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Abstract

Urban trees are critical in mitigating many negative impacts of urban areas, and
understanding the extent to which they do this requires accurately segmenting and
identifying the precise area of tree regions in a city. For urban areas represented by
aerial point cloud data, existing methods rely on datasets with eight or nine classi-
fication classes, with the segmentation performance on highly imbalanced datasets
with only two classes yet unexplored. We develop a pre-processing and data loading
pipeline and use the SoftGroup sparse convolutional neural network (CNN) library to
segment a custom urban point cloud dataset, and we explore the effects of different
training parameter values on the segmentation accuracy. From our experiments,
we are able to achieve a maximum average mIOU percentage of 72.8% on our test

dataset.
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1 Introduction

Urban trees hold a critical role in improving the livelihoods of the people who live
amongst them by mitigating the negative impacts of urban areas. They mitigate
the poorer air quality encountered in urban regions by removing pollutants from
the atmosphere [1]. Trees in urban areas also serve as a carbon sink, with 14%
of the carbon sequestration from US forests from trees in urban forests alone [2].
Furthermore, they reduce urban temperatures by mitigating the ‘urban heat island’
(UHI) effect. This effect is where a high density of artificial urban structures increases
the heat-absorbing surfaces of an urban area, causing human discomfort and increased
energy consumption [3]. Understanding the extent that urban trees provide these
benefits requires accurately identifying the total precise area and location of the tree
regions in a city. Examples include estimating the volume of carbon stored by urban
trees [4] and modelling the degree of temperature alleviation that urban trees provide
in the summer [5].

Determining the area and precise boundaries of tree regions is also critical as a
prerequisite for individual tree crown delineation (ITC delineation), which is the
delineating of tree canopies in a given tree region. I'TC delineation allows for further
analysis on forest inventory data, such as estimating the number of trees, classifying
tree species [6], and modelling tree growth. In New Zealand, this can be used to
assess the degree of degradation and restoration of indigenous forests over time.
Additionally, this application is useful for monitoring ecological threats, such as tree
dieback from myrtle rust [7] and the pathogen Phytophthora agathidicida [8].

There have been many existing approaches to identifying and segmenting trees
with satellite imagery [9, 10, 11, 12]. Satellite imagery is significantly less memory
intensive than point clouds, which are three-dimensional collections of points that
are each assigned colour values. However, there is a limitation with using satellite

imagery: raster images cannot accurately represent any overlap in points, such as a



building that partially obscures a tree (and vice versa). Additionally, point clouds
are more flexible for several further applications of semantic segmentation, including
the accurate reconstruction of the 3D shape of individual trees. Because of this, we
focus on aerial views of urban areas in the form of point clouds.

In our report, we examine the performance of using a sparse convolutional neural
network (CNN) on these 3D point clouds to segment urban areas into tree and
non-tree regions. Here, we develop a pipeline for pre-processing and segmenting
point clouds of an urban area. Additionally, we explore the use of different training
parameters, and we analyse and compare the resulting effects of different parameter
values on the segmentation output.

The organisation of our report is as follows. In Chapter 2, we discuss the concepts
directly relevant to our project. This includes light detection and ranging (LiDAR)
and sparse convolutional neural networks (sparse CNNs). We also give an overview
of the related work in the segmentation of urban areas, both in the form of satellite
imagery and 3D point clouds. Chapter 3 provides an overview of our proposed method,
as well as an overview of the dataset and convolutional neural network library used.
We discuss the results from our experiments in Chapter 4 and Chapter 5. Finally, we

conclude our report in Chapter 6.



2 Background

2.1 Light Detection and Ranging (LiDAR)

Light detection and ranging (LiDAR) is a remote sensing method that uses infrared
laser pulses to measure the elevation and 3D shape of a landscape. LiDAR is popular
as a tool for ecosystem monitoring [13], which may involve mapping the structure of
forest canopies and classifying tree species. A prominent strength of LiDAR is its
performance in high-resolution, large-scale measurement of 3D landscapes [14]. Data
collected from LiDAR sensors are usually in the form of sets of 3D points that give a
3D model of a scene. These sets are called point clouds [15], and they may be dense
or sparse depending on the sensor and location. A common approach is to combine
these points with colour information from digital images, especially in autonomous
driving [16, 17].

LiDAR was first used for tree data in the 1980s, when Nelson et al. [18] used
a pulsed laser system to determine the heights of tree canopies, and the graphs of
canopy heights were used to analyse the health of forests in Pennsylvania. There
were serious limitations with the LiDAR technology used at the time, notably that
the laser system was restricted to heights between 150-460 metres, and it could only
operate during the day.

Since then, advancements in LiDAR technology resulted in a gradual decrease
in cost. By the late 1990s, research into using LiDAR for semantic and instance
segmentation emerged, typically in the form of canopy height models [19, 20]. Canopy
height models are described in more detail in subsection 2.4.1. However, studies in
individual tree crown delineation continue to predominately use multispectral and
hyperspectral imagery as opposed to LiDAR data, due to the former being cheaper
to collect |21, 20].

From the early 2010s, as the cost of collecting LiDAR data continued to decrease,



tree delineation algorithms using LiDAR depth information became more popular.
This was because the depth information in LiDAR data was useful in allowing
researchers to avoid the challenges of determining tree crown locations from visual
appearance alone. The point clouds from LiDAR data also allowed one to theoretically
achieve higher accuracy than with raster images, because understorey trees (trees
under the canopies of other trees) and small trees could be detected [22].

LiDAR data are used for both instance segmentation and semantic segmentation.
For both instance and semantic segmentation, there are two common methods of
using the LiDAR data: the first approach is to convert the point cloud data into a
height model, which is a raster image where the colour or brightness of each pixel
represents the height at the corresponding location. An alternative approach is to

use the LiDAR point cloud data directly for 3D instance segmentation.

2.2 Convolutional neural networks

Artificial neural networks (commonly abbreviated to ‘neural networks’) are systems
that consist of nodes that roughly model the tightly interconnected neurons in the
human brain. These empower the development of systems that can complete tasks
that require identifying complex patterns, particularly in finding the boundaries of
objects in a scene, and in classifying what object or label to which something belongs.
These possibilities have made neural networks crucial for applications such as facial
recognition, identifying arbitrary objects in a scene, and playing the board games Go
and chess. An example of a neural network is shown in Figure 1; note that we only
discuss feed-forward neural networks, which are neural networks that do not contain
cycles.

A weakness of traditional feed-forward neural networks is that the nodes are
strongly interconnected. This is problematic when the input is of more than one
dimension, as the number of connections required increases in a polynomial manner.
Even in two dimensions, an image of dimensions 300 x 300 pixels and three colour
channels will require 300 x 300 x 3 connections. In addition, the neural network is
prone to overfitting, as it will identify patterns only in specific locations of the input.
For example, for an image dataset with trees in specific locations of the image, a

traditional neural network may not be able to successfully identify the trees, should



Figure 1: Example of a feed-forward neural network. The red nodes are the
input nodes of the neural network, which represent a multivariable input
from the problem we wish to solve. The green node is the output node,
which represents the final result. Between the input and output layers are
the yellow nodes, which form the hidden layer(s) and are used to identify
complex patterns that appear in the input.

they appear in locations different to the training data. To overcome both of these
weaknesses, convolutional neural networks were devised.

Convolutional neural networks (CNNs) are a form of neural network that allows the
identification of features in 2D and 3D data, such as images, videos, and point clouds.
A notable innovation in this type of network is the use of the convolution mathematical
operation, where a small, multi-dimensional kernel is multiplied across each small
section of an input. These convolutions allow the neural network to recognise features
in the images with a useful property named translational equivariance — if an object
appears in a different part of the image than expected, it will still appear as an output
by the neural network, with the only difference being its location in the output.

A typical convolutional neural network comprises three parts, which may be chained
and repeated several times to form a full network: a convolution layer, a pooling layer,
and a fully-connected layer |23]. The convolution layer performs the convolution
mathematical operation over the input, producing a two or three-dimensional feature
map. The pooling layer reduces the size of the feature map to extract the most

prominent features. For example, in a two-dimensional feature map, the pooling



layer may extract the maximum values for each local neighbourhood. Finally, the
fully-connected layer computes the maximum of the input neurons from the previous
layer.

CNNs are responsible for the performance breakthroughs in image classification and
image segmentation [24]|. Additionally, CNNs have been used to achieve state-of-the-
art results in fields such as speech recognition, object tracking, and text recognition.
In these diverse applications, many variants of CNNs have been developed to increase
performance in specific contexts. These include customised loss functions, novel data
augmentation methods, and changes to the pooling layer [25]. One such variant that
is directly relevant to our research is a sparse convolutional neural network, which we

discuss below.

2.3 Sparse convolutional neural networks (sparse CNNs)

Sparse convolutional neural networks (sparse CNNs) are one such CNN variant that
has emerged in the late 2010s to allow classifying 3D point clouds in a more efficient
way. This is possible by introducing two variants of the convolution operation — the
sparse convolution (SC) and the submanifold sparse convolution (SSC) — that ignore
areas in the 3D input that do not contain data [26]. Figure 2 contains an example
demonstrating the submanifold sparse convolution operation.

Traditionally, Sparse CNNs are most commonly applied in two contexts. One such
context is autonomous driving [27], where CNNs are used to identify or segment
various objects in a point cloud of a road. This data can be collected from modified
cars equipped with a LIDAR scanner and/or a stereo camera, which is the case with
the KITTI dataset [28]. The objects identified may include cars, pedestrians, trees,
and so on. Another context is indoor scenes [29], where there is a focus on segmenting
objects such as furniture and indoor appliances. Here, the ScanNet dataset [29] has
been released to serve as a benchmark. For both contexts, researchers such as Li et al.
[30] and Wang et al. [31] demonstrate successful results when performing semantic

segmentation using sparse CNNs.
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Figure 2: Regular convolution vs submanifold sparse convolution. Top
images: the result of applying a regular convolution multiple times. Re-
peated convolutions reduce the sparsity of the features drastically. Bottom
images: applying a submanifold sparse convolution, one of the operations
in sparse convolution, does not change the locations in the input that do
not contain data (red areas). Only the green areas are affected. Figure
from Graham et al. [26]

2.4 Related work

2.4.1 Semantic segmentation of tree regions

Existing research into semantic segmentation for urban trees typically involves a
combination of 2D satellite imagery and a canopy height model (CHM), as opposed
to point clouds. A canopy height model (CHM, also known as a digital canopy model)
comprises a 2D pixel grid where each pixel contains the height from the ground to
the top of the canopy at that location. This model is often found by subtracting the
digital terrain model (DTM) from the digital surface model (DSM) [32]. These are
two raster images derived from the LiDAR point cloud data that show the elevation
of the ground and the elevation of the tree canopies, respectively. From this raster
data, systems such as neural networks can be used to segment tree regions in an

urban area.



Comparisons to other works are difficult due to most existing research focusing
on the instance segmentation of urban trees in satellite imagery [33, 34, 11, 35] — in
other words, individual tree crown (ITC) delineation — as opposed to the semantic
segmentation of tree regions. However, in some cases, the segmentation of the tree
regions is also evaluated alongside the accuracy of the ITC delineation. For example,
Yang et al. [35] achieve a 82.3% intersection over union (IoU) with their test dataset
of satellite images of New York’s Central Park. Hao et al. [34] achieve an IoU of
76.53%-91.27% depending on the model and the data used, with the highest ToU
achieved by using a CHM and a normalised difference vegetation index (NDVI) [36]

derived from satellite imagery.

2.4.2 Semantic segmentation of urban point clouds

Performing semantic segmentation of point clouds for urban areas has gained increasing
interest by researchers in the past five years. This rise in popularity is likely made
possible by the availability of 3D airborne datasets of urban areas, which provide
a means with which researchers can evaluate their CNN models for 3D semantic
segmentation. These are the Vaihingen 3D semantic dataset from the International
Society for Photogrammetry and Remote Sensing (ISPRS), and the Dayton Annotated
Laser Earth Scan (DALES) dataset from the University of Dayton. These datasets
do not focus on solely distinguishing between tree and non-tree regions; rather, they
contain multiple classes (for example: ground, power lines, buildings) of which ‘tree’
is but one class.

Recent research into semantic segmentation of aerial point clouds rely on neural
networks of various types. This includes Wen et al. [37|, who present a global-local
graph attention convolution neural network (GACNN) that uses two types of custom
modules to analyse the spatial positions of the 3D points, achieving a 83.2% overall
accuracy across nine segmentation classes and correctly predicting 80.2% of tree
points. Yang et al. [38] also achieve a similar accuracy of 85.1% by iteratively
learning features across network layers. Rim et al. [39] opt for a variant of the
PointNet++ architecture instead of a convolutional neural network, thereby achieving
a lower overall accuracy of 76.43% with the DALES dataset.

However, a significant difference with the above approaches is that they use balanced



datasets, meaning that the numbers of points belonging to each classification class in
a dataset were roughly equal. Additionally, the datasets in use contain a large number
of classes, which would reduce any data imbalance between classes. For example, the

DALES dataset contains eight classes, and the Vaihingen dataset contains nine.



3 Approach

The goal of our research was twofold: Firstly, we aimed to examine the segmentation
accuracy when using a sparse CNN on an ¢mbalanced urban point cloud dataset
consisting of two classes. The dataset of interest was of the Wellington urban region,
and the two classes represented the tree and non-tree regions of the dataset. Secondly,
we aimed to compare the accuracy to an equivalent approach based on a Mask R-CNN
and 2D raster imagery. To this end, we applied several steps: we chose and modified
an existing CNN architecture named SoftGroup to perform the semantic segmentation

on our dataset. These steps are described in more detail below.
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3.1 Procurement and pre-processing of hand-segmented

dataset

Figure 3: An example of a tile in the Wellington region, comprising 3D points and
RGB colour values.

For our research, we had access to LIDAR-RGB data for six aerial scenes of the
Wellington region, ranging from heavily forested rural areas to the relatively tree-
sparse urban suburbs. LiIDAR-RGB is a form of 3D point cloud data that comprised
a combination of Light Detection and Ranging (LiDAR), which provided height
information in the form of 3D points, and RGB colour values for each of those
points. Each scene was approximately 1000 metres wide and 600 metres high. Due
to their rectangular and tile-like nature, these scenes are called ‘tiles’ in this report.
These tiles were ultimately sourced from Land Information New Zealand’s website at
https://data.linz.govt.nz/.

In order for this data to be useful as training and validation data for semantic
segmentation, the points that constituted the trees needed to be segmented from the
points that constituted non-tree areas, such as buildings and grass. The trees in each

of the six tiles were segmented by hand by the researchers at Manaaki Whenua. Each

11


https://data.linz.govt.nz/

tile consisted of roughly 400-1100 point cloud files representing each of the trees in
the area, as well as another point cloud file representing all of the non-tree points in
the tile.

Using this dataset as input, we created a pre-processing and data loading script
to collate and convert these point cloud files to SoftGroup’s custom input format.
This was because there were many differences between the dataset from Manaaki
Whenua (which we call the ‘tree dataset’) and the datasets for which SoftGroup was
designed, which included an dataset of 3D indoor scenes named ScanNet [29]. The
tree dataset contained roughly 5 million points per tile, whereas a typical ScanNet
tile contained approximately 200,000 points; additionally, the coordinates of the tiles
from the tree dataset were approximately 80 times larger than those of ScanNet. To
account for the first difference, our pre-processing script also split each tile into 25
subtiles. We found that splitting the tiles in this way was also critical in overcoming
memory constraints with our computer, as our computer could not process more than
1 million points at a time. The next few differences were handled by adjusting the
training configuration parameters, which involved trial and error and included the
batch size, scale, and maximum number of points to process.

The tree dataset was also notable for only containing two classes, and there was
a significant data imbalance between these two classes; in other words, one class
appeared more frequently in the tree dataset than the other. Each point in a subtile
was classified as either ‘not tree’, which represented points that belonged to buildings,
grass, concrete, and so on; or ‘tree’, which represented points that belonged to trees
and their canopies. In contrast, a ScanNet tile contained 20 semantic classes. A subtile,
which contained an average of roughly 236000 points, contained roughly 61000 points
(25%) which belonged to the ‘tree’ class, and 175000 points (75%) which belonged to
the ‘not tree’ class. Figure 4 shows an example of the data imbalance between the
‘tree’ and ‘not tree’ classes. For comparison, the most frequently-occurring class in

the DALES dataset (the ‘ground’ class) was present for only 50.1% of points.
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Figure 4: An example of the data imbalance between the ‘not tree’ and ‘tree’ classes,
shown in brown and green, respectively. Here, the ‘not tree’ class appears
much more frequently.

3.2 Semantic segmentation

An existing library named SoftGroup, designed by Vu et al. [40], was selected as the
basis for the semantic segmentation. We extended this library to support and work
well for our dataset. SoftGroup was a 3D instance segmentation library released in
March 2022 for several indoor 3D point cloud datasets, notably ScanNet [29] and
the Stanford 3D Indoor Scene Dataset (S3DIS) [41]. Its source code was available
and licensed under the MIT License at https://github.com/thangvubk/SoftGroup.
Additionally, our modifications are available at https://github.com/dddlr/softgroup.

Although SoftGroup was a library originally designed for instance segmentation
of 3D scenes, a slightly different research problem, it could nonetheless directly
be used for semantic segmentation due to it being an extension of grouping-based
instance segmentation libraries. Grouping-based instance segmentation libraries,

such as HAIS [42] and PointGroup [43], were bottom-up pipelines that relied on
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two stages: a semantic stage that produced semantic predictions for each point
(i.e. semantic segmentation), and a second stage that grouped points of similar
features into instances. By only enabling the first stage, one could perform semantic
segmentation on 3D point clouds.

This library was chosen for this project due to the extensibility of the source code
for our research, and the detailed documentation regarding the dataset preprocessing,
configuration parameters, and the visualisation of results. As our research project
relied on a point cloud dataset that had not been previously used for 3D semantic
segmentation, this allowed us to create custom preprocessing code, debug the library’s
backbone network, and adjust the semantic segmentation parameters. Vu et al. [40]
had also provided examples for multiple indoor and outdoor datasets: point cloud
datasets of indoor scenes, such as ScanNet [29] and the Stanford 3D Indoor Scene
Dataset (S3DIS) [41]; as well as the 2D and 3D point cloud dataset STPLS3D [44]
and SemanticKITTI [45]. This demonstrated that it was likely possible to adapt and
extend the library to support our dataset.

A second reason that SoftGroup was chosen was that it was also highly performant
for semantic segmentation, achieving an average mIOU percentage of 71.8% on the
ScanNet dataset. For semantic segmentation, the goal of our project, SoftGroup
achieved a good inference time of 106 ms in our experiments for the ScanNet dataset.
This was faster than the fastest performing library discussed by Wen et al. [37], which

gave an inference time of 140 ms.

3.3 Evaluation method

To allow comparisons between each model that we considered, we used the Mean
Intersection over Union (mIOU) metric, which was a common evaluation criterion
used in semantic segmentation [46]. The equations we present below are based on
those from Rim et al. [39]. For each of the two classes (‘not tree’ and ‘tree’), we
found the class-wise mIOU as defined in Equation 1:

TP,

ToU, = 1
MioYe = Tp T FP. + FN, ()

where TP, FP, and F'N represent the number of true positive points, false positive

14



points, and false negative points across the test dataset, respectively. ¢ represents the
cth class. This may also be described as the intersection of two sets divided by the
union of two sets A and B. We defined A as the ground truth from the test dataset
and B as the predicted segmentation from one of our models, both filtered to contain
only points that were classified as a certain class.

We also calculated the average of the two mIOU values to derive the average

class-wise mIoU, defined in Equation 2.

C

1
10U = = Y " mIOU, 2
mIOU anlmOU (2)

where C represents the total number of classes. In the tables in Chapter 4, we
refer to the two class-wise mIOU values and the average class-wise mIOU collectively
as class-wise mIOU.

Additionally, we measured the overall accuracy by dividing the number of correctly
classified points by the total number of points. This is defined in Equation 3, where
N represents the total number of points in the test dataset. These are listed as

‘Accuracy’ in the tables below.
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4 Experiments

To maximise and evaluate the performance of our approach to semantic segmentation,
we performed several experiments, modifying a single parameter value each time,
to determine the effects of different parameter values on the segmentation accuracy.
Below is a list of the parameters that we found, through trial and error, to substantially

affect the results. These parameters are discussed in more detail in section 4.2.

e Semantic weight: whether a weight was applied to each semantic class (‘not

tree’ and ‘tree’) in the cross-entropy loss function.

e Height axis scaling: whether the tree dataset was scaled in the direction of the

height, and by what amount.

e Voxel size: The size of each voxel, when the tree dataset was passed through

SoftGroup’s voxelisation step.

Table 1 contains a summary of the training parameters used for all of the experi-

ments:
Parameter Value
Batch size for training 4
Number of epochs 48
Iterations per subtile 4
Table 1: A list of training parameters used for all experiments.
4.1 Setup

The computer used to perform these experiments was a 64-bit Ubuntu 18.04 computer

with 125 GiB RAM, an Intel Xeon E5-2683 CPU at 2.10 GHz, and a Tesla V100-
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PCIE-16GB GPU. The SoftGroup library was run with Python 3.7, CUDA Toolkit
11.3, and PyTorch 1.11. On this computer, training each model took an average of
20 minutes to complete, and testing the model took approximately 20 seconds to
complete.

As discussed in section 3.1, each of the six original tiles that constituted the tree
dataset was split into 25 subtiles as part of the pre-processing stage, resulting in a
total of 150 subtiles. This was done by dividing each tile spatially into five regions in
the z direction and five regions in the z direction. This step was necessary for two
reasons: to convert the data into a form more similar to the ScanNet data supported
by SoftGroup, and additionally to overcome memory constraints in the computers at
the University of Canterbury.

Out of the 150 subtiles in the tree dataset, 60 were placed in the training set, 60
were placed in the validation set, and the remaining 30 were placed in the test set.
More data was placed in the training and validation sets to maximise the number
of different subtiles to which the model would be exposed during the training stage.
Additionally, the allocation was performed such that each of the original tiles would
be equally represented across all of the sets, in order to maximise the similarity of
the training set to the validation and test sets.

The inference time per scan, when testing the model, was comparable to recent
segmentation approaches [37, 39]. However, this was subject to random variation,
with the inference time for our models ranging from 96.4 ms to 122.7 ms. We did
not identify any specific models in our experiments where the inference time was

consistently higher or lower than the average.

4.2 Results

For each parameter that we examined, we used a default model to serve as an
additional point of comparison. Table 2 lists the parameters that were used for this

model.
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Parameter Value

Semantic weight Not applied
z axis scale factor 1
Voxel size 1

Table 2: Summary of the parameters that were adjusted in our experiments, and
their default values.

4.2.1 Cross-entropy loss weights

In both SoftGroup [40] and in our setup, the cross-entropy loss function was used to
learn to output semantic scores for our models. These semantic scores were then used
to classify points as not trees or as trees. This cross-entropy loss function optionally
accepted weights for each semantic class (‘not tree’, ‘tree’), which could be used to
improve the segmentation of the ‘tree’ class in our imbalanced dataset. We first
explored what impact applying these weights had on the accuracy of the semantic
segmentation.

These weights w; for each class i were selected using the equation shown in
Equation 4. Here, s represents the total number of points across the tree dataset,
and s(i) represents the number of points across all datasets with class i. ¢ here equals
2, which is the number of classes. This resulted in a higher weight for the ‘tree’ class,
which was significantly less frequent (an average of roughly 61000 points per subtile)
than the ‘not tree’ class (an average of 175000 points per subtile). The resulting
weights from this equation were 0.714 for the ‘not tree’ class and 2.049 for the ‘tree’

class.

S

w; = (4)

cxs(i)

According to Table 3, applying weights to the cross-entropy loss function resulted
in a higher mIOU percentage of 54.9% for ‘tree’ points, indicating that the resulting
model was more reliable at segmenting tree regions in the test dataset. However,
correct classification of ‘not tree’ points was 1.2% lower. Due to the data imbalance
between the points classified as ‘not tree’ and those classified as ‘tree’, the accuracy

was therefore lower by 0.8% as well.
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Semantic weight Class-wise mIOU (%) Accuracy (%)

Not tree Tree Average

Not applied (default) 91.6 47.8  69.7 92.2
Applied 90.4 549 T72.6 914

Table 3: Results of modifying the semantic weights.

4.2.2 Height axis scaling

The second area explored in our experiments was scaling the height axis. This involved
scaling the axis in the tree dataset which represented the height, before the dataset
was used for the training, validation, and testing of a model. In the tree dataset, this
was the z axis. This scaling was necessary because of a consequence of the LiDAR
scanning used to create the dataset: the 3D points were concentrated in layers spread
along the z axis. Additionally, these layers were much farther apart than the area of
the tree in the zy plane. The ‘layering’ effect can be seen in Figure 5. Both of these
factors at times resulted in a problem: undesirable output where only some of these
height layers in a particular region were classified as a ‘tree’, and other layers were

classified as ‘not tree’.

Figure 5: Example of the ‘layering’ effect. Points in the dataset are concentrated
in distinct layers in the z axis (shown here as a blue arrow).

In an effort to mitigate this problem, the z axis of the tree dataset coordinates
was scaled in three different ways: by 1/2, 1/4, and 1/8. Additionally, we ran an

experiment where the z axis was set to 0. This was equivalent to projecting the 3D

19



tree dataset on to a two-dimensional plane.

2z axis scale factor Class-wise mIOU (%) Accuracy (%)

Not tree Tree Average

1 (default) 91.6 47.8  69.7 92.2
1/2 91.5 473 694 92.1
1/4 91.1 45.0 68.0 91.7
1/8 90.7 421 66.4 91.3
0 89.9 35.5  62.7 90.4

Table 4: Results of modifying the z scale factor.

We had expected the class-wise mIOU and accuracy percentages to increase as the
z axis scale factor decreased, as the height layers in the tree dataset would be more
likely detected as belonging to one region. However, the results, as shown in Table 4,
showed the opposite effect. A z axis scale factor of 1/2 resulted in a slightly lower
average class-wise mIOU of 69.4% (from 69.7%), and a slightly lower accuracy of
92.1% (from 92.2%). Lower z axis scale factors resulted in the mIOU percentages for
both points classified as ‘not tree’ and points classified as ‘tree’ decreasing. The mIOU
for ‘not tree’ points decreased by 0.4-0.8% as the z axis scale factor was divided by
2, and the mIOU for ‘tree’ points decreased by a higher rate of 1-2%. This suggested
that reliable detection of the ‘tree’ class in our dataset was perhaps reliant on the 3D

shape of the tree regions, and not only the colour of the points.

4.2.3 Voxel size

Another area we explored was adjusting the voxel size. In the SoftGroup library [40],
the tree dataset was voxelised. In other words, the points in the tree dataset were
converted into a regular 3D grid of voxels, on which 3D sparse convolutions could
be performed in the training stage. In this voxelisation step, the size of each voxel
could be adjusted depending on the dataset. The desired voxel size was a tradeoff: in
theory, a lower voxel size was more memory intensive and required more processing
power, as there were more voxels to train and classify. At the same time, a lower
voxel size would also increase the semantic segmentation accuracy, as the resulting

segmentation would be more precise [47].
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This was mostly confirmed by our results in Table 5. Decreasing the voxel size
resulted in a higher class-wise mIOU percentage for the ‘tree’ class, from 47.8% in the
default model (scale = 1) to 53.2% when scale = 8. There were also slight variations
in the ‘not tree’ class-wise mIOU percentage and the accuracy percentage by 0.4-0.5%.
The decreased ‘not tree’ class mIOU and accuracy for 1/12 m was an outlier — this

may be due to random variation.

Voxel size (m) Class-wise mIOU (%) Accuracy (%)

Not tree Tree Average

1 (default) 91.6 47.8  69.7 92.2
1/2 91.5 49.9 70.7 92.2
1/4 91.9 52.0 72.0 92.6
1/8 92.0 53.2  72.6 92.7
1/12 91.4 54.1 72.8 92.2

Table 5: Results of modifying the voxelisation scale factor.

Interestingly, the time taken to train the model was not significantly affected by
the voxel size, and all models listed in Table 5 took approximately 20 minutes to
train. However, the memory consumption did increase significantly; we were not able
to decrease the voxel size to any value lower than 1/12 m due to memory constraints

on our computer.

4.2.4 Comparison to Mask R-CNN

To supplement our findings, we compared the semantic segmentation output of our
trained models to that of another neural network, a Mask R-CNN (region-based
convolutional neural network). A Mask R-CNN differs from a sparse CNN in that it
is designed for instance segmentation of 2D satellite imagery, not 3D point clouds. In
this case, the Mask R-CNN was trained on satellite imagery corresponding to the
same areas of the Wellington region. The 3D points in the tree dataset were then
classified, depending on the location to which the point corresponded in the Mask
R-CNN output. The resulting segmentation outputs from this Mask R-CNN were
kindly provided to us by Manaaki Whenua, and these were available for three of the

six aerial scenes that were in the tree dataset.
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Since we were investigating semantic segmentation, we extracted the semantic class
for each point in the data. We then evaluated the resulting semantic output in a
similar manner to the semantic outputs from our trained models, with one difference:
when evaluating the results in Table 6, we only used 15 subtiles of the test dataset,
instead of all 30 subtiles. This was because the Mask R-CNN segmentation outputs
were available for only half of the subtiles in the test dataset. This evaluation was
also performed on the optimal model found through our experiments, which was the
model with the 1/12 m voxel size from subsection 4.2.3. We named this ‘Our model’
in Table 6.

According to Table 6, our sparse CNN model did not perform as well as the Mask
R-CNN, when tested against the data for which Mask R-CNN output was available.
Our model achieved an average mIOU that was lower by 10.4%. The difference in the
average mIOU was mostly due to the mIOU for the ‘tree’ class: in our model, the
mIOU was 15.9% lower than the corresponding mIOU in the Mask R-CNN output.
Additionally, the accuracy of our model was 4.5% lower than that of the Mask R-CNN
output. Figure 6 shows a visual comparison of the segmentation output between the

ground truth, the output from our model, and the Mask R-CNN output.

Name Class-wise mIOU (%)  Accuracy (%)

Not tree Tree Average

Our model 91.4 54.1 72.8 92.2
Mask R-CNN 96.5 70.0 83.2 96.7

Table 6: Comparison of our best performing model to a Mask R-CNN. Note that
unlike the other tables in this section, the class-wise mIOU and accuracy
percentages were calculated from only half of the test dataset.
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Figure 6: Semantic segmentation output comparison. A comparison of the
segmentation output from a tile in the test dataset. Top, from left to
right: the segmentation ground truth, and a visualisation of the tile in
true colour. Bottom, from left to right: the output from our best model,
and the Mask R-CNN output.
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5 Discussion

5.1 Findings and analysis

5.1.1 Accuracy of our approach

In our experiments, we found that our approach to semantic segmentation based on
3D point clouds yielded moderate results. With the optimal parameters we found, we
observed good segmentation for non-tree points of 91.4% and a good overall accuracy
of 92.2%. However, these results were poorer than that of a Mask R-CNN approach
based on raster imagery. Additionally, the discrepancy in performance was moderately
large with the mIOU for the ‘tree’ class, where there was a 15.9% difference between
the two approaches. We hypothesise that this may be caused by two factors.
Firstly, the resolution of the point cloud may have been too low for the segmentation
accuracy to match that of a Mask R-CNN approach. This issue may have been
compounded by the voxelisation step, which was necessary to reduce the memory
requirement of the dataset, but at the same time likely constrained the accuracy of
the resulting segmentation outputs. We observed this when modifying the voxel size:
decreasing the voxel size from 1 m to 1/12 m increased the ‘tree’ mIOU by 6.3%.
Secondly, there may be complex interactions between the parameters for which
our research did not account. Due to time and resource constraints, we had only
considered parameters which — when adjusted one at a time — resulted in different
mlIOU and accuracy values. Moreover, we only modified one parameter value for
each of our experiments. This was because we had also evaluated the performance
of a model that used the optimal values for each parameter, but we did not achieve
better results than that of the 1/12 m voxel size model. However, it may be possible
to gain superior results through a combination of several parameters by combining

non-optimal values of these parameters.
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5.2 Future work

There are several ways in which our research can be extended. One potential area
to explore is the choice of CNN library used to perform the semantic segmentation.
We had chosen SoftGroup for the extensibility of its source code, and thus, our
experiments were performed using this architecture. However, we did not perform
experiments using other CNN architectures, and these may provide different results.
Additionally, one may explore the combination of non-optimal parameter values, and
whether this may yield higher mIOU and accuracy values.

Another area of interest may be to explore the performance of our CNN with a
different dataset. For example, this may include point clouds of an urban area with
more segmentation classes, which would avoid the data imbalance we encountered
in our project. Alternatively, one may explore the use of denser point clouds: point
clouds with more points, or other information, defined in a given volume.

Our research into semantic segmentation can also easily be extended to instance
segmentation. While this was not the focus of our research, the SoftGroup library
configuration we used also supports the instance segmentation of trees in our tree

dataset.
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6 Conclusion

In our research, we investigated the accuracy and performance of using a CNN to
segment point clouds of Wellington urban areas into tree and non-tree regions. We
pre-processed the dataset, sourced from Manaaki Whenua, to overcome memory
constraints with our computer and to convert the dataset into a format supported by
the SoftGroup CNN library. Through our experiments with a variant of SoftGroup,
we found that from the three training parameters we examined, decreasing the voxel
size resulted in the best segmentation of tree regions in our test dataset.
Additionally, we compared our segmentation results with that of a Mask R-CNN.
This Mask R-CNN was trained on satellite imagery of the same region. We found
that the segmentation performance for tree regions in Wellington urban areas was
poorer than that of the Mask R-CNN. However, the segmentation performance of
non-tree regions and the overall accuracy was only slightly lower. Further research
may explore the use of alternative CNN libraries and datasets to perform semantic

segmentation of urban tree regions, or extend our CNN to instance segmentation.
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