function. Up to calculating the difference procedure is identical with the original function.
However, after such procedure it saves the minimum iterating over the last dimension. Then, it
obtains the minimal values form the calculated difference by taking the last iteration. The
minimum values are reshaped to be compared with the difference tensor to generate the mask of
the non-minimal elements.

By implementing this feature creating a weighted regression loss function, it replaces the
traditional approach. It compares the given anchor box size with the prediction box size.
Therefore, it can be calculated that how much it is adjusting to generate the prediction bounding
box from the pre-defined anchor box size. With such calculation, it can learn how much it should

have adjusted to make the correct size of prediction rather than adjusting rigorously.

5.5 Results

The results from the modified smooth L1 loss function are shown in the Table 14.
Overall, there was significant improvement of minimum AP and F1 score increase of 1%.
Naturally, as the loU threshold increases the boost from the modification decreases. However, it
is evident that there was a noticeable escalation in the detection accuracy. The testing was
executed with Pyramid R-CNN [71] which was the most effective algorithm to detect individual
trees, that was proven from the section 4.4 experimental results of the ablation studies. Since the
network was already producing the best accuracy among other two-staged detectors, the

increment that this module may provide to other two-staged networks is well envisaged.
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Original Modified

loU BEV BEV 3D 3D BEV BEV 3D 3D

AP F1 AP Fl AP Fl AP F1
0.1 0.93 0.91 0.91 0.90 0.96 0.94 0.94 0.92
0.2 0.90 0.89 0.86 0.86 0.93 0.91 0.89 0.88
0.3 0.85 0.84 0.79 0.79 0.85 0.84 0.80 0.80
0.4 0.76 0.76 0.69 0.70 0.77 0.76 0.71 0.71
0.5 0.67 0.68 0.56 0.60 0.68 0.69 0.59 0.61
0.6 0.54 0.56 0.46 0.50 0.56 0.57 0.47 0.50
0.7 0.41 0.46 0.35 0.40 0.42 0.45 0.36 0.40
0.8 0.26 0.32 0.19 0.26 0.27 0.32 0.16 0.22
0.9 0.09 0.15 0.03 0.07 0.06 0.11 0.02 0.06

Table 14 Results from the original smooth L1 and its modified version. The test was operated with
the predefined anchor box size of [5, 5, 15] for both versions.

As it is proven in the Table 14, there was a clear improvement in the detection accuracy.
The improvement was more evident and observable when the scope was toward the individual
results from each tile. Figure 38 and Figure 39 are showing the same tile, which was ran through
both detection algorithms. There were visible proofs of improvement such as better accuracy and
less false predictions. This result shows how accurate the modified algorithm is with the tree
object. Since there is no exact comparable dataset to the YUTO Tree-5000 dataset, the most
similar dataset would be the pedestrian moderate category of the KITTI dataset. It has much less
occlusion than the trees in the YUTO Tree-5000, but it remains with fair amount of it. The best
detection algorithm for such category now is the 3D-FCT [86] with 3D AP score of 0.58 with
loU threshold of 0.5. It has lower detection accuracy than our modified network with less

complicated dataset.
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Figure 38. Detection result from the original Pyramid R-CNN. The blue boxes are the ground truth
bounding boxes and the green boxes are the predictions. The top two red circles show the
mispredictions of a single tree detected as multiple. Bottom arrow shows the parking booth

detected as a tree.

Figure 39. Detection result from the modified Pyramid R-CNN. Both circles have right amount of
tree detected and no false prediction upon the parking booth.
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Figure 40. Detection result comparison. The detection results are far better when the objects are
more clustered/occluded. The left is from the original and the right is from the modified. On the
left, the predictions are overly populated, while on the right, predictions are much more accurate
and precise. Even though it still was not able to capture all the objects in the tile.

5.6 Summary

In this chapter, a novel volumetric module that improves the detection results of the
baseline model. From the previous sections of Ablation study of the last chapter, the proper
anchor box utilization is one of the keys to improve the detection accuracy. There was multiple
preliminary testing of different sizes of anchor box utilization to prove the results from each
different size of anchor boxes are generating different accuracy according to the size of the
object. Hence, the objective was to implement a regression algorithm which expand and shrink
the set anchor boxes more flexibly by proposing the learnable weight concepts. As it was shown
in the results section, the overall prediction accuracy had significant improvement from the

implementation of this volumetric module.
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Chapter 6.

Conclusion and Perspective

6.1 Conclusion and main contribution

Traditionally, the task of detecting or categorizing individual trees in a certain area was
done by human eyes with the manual process that is often time-consuming, laborious, and
sometimes dangerous. There were many attempts to automate the detection process of trees in
different domains in forestry. Since the 1990s, when the ALS collected point cloud data was
introduced to the field, many scientific studies found the potential of accurate tree detection of its
height and size e.g.,[87], [88]. However, the approaches relied on rather mathematical and
statistical studies and mostly focused on the domains of forests. In the 2010s, the emergence of
deep learning algorithms, especially deep learning on 3D point clouds, attracted much attention
and the strong surge of development of self-driving vehicles. Several publicly available datasets
are also released, such as Semantic3D [23], ApolloCar3D [89], and the KITTI Vision
Benchmark Suite [19], [25]. Naturally, there were attempts of utilizing point clouds data and

deep learning algorithms to detect individual trees [90], but the overall number is small.
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Individual trees are one of the most complex objects for 3D detection as natural objects.
First, they vary in size and shape as it was discussed in the section 3.3.1 Heights and the Figure
20. Tree height distribution graph. For example, there is a tree that is 25 meters high while other
trees that smaller than the bushes. Secondly, trees can have different occlusion levels, from
standing alone without intersection with other objects to heavily occluded with other street
furniture or other trees. Last but most importantly, the availability of the LIDAR tree benchmark
dataset is extremely limited, making training more difficult.

Almost all research on this matter uses individual datasets gathered and the process by
themselves, including the study of Brolly et al [90] was acknowledged previously. Traditionally
speaking, on top of the watershed method, there were two main-stream point cloud-based
methods. The older k-means approach was a clustering method with an iterative partitioning
approach that usually requires seed points and then partitions [91]. A newer voxel-based method
generally regards the approach that estimates crown base height after using local maximum focal
filtering from a canopy height model [92] With the voxel-based method, the loss of a portion of
geometric features would be inevitable.

This thesis presents two major achievements while pursuing the objective that stated.
Firstly, it presents a workflow for creating a single-tree benchmark dataset named as YUTO
Tree-5000 for tree detection, which was evaluated using eight networks. Existing benchmark
datasets for urban object detection do not include tree detection, and existing forest benchmark
datasets do not have publicly accessible 3D bounding box annotations. The development and
availability of this dataset not only established a critical common ground for training networks
suited for updating urban tree inventories in the community. Eight SOTA 3D detectors were

tested to verify the applicability of existing networks designed for MLS applied to ALS.

84



Secondly, it presents the volumetric module with learnable weights which helps the network
improve its detection accuracy significantly. With the help from the dataset which specifically
built for the individual tree detection, it was able to be built and tested to verify its effectiveness.
Also, the modification was based upon the existing smooth L1 loss function, meaning it can be

applied to any algorithm utilizes such loss function to improve its accuracy.

6.2 Research challenges and limitations

Due to the popularity of the application towards the autonomous driving in the industry,
it is inevitable that most of the 3D object detection research tends to gear toward such specific
domain. As it was discussed in section 1.1 in the previous chapter, the domain for the
autonomous driving and for individual tree detection remote from each other, which generates
two major obstacles for this project.

First, there is a significant lack of the existing 3D LiDAR dataset which are collected
with ALS. This leads to the problem of the incapability of comparing the YUTO Tree-5000
dataset with other dataset to validate its quality and specialty There are numerous dataset which
were collected for the forestry applications, which differs from the main goal of this project,
hence, not able to be utilized to test. There are somewhat similar datasets which were collected
with TLS [40], but these datasets are not completely available to the public. Therefore, it is
difficult to test the validity of the YUTO Tree-5000 dataset, which triggers the following
problem as well.

Second, there is a significant lack of the existing 3D object detection networks that are
either designed, or at least tested with the ALS collected dataset. This issue is directly connected

with the previous issue. It is an established fact that the design of detection network is strongly
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affected by its application and its target dataset to test with. If there is no dataset which support
certain domain, naturally, there would not be a network which is geared towards it. This lack of
networks leads to the fact that there is no availability to reference for developing a new module
of a network or an overall network. As it was stated in the chapter 5, the baseline networks that
this project is referencing has fundamental problem of them being to be expected to utilize the
MLS collected dataset. These networks still function adequately with the YUTO Tree-5000
dataset and generates appropriate prediction results. However, the usual designs and point
density boosting modules are clearly geared towards the application of autonomous driving.
Therefore, who are interested in such specific 3D object detection algorithm develop their own
dataset to test and develop their own dataset causing the inability of correlation among the

algorithm to expand and proceed.

6.3 Perspectives and future works

The YUTO Tree-5000 dataset is unique that it includes annotations for trees with varying
degrees of occlusion. It ranges from trees that have no intersections with other trees or other
things to trees with a high degree of occlusion with other objects and intersect with other trees.
Although including highly overlapped trees (up to 97% overlapped in BEV) inevitably degraded
the detection performances of baseline networks, it is essential to include these problematic cases
because they are prevalent in urban green spaces such as parks and woodlots. Akin to pedestrian
detection in crowded scenes, occlusion is one of the most complicated problems to solve for tree
detection. The decreasing detection accuracy with an increasing percentage of the overlap was
observed in the testing of this dataset. The problem solving of this occlusion can be further

pursued to accurate tree detection in areas where trees are overlapped.
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Also, this dataset is particularly valuable because it includes field data with additional
information about the trees' species, DBH, and other conditions. The annotation is built based on
fieldwork. The disadvantage of generating annotations solely based on remotely sensed data is
that the annotated bounding boxes will be biased on what can be perceived from the data rather
than capturing the reality. Especially if trees grow close to each other, prior information such as
the number and location of treetops through fieldwork will increase annotation accuracy. This
information can contribute to generate classification of the 3D object detection in the future. The
presented workflow may be applied to larger-scale annotation projects, and future studies will
include the enlargement of the YUTO 5000 Tree.

The testing results proved that the two-stage detectors perform better than One-stage due
to the refinement of the second stage. However, to achieve this, it was necessary to adjust the
NMS settings at the test stage, allowing more proposal boxes to be proposed for the second
refining stage. To improve these results, as it was presented in the chapter 5, an additional
network module was designed to improve tree detection. However, the module can be more
elaborated, for example, the smooth L1 loss function may be replaced with entirely new and
more effective loss function with other method such as focal loss [93] or Gaussian based pooling

method [94] can be utilized to add a layer.
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