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Abstract

This thesis advances deep learning models that are essential for collision avoidance
of autonomous vehicles. The first contribution is an advanced multi-component
loss function for 3D object detection algorithms where location of the object and
dimensions of its bounding box are estimated simultaneously. The loss function
penalises model’s training process when the prediction does not match an expected
ground truth. The proposed multi-component loss function enables to observe the
progress of locating objects and place greater penalty on bounding box estimation
when the object is well located and vice versa. This speeds up the training process
as it helps the model to solve the easier task of locating the model first before solving
the difficult problem of estimating its bounding box dimensions. Second, a novel
sequential point cloud processing method for semantic segmentation is proposed.
This uses a sequence of point clouds to generate a prediction. However, as point
cloud processing is computationally expensive, processing sequences makes it even
more computationally expensive. The proposed method alleviates this problem by
fusing point cloud data in a latent feature space instead of processing all point clouds
in the sequence each time a new prediction is made. As a result, the method takes
advantage of sequential processing while keeping the computational overhead low.
Finally, a practical unsupervised method to detect potential collisions in unlabelled
point clouds is proposed. The method allows to test the performance and efficiency
of different deep learning models on novel data without having to annotate the data
first. It is based on the observation that most potential collision areas are defined
by the closest object of interest (e.g., a car, a person). Also, the method provides a

more realistic assessment of collision probability than widely used aggregate metrics.
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Chapter 1

Introduction

1.1 Introduction and motivation

The goal of this thesis is to advance collision avoidance for autonomous vehicles.
More specifically, this thesis focuses on point cloud processing for outdoor navigation
systems using deep learning methods.

Point clouds are 3-dimensional scans of the environment. Loosely speaking,
point clouds are 3D images. They have an additional depth dimension and are there-
fore more difficult to process. Point clouds were successfully used for autonomous
navigation [25] already in 2005. Their use outside the research community started
to grow when open source tool Point Cloud Library [134] became available in 2011.
Point clouds are recorded using special sensors. Cameras with a depth sensor (such
as Intel RealSense [74]) are often used for indoor recording and lidar scanners (such
as Ouster OS-1 [116]) are used for outdoor recording. Lidar is a scanner which
sends out laser beams (i.e., pulsed light waves) and records the time when they are
reflected back from an object in the environment. Based on the reflection time, a
distance from the sensor to the object is calculated. Beams from near objects reflect
back quickly while it takes more time to reflect back from far away objects. Unlike a
video camera which outputs 2D images, a lidar scan has precise information about
the distance of each object from the sensor. This information is crucial for safe
autonomous navigation and for collision avoidance.

Most lidars that are used in autonomous vehicles contain rotating lasers.
Thus, if such lidar is placed on top of the car, then, unlike a regular video camera,
a single lidar is able to record the environment up to 360 degrees around it due to
rotation. This enables to develop methods for autonomous navigation that are fully

aware of the traffic around the vehicle (e.g., [28], [156]), not only in front of it. Such



awareness further enables to avoid serious collisions such as side impacts. An exam-
ple of a video image and a corresponding 3D lidar scan are illustrated in Figure [1.1
(a) and (b), respectively. As the figure demonstrates, the point cloud is volumetric,
thus, it can be viewed from a different viewing angle than it was recorded. The lidar
scan in Figure (b) is displayed from a birds-eye-view perspective. Only a frag-
ment that corresponds to the camera image is displayed. The figure also illustrates
how the point cloud in (b) makes it easier to visualise the distance between objects
(e.g., the distance between the bicycle in the middle of (a) and the car; or distance
from the viewpoint of the camera to the cyclist). It is possible as the lidar provides
a direct depth measurement. Accurate estimation of distances between objects is

crucial for successful collision avoidance.

()

Figure 1.1: An example of a recorded scene. (a) 2D video image and (b) a fragment
of the point cloud of the same scene. (¢) The same point cloud in full, but from
a different view point than (b) and with a different zoom level than (b). There is

a circular blind spot (i.e., an empty area) in the middle of (c). The cause of it is
explained in Section

On the other hand, point cloud processing is computationally costly and



requires an expensive hardware. Consequently, working on deep learning models
for outdoor point cloud processing was infeasible for many researchers only a few
years ago. The first deep learning models that processed large outdoor point clouds
efficiently and with sufficient accuracy for autonomous navigation were published
around the time this PhD project was initiated (e.g., VoxelNet [I83], PointPillars
[80]). Even then, handling the full 360-degrees point cloud was challenging. For
example, VoxelNet limited the field of view, e.g., similar to Figure (b). For
reference, the whole 360-degrees point cloud is displayed in Figure|l.1|(c). Evidently,
the field of research is young and evolving. There is still a huge potential for new
discoveries to be unleashed in point cloud research for safe autonomous navigation

and collision avoidance.

1.2 Challenges of collision avoidance

Collision avoidance has several aspects. For mapping and path planning purposes
the objective of collision avoidance can be viewed as obstacle avoidance. Obstacle
avoidance is a narrower definition and means that a vehicle should choose such a
path that it prevents collisions with known obstacles, e.g., the obstacles on the map
(e.g., [110]). Some research also considers collisions with moving objects (e.g., [19]).
Collision avoidance makes a distinction between collisions that are caused by the
vehicle itself, and collisions that are caused by other participants in traffic. Most
works on collision avoidance consider both aspects (e.g. [7]). There are also works
where the vehicle is learning while moving (e.g., [70]). For the purpose of this thesis,
collision avoidance is a goal of an autonomous navigation system to avoid any kind
of unwanted collisions. Collision avoidance includes avoiding collisions with known
objects (i.e., object avoidance), but also tries to mitigate risks from other sources.
These may arise from future actions of other traffic participants.

As opposed to collision avoidance system, this work does not treat collision
avoidance as a separate (sub)system of the vehicle, but rather a goal that is being
followed over many subsystems of the vehicle. A separate subsystem might observe
the environment and upon detecting a potential collision will initiate some action,
e.g., stop the vehicle and ask the navigation subsystem to re-route the vehicle. If
collision avoidance is an integrated goal of many subsystems, the risk of collision
can be mitigated smoothly, e.g., without stopping the vehicle when the collision is
not imminent. The research aim of this thesis is to enhance the collision avoidance
by designing point cloud processing methods with more accurate perception capa-

bilities. Accuracy of perception is important as collision avoidance is not the only



goal of an autonomous vehicle. A system that overreacts to every minor collision
threat is not practically usable. For example, another car that is 200 meters away
in a city traffic might pose a danger to an autonomous vehicle if the other car drives
recklessly. However, in most cases drivers do not drive recklessly. If an autonomous
vehicle would always wait until there are no cars within 200 meters range, then it
will be useless in most cities.

In technical terms, there is a conflict of interest at a vehicle level and that
conflict must be balanced with care. For example, a collision avoidance goal might
conflict with vehicle stabilisation as the work in [46] demonstrates. It is not desirable
to avoid a minor collision with low cost which would unstabilize the vehicle such
that it would roll over and cause a major damage. There are several ways to address
this problem. Authors of [46] and [I80] approach this balance as a mathematical
optimisation problem on system level. This research is less concerned with math-
ematical definition of priorities on system level. The main priority is to advance
accurate 3D perception methods.

If a perception level of a method is accurate then the system level decision
can also be more fine-grained and a possible collision will be easier to predict and
handle. The main reason is that all such computations are probabilistic. Humans
often tend to express themselves in absolute terms, e.g., “this is safe” or “this is
dangerous”. Computer algorithms on the other hand utilise probabilistic terms, so
equivalent output for “this is safe” could be “0.05% chance of collision”. Likewise,
every measurement is made with a certain margin of error. Therefore, if a deep
learning system outputs that a given object is 5 meters away then its real distance
will be within a margin of error of this. For example, if the margin of error is 0.1
meters, the object will be located somewhere between 4.9 and 5.1 meters. Rais-
ing the accuracy of perception methods helps to output more reliable probabilities
and reduce the margins of error. Therefore, an autonomous vehicle can navigate
with more confidence. This in turn translates to safer, faster and smoother driving

experience.

1.3 Research background

This research project was initiated by Oxford Robotics Ltd which trades under the
Dynium.ai trademark. Although rapidly evolving, by late 2017 lidar technology
was rather mature, production ready technology for autonomous vehicles. Several
autonomous navigation companies had success with lidar (e.g., Oxbotica, Waymo,

Uber). Research on point clouds was evolving rapidly and there were other compa-



nies and universities utilizing the technology in the UK and the Oxford RobotCar
dataset was published [99]. Also, the research of autonomous navigation for agricul-
ture made progress (e.g., [10, 129, 130]). This motivated Oxford Robotics to start
research collaboration with the University of Warwick on point cloud processing for
collision avoidance. The general research objectives for this PhD work were derived
from this collaboration.

As Dynium.ai focuses on autonomous off-road vehicles for agriculture, the
focus of this research is to advance point cloud processing from practical collision
avoidance perspective. Lidar technology is especially suitable as it provides a good
visibility even in bad weather conditions (e.g., in rain, in the dark) where the quality
of video camera image degrades significantly. Lidar uses laser beams to capture the
environment and is therefore not affected by the changes in natural light. More
importantly, point clouds that are outputted by lidar are not affected either. While
processing an image that is acquired during the daytime is different from process-
ing an image captured during the nighttime, point clouds have the same structure
regardless of lighting conditions. This reduces the complexity of processing point
cloud data as there is no need to consider natural light.

The emphasis of the research is on advancing methods that are able to work
fully autonomously. Such systems will not use any external information, not even
existing maps or global navigation satellite systems (GNSS) such as GPS or Galileo.
Independence from external systems enables full autonomy. It does not mean that an
autonomous vehicle itself would not use GNSS at all, but that point cloud processing
models are not dependant on GNSS signal. The vehicle itself will most probably
have several concurrent algorithms running, some will be using GNSS and some
will not. The optimal performance will be achieved by combining the results of
both. However, GNSS will only be useful if both the satellite signal is available and
the vehicle can relate location information to existing maps. If there is a problem
with either, the vehicle will halt when it misses external data. Dependence on
external mapping or positioning is the reason why current autonomous vehicles
cannot be easily deployed in new environments. Many systems use self-mapping
technology (e.g., [65], [I11]) where the vehicle builds the map as it traverses the area.
As the research agenda set for this PhD thesis is related to off-road navigation, then
methods that require external input or external maps to function properly are not
considered.

There is another minor, but still important consideration for this research.
Unlike for passenger traffic, the aim of autonomous travel for most other use cases

will not be solely the travel itself, but to conduct some task during the travel. For



example, an autonomous tractor needs to cultivate the land. Therefore, the precision
and accuracy of point cloud processing models becomes even more important as the
route for travel cannot be changed arbitrarily as for passenger traffic, where the

exact route is not as important as the final destination.

1.4 Research objectives

The main objective of the navigation algorithm of an autonomous vehicle is to fulfil
the goals of the navigation by being aware of the environment around it and plan
the navigation according to this awareness. This is different from perception, which
just observes the environment. Sensor readings (e.g., images, lidar scans) must be
interpreted to understand and utilize them for navigation. This thesis focuses on
such interpretation by researching 3D object detection and semantic segmentation
deep learning models. Both are state-of-the-art approach for processing point clouds.
This thesis aims to advance such deep learning models for point cloud processing.
Deep learning models used in this work are all supervised machine learning models,
i.e., training of such models requires annotated data.

Building a supervised deep learning model for point cloud processing is not
an easy task. First, a lot of point clouds are collected and manually labelled, i.e.,
someone will annotate where the objects are located in the point cloud, what type
of objects those are etc. The result is called a ground truth and such labelled point
clouds form a training dataset (e.g., KITTI [49], nuScenes [23], Oxford RobotCat [99]
are well-known public datasets). A deep learning model is then trained by showing
it the labelled data in a training dataset and tasked to make an estimation, i.e., to
repeat the same labelling output that a human labeller produced. The model then
outputs its estimation, i.e., labels. Labels are processed by a loss function which
is a software component that compares the output of a deep learning model to the
human annotated data, the ground truth. Loss function computes the difference
between them, i.e., the error. Errors are then fed back to the training process,
the parameters of the model are adjusted to minimize the error and the process
is repeated until the deep learning model is able to output a similar prediction to
the human annotator. However, the objective of the training process is not to re-
annotate the training data but to produce a model that is able to generalise on
similar, but unseen data. Hence, while each training cycle minimises the error for a
specific batch of data, repeating the training process on different batches results in
a model that also generalises well on unseen data. Therefore, a learning objective

of supervised learning is to minimise the inductive bias, e.g., find a model that on



average works well for many different data examples. As an error on training data
does not reflect such ability well, a goodness of a model is mostly validated using a
different set of annotated data.

Current research has two deep learning approaches that this thesis con-
tributes to. Thus, the first objective of this PhD research is object detection
from point clouds. Object detection was the only practically feasible deep learn-
ing method for outdoor point cloud processing when this PhD project started in
2018. The aim of object detection is to output all relevant objects that exist in
the point cloud. Relevant objects are those that affect navigation decisions of an
autonomous vehicle. Examples of those include but are not limited to cars, pedes-
trians, cyclists, animals and tractors. As object detection requires outputting object
coordinates for each detected object then less relevant objects are mostly left unde-
tected. Estimating the coordinates for every object would be computationally very
difficult and also unnecessary.

The second objective is to advance deep learning models for semantic seg-
mentation of point clouds. Semantic segmentation is a process of labelling each point
in the point cloud. Instead of object coordinates, such deep learning models (e.g.,
[181]) output a label for each point. The labels can then be used to further assess
the environment around the vehicle. Semantic segmentation of large outdoor point
clouds became feasible in 2019 when Choy et al. [28] proposed a computationally
effective method for the purpose. Semantic segmentation was incorporated into this
PhD project after practical usability was further enhanced by Tang et al. [I56] in
2020 when they further sped up the semantic segmentation process significantly for
outdoor point clouds.

Object detection and semantic segmentation models are both important com-
ponents of a modern collision avoidance system designed for complex, non-controlled
environments. Their output is be either input directly into a separate collision avoid-
ance algorithm or the model can be plugged into an end-to-end deep learning model
where the last block outputs collision probabilities for each part (e.g., voxel, point)
of 3D space.

Finally, the output of deep learning models should be evaluated for collision
avoidance. The research objective is to develop a method to evaluate models such
that the output of the evaluation process is useful for collision avoidance. Therefore,
this thesis will assess the models from that perspective, not rely solely on statistics

that assess object detection or semantic segmentation as an end goal.



1.5 Thesis outline
The remainder of the thesis comprises:

e Chapter [2| presents a literature overview and introduces important concepts
that are essential for later chapters. It also offers a few historical excursions
into several topics which aid a reader to comprehend the research field better

and also provide context.

e Chapter [3] advances deep learning models for object detection in point cloud.
It takes VoxelNet [183] architecture as a baseline and improves the model in
several ways. Most notably, it proposes a novel adaptive multi-component loss

that enables faster training of the model.

e Chapter [ advances semantic segmentation for point clouds. Based on the
SPVCNN model of Tang et al [156] it develops a novel sequential point cloud
processing model. This model uses a novel method that fuses point cloud
features in a latent feature space, a practice which considerably decreases the
training and running time for the model compared to other sequential models.
Both innovations enable to extend the original SPVCNN architecture such
that instead of 19 different classes of points, it is able to separate 27 classes of

points, including moving objects.

e Chapter |p| proposes a system architecture that is used to run a lidar-equipped

test car for data collection during this research.

e Chapter [6] proposes a framework to assess the performance of deep learning
models for collision avoidance purposes. It highlights problems that are found
using this method and suggests another sequential method to overcome such

problems.

e Finally, Chapter [7] discusses the effect and potential of this research and sum-

marises the results of this PhD project.



Chapter 2

Related Research

2.1 Introduction and setting the focus

This chapter gives a high level overview of research related to lidar point cloud
navigation and collision avoidance, including relevant methods that are not directly
used in this thesis but could be used in alternative solutions. For more intuitive
comprehension the chapter is organised such that it presents both the goals of nav-
igation systems (e.g., collision avoidance), and specific designs and methods (e.g.,

overview of data types, sensors and algorithms).

2.2 Point clouds

2.2.1 Sources of point clouds

Point clouds are 3-dimensional (3D) representation of the environment. There are
several ways to collect a point cloud. While lidar, a light emitting laser, is the
most straightforward approach, point clouds could also be constructed from RGB-D
images. These are RGB images that are enhanced with depth information. Such
data is normally collected with stereo camera that is coupled with a depth sensor
such as Intel RealSense D435, Microsoft Kinect or similar. However, in this thesis
our main contribution is on processing point clouds that are collected with lidar
only. The main difference is that RGB-D sensors normally operate in a limited
range (useful range of RealSense D435 camera is approximately 5 meters [74]) while
lidars (such as Ouster OS-2) can record data within 240 meters [I17]. Also, RGB-D
cameras have fixed horizontal field of view while most rotating lidars can record 360

degrees.



2.2.2 Types of point clouds

Not all point clouds are the same. While reviewing literature and methods on point
clouds it is important to distinguish between methods for different types of point
clouds. Some point cloud processing methods are designed for processing only single
objects (such as those in ShapeNet [26] or ModelNet [170] datasets). Others work
for the whole indoor or outdoor scenes. Indoor datasets (such as SUN RGB-D [148]
or S3DIS [5]) are mostly recorded using RGB-D sensors as those sensors are cheaper
than lidars and work reliably for most indoor scenarios. However, outdoor point
cloud data is collected using lidars as they offer direct measurement for each point.
This is essential as outdoor scenes are much more dynamic and also normally cover
much larger area than indoor scenes.

Lidar is a rotating laser that emits light waves and is able to measure the
distance to an object quite precisely (e.g., Velodyne VLP-16 range accuracy is be-
tween 22 to 27 mm [53]). It captures the environment 360 degrees around it (but
the range can be capped). Hence it is suitable for mapping (e.g., [I79], [65]) and
odometry (e.g., [159] [34] [84] [2]). Lidar data are also used as ground truth for

training camera-based solutions.

2.2.3 Outdoor lidar datasets

The most labour-intensive part of creating an outdoor lidar dataset is creating the
ground truth annotations needed for training and validating the models. Until
recently bounding box data (see example in Fig. for selected objects types was
the most detailed format of ground truth. KITTI [49] is the most used dataset
for outdoor point cloud research, providing such data (see also Fig. [2.1). Oxford
RobotCar dataset [99] and nuScenes [23], among many others (see more extensive
list in Table , are also widely used. Ford AV dataset [I] lacks official point
cloud annotations, but offers data from 4 lidars recording the same scene at once.
Since 2019, several datasets have also added point cloud segmentation and panoptic
segmentation data, e.g. Semantic KITTI [15] which introduced a ground truth label
(i.e., a semantic class) for each point. Panoptic nuScenes [43] and panoptic labels
for Semantic KITTI [§] additionally add an instance ID for each point such that all
points that are part of the same object have the same instance ID. We use KITTI
and Semantic KITTTI in this research.
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Figure 2.1: An example of a point cloud from KITTT [49] dataset. Lidar points are
displayed in light blue. Bounding box candidates generated by our algorithm are
displayed in red. Dark blue ray is the x-axis of the sensor. Black is empty space.

Dataset Bounding box ‘ Semantic | Panoptic
KITTT [49] Yes No No
Semantic KITTT [15] No Yes Yes
KITTI 360 [8§] Yes Yes Yes
nuScenes [23] Yes Yes Yes
Ford AV [I] No No No
Oxford RobotCar [99] Yes No No
ApolloScape [149) Yes No No
Waymo Open Dataset [150] Yes Yes No
A2D2 [50] Yes Yes No
Argoverse 2 [169] No No No
PandaSet [59] Yes Yes No
Winter Adverse Driving dataSet [7§] Yes Yes Yes
SeeingThroughFog [18] Yes No No
Toronto-3D [155] Yes Yes No

Table 2.1: List of publicly available point cloud datasets and their ground truth
features.

2.3 Collision avoidance for autonomous navigation

This section reviews related research for collision avoidance from the perspective
of autonomous navigation without external dependency, e.g., offline, off-road and
agricultural applications. Furthermore, these methods are also applicable to on-road

and urban scenarios.
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2.3.1 Operational environment

Off-road collision avoidance differs from on-road systems by the lack of existing
maps, and the structure of the environment is less well defined (e.g., lack of road
markings, pavements, traffic signs, etc.). Also, this thesis is concerned with an
independent system that is able to operate without any external assistance. Hence
solutions that are based on global navigation satellite system (GNSS) are out of our
research interest.

One of the most prominent cases for such independently working collision
avoidance system will be in agriculture. As described in Chapter [, unlike in most
urban traffic scenarios, the aim of autonomous travel is not be solely the travel itself,
but to conduct some tasks during the travel. This makes it difficult to apply the
results of many existing collision avoidance and off-road navigation research findings
as most aim at navigation where the robot either maximizes free space around it
(e.g., travelling at the centre of the free space as in [60]) or travels along a safe
path (e.g., [25]). Luettel calls this reactive navigation [97]. Much of the off-road
agricultural navigation is guided navigation [97] where the vehicle moves according

to a given plan.

2.3.2 Dimensionality

Collision avoidance can be done at many levels of dimensionality. The simplest case
is a 2-dimensional (2D) scenario where any spot in the surrounding environment is
either occupied or vacant. While suitable for simpler use cases, it omits relevant
information for more complicated navigation.

2.5D approach (e.g., [130]) takes into account the height of the obstacle,
enabling the autonomous vehicle to drive over a small obstacle without colliding it,
but hides information about overhanging objects. For example a 20 cm branch of a
tree at 2 meters high will be presented as a 2.20 meters high obstacle.

Finally, 3D collision avoidance will enable all possible scenarios, enabling the
autonomous vehicle to drive under the branch or drive both under and above the
bridge using the same representation of the environment. Ugenti et al. [I60] show
that 3D understanding is especially useful on uneven terrain where objects at the
same planar surface might be at different heights for the vehicle. They also show

that 3D representation significantly improves navigation on such terrain.
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2.3.3 Dynamic vs static world

Most research in off-road collision avoidance deals with static world, i.e., the objects
are fixed and do not move. This does not mean that moving objects are not con-
sidered. They are, but they are mostly viewed as static at any given time instance.
This is mostly because off-road vehicles move at slow pace (0.5-2 meters per second)
and hence are able to stop or alter their trajectory fast enough to avoid collision.
However, if the speed is increased, such approach will not be sufficient as it might
lead to collisions. Hence there is a need to predict the trajectory of the moving ob-
ject. To do that, it is necessary to know about the type of the object. For example,
a nearby train is highly unlikely to derail and collide with a tractor, while a child
running along the tractor’s path poses a great risk. Accounting for the dynamics of

moving objects therefore is necessary but also complicates the system significantly.

2.3.4 Mapping

Mapping is used to build a local map of the surroundings. In essence, it provides a
memory of what the given vehicle has already ‘seen’ and hence by using this memory,
helps the vehicle to navigate and avoid collision.

While mapping is tightly coupled with the collision avoidance goal, it is also
a separate task. Most mapping solutions (e.g., Voxblox [I11], Octomap [65]) use
probabilistic fusion of new data, meaning that moving objects might not ever appear
on a map. Hence collision avoidance can rely on mapping mostly in understanding
the static environment, but needs less processed data to assess the existence of
dynamic objects.

Modern mapping solutions often regard collision avoidance as one of their
goals. Skimap++ [29] is a map that simultaneously does object recognition, so map
also contains semantic information. Voxblox [I11] enables to look up the distance
to the nearest object in full 3D space, and thus it is unnecessary to query all the
points in the planned trajectory. Nanomap [42] does not build an integrated map
at all - it stores recent measurements and integrates over them when the data is
being queried. This has the advantage of not suffering from state estimation errors
that would otherwise affect the map construction and hence enables operation under
uncertain conditions (e.g., lots of sensor noise and imprecise localisation).

Ort et al. [I14] question the need for precise metric mapping in rural en-
vironments as precise maps will require huge storage space and will still lose their
precision due to constantly changing environment (e.g., vegetation). They demon-

strate that local sensing in combination with topological maps will suffice in rural
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environments. However, this makes the system dependent on outsourced topological
maps.

Although mapping is required for many operational tasks, e.g., navigation
and path planning, collision avoidance, conducting the task, the requirements for
the task differ. Tasks that consider the immediate surroundings of the vehicle will
require more precision during navigation, while path planning can operate using less

precise maps.

2.3.5 Odometry and SLAM

Odometry is a means of computing a position estimate from sensor data. SLAM
stands for simultaneous localisation and mapping. Both are essential components
of an autonomous navigation system which does not use global navigation. Poor
odometry will significantly reduce the quality of mapping and collision avoidance.
The most widely used algorithm which utilise odometry and SLAM is LOAM: Lidar
Odometry and Mapping [I79]. In fact LOAM is the commonly used in many lidar-
based navigation systems. It has an open-source implementation. While LOAM
has a successor, V-LOAM [I78], incorporating the measurements from cameras, the
successor is less known and researched due to the lack of reference implementation.

The key ideas in visual odometry are keypoint matching and loop closure.
The former refers to tracking the same point from one image or scan to the next.
Such tracking enables to compute the self-movement of the vehicle. Loop closure
refers to a process that will correct the drift in position estimate when a previously
encountered point in a scene is re-visited. Given that on the first occasion a certain
object is at location (x,y) in 2D space and the same static object is predicted to
be on (x+ej, y+ez) on the next visit, then the introduced errors e; and ey will be
corrected by a loop closure algorithm.

Recently, new algorithms have been introduced that outperform LOAM. The
key idea is to do keypoint matching and loop closure more efficiently. Both PCE-
SLAM [2] and LeGO-LOAM [I4I] make use of feature extraction from the point
cloud. This essentially means keeping only points that are parts of edges and planes.
Feature extraction reduces the point cloud size significantly and enables faster and
more precise processing. PCE-SLAM further divides the resulting point cloud into
batches for motion estimation and processes batches in parallel. LeGO-LOAM seg-
ments points to ground and non-ground. Roll (rotation around the forward direc-
tional X-axis), pitch (rotation around the Y-axis) and z are computed from ground
segments while x, y and yaw angle (rotation around the vertical Z-axis) from non-

ground segments.
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Another related issue is that most odometry algorithms also build maps
(but not vice versa, mapping algorithms mostly do not compute odometry). On
one hand, mapping enables loop closure and improves the precision of odometry.
On the other hand, although odometry and mapping are run in different processes,
mapping slows down the system. This is because the speed of precise, error-adjusted
odometry is still bounded by the speed of mapping. Further, loop closure (as seen
from the examples of PCE-SLAM and LeGO-LOAM) benefits from the significant
reduction of the noise, i.e., needs less data than mapping. For example, PCE-SLAM
[2] and DeepCLR [64] compute odometry without mapping. As there are many
computationally fast mapping algorithms [65, [IT1], it might be possible to speed
up the whole system and improve the quality of odometry by separating mapping
from odometry as the latter usually only requires very recent data points (please see
Section for discussion of practical issues of combining SLAM and mapping).

Finally, mapping an environment by algorithm means incorporating all ob-
jects, including those which might evade someone’s privacy, especially when 3D
point cloud has been constructed using 2D cameras. There is research that is aimed
towards preserving privacy [144], but while the contribution of this thesis does not

use such direct mapping we are not concerned with the issue here.

2.3.6 Object detection

After data collection it is necessary to interpret the data to understand the environ-
ment around the vehicle. While simple driving on a lane might be a relatively easy
task, any additional driving requirement will complicate the navigation system. For
example, it is possible to separate certain surface from a point cloud by its statistical
parameters. Ort et al. [IT4] amplify the noise in the point cloud and then build a
discriminator between the road and the grass as a function of noise. But to separate
any further objects would require more layers of data processing. This would ulti-
mately make the system too complex, too slow, or both. Thus, research has moved
away from manually programmed control model and shifted towards using deep
learning methods. The key idea is that there are far too many edge cases to account
all of them manually. As a result, deep learning methods are used to train models
that are more robust and able to handle very complex cases of object recognition,
object segmentation, depth estimation, image correction and other tasks that are
relevant to collision avoidance.

For scene interpretation in 2D, deep learning classifiers (e.g., SSD [92], Faster
R-CNN [I31]) have been used to classify objects with high precision. Detectors such

as Yolo3 [128] have been optimized for very fast real-time usage while sacrificing
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some precision. 3D research followed this trend with a delay as the computational
complexity is much higher due to the size of the point cloud.

For 3D odometry and keypoint matching, PPFNet [30] is a deep learning
model that is capable to match keypoints using modest computation power while
offering state-of-the-art performance. They achieve this by finding local features for
each patch of the point cloud and then use those features for keypoint matching.

Relevant methods for 3D are presented in more details in Section [2.6.1

2.4 Errors, reliability and uncertainty

2.4.1 Measuring the error

The performance of a classifier can be measured by high level measures as precision,
recall, or F1 metric. Using the example of object classification, Intersection over
Union (IoU) metric is used to determine if an object is detected correctly against
the ground truth. IoU measures the ratio of overlap and union between detected

and ground truth bounding boxes [3§], i.e.,

overlap(prediction, groundtruth)

foU = union(prediction, groundtruth)

A prediction over certain IoU threshold is classified as correct. Average
precision (AP) or mean Average Precision (mAP) (mean AP over several object
types) are then used to assess the quality of algorithms over standard benchmark
datasets. When AP or mAP is measured at certain IoU it is usually referred to with
corresponding index, e.g. AP at 75% IoU is referred to as AP;5. Authors of Pascal
VOC [38] dataset introduced a version of AP that is averaged over many levels of
IoU between 0.5 and 0.95 with step size 0.05. Unindexed AP usually refers to this
value. They originally used AP metric to benchmark the detection performance of
different models on their data, but their AP metric is now widely adapted.

Many widely used classifiers such as RetinaNet [90], SSD [92], Faster R-CNN
[131] or YOLO3 achieve Pascal VOC [38] style AP score between 31.2 to 40.8% [90]
on COCO dataset [91]. Newer algorithms like YOLOR [164] push this to nearly
60%. It is important to note that APsy or AP for only large objects is normally
significantly higher than AP. This means that some objects (mostly nearby and
fully visible) are predicted with high precision while some others (mostly smaller,

distant, occluded etc) less so.
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2.4.2 Uncertainty and errors

Uncertainty is a major issue in autonomous driving. Detecting a human is a solved
problem in computer vision, but detecting a human who is harvesting some crops,
partly occluded by vegetation is still a challenge for a real time detector. Sudden
change of environment is also problematic as the overlap between different sensor
scans is minimal [120, p.51,80].

Less research has been done to investigate how to build robust systems in
the presence of uncertainty. Kendall and Gal [72] claim that detailed analyses
should consider the origin of the uncertainty. They differentiate between aleatoric
(noise from observations) and epistemic uncertainty (uncertainty of the model) and
show that the distinction enables to build models and loss functions that count for
uncertainty [72] (discussed in Section [2.4.3).

Understanding the confidence of a prediction is important for safe naviga-
tion. Errors might accumulate at many different levels. Sensors have their error
of measurement, and algorithms will introduce another layer of errors - especially
when optimisation is used to speed up the computation. However in most cases,
errors can also be accurately measured, allowing the vehicle to navigate safely. For
example, a mapping algorithm Voxblox has a maximum error of 8.25% due to several
approximations to calculate distances [ITI]. Velodyne VLP-16 lidar, as mentioned
earlier, has an 30mm upper bound for the error. Considering both, we can add
margins to the vehicle’s navigation goals and navigate safely.

As mentioned in previous sections, modern algorithms that are used in col-
lision avoidance make use of deep learning methods. Computing the confidence
interval of a prediction made by a deep learning algorithm will be order of mag-
nitude more difficult. While high level metrics like precision, recall, F1 score, and
similar indicate the overall quality of the algorithm, there is less research on assess-
ing the quality of any given output. For example, it is easy to say that some deep
learning model has high accuracy on a specific dataset but when we use the same
model to make a prediction on an unseen output, it is much more difficult to assess
how confident the method is on its prediction.

Deep learning models mostly output a prediction and a probability of that
prediction. Most common classifier in object detection is some variant of softmax
classifier where all predictions made by the model will add up to 1 - so any model
might also output several predictions. Yolo3 object detector [128] makes use of
independent logistic classifier instead of softmax (e.g., as in [92]) to allow multiple
labels with high probability [128] (e.g., “human”’, “woman” and “doctor”). This

illustrates well that giving any error bounds for the prediction is much more difficult
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or even impossible, because we would have to consider at least the following aspects:

e Deep learning classifiers for 3D point clouds are trained on large datasets,
containing vast amount of different data. Their ability to deal with unseen
data is limited and often unpredictable due to data constraints. Available
datasets represent only a small number of real life situations and label fixed
number of classes (e.g., 19 classes in KITTI [49]), making it difficult for a

model to learn to generalize well.

e Deep learning models are trained using randomisations and optimisations,
i.e., even two models with the same architecture might compute their output

differently.

e There is no uniform real-world interpretation for the probability of the esti-

mation.

e For practical purposes there is still a need for a binary decision to trust or not

to trust the output of a model.

These considerations force researchers to deal with much more complex ap-
proach to measuring confidence. While a prediction of a deterministic algorithm
could have a well bounded confidence interval, a prediction of a deep learning al-
gorithm has an associated uncertainty which is a lot more difficult to interpret and

use.

2.4.3 Bayesian approach

The issues raised in the previous subsection are serious concerns for collision avoid-
ance and navigation generally. One of the first publicly discussed fatal accident with
a self-driving car (i.e., Uber Inc. self-driving car killing a pedestrian that pushed a
bicycle on her side) [85] was allegedly caused by failing to identify the object cor-
rectly while the sensors detected the object in a timely manner [135]. Any threshold
on the prediction probability of a deep learning algorithm is either determined em-
pirically or decided arbitrarily, but more importantly - there is little understanding
of how to interpret the probabilities outputted by such classifiers.

The importance of understanding and using the uncertainty information
in autonomous driving has been recently highlighted by Kendall and Gal [72] for
Bayesian deep learning, and by Kahn et al. [70] for reinforcement learning cases. The
reason that the literature about uncertainty-awareness is focused around Bayesian

learning and reinforcement learning comes from the fact that these approaches have
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the means to compute and use such information. Conventional (discriminative) neu-
ral network/deep learning approaches are not well suited for capturing uncertainty
as normalised score vectors of deep learning models do not necessarily measure
uncertainty [72]. Measuring uncertainty becomes especially relevant when process-
ing novel, unseen information. The model may then make erroneous prediction [70].
Uncertainty-aware solutions can provide the level and nature of uncertainty for their
estimation, and a vehicle control algorithm can then vary the behaviour accordingly.

Detailed analyses consider the origin of the uncertainty. Kendal and Gal
differentiate between aleatoric and epistemic uncertainty [72]. Aleatoric uncertainty
originates from the noise in the data and epistemic uncertainty raises from the model
parameters. This approach works by modelling different probability distributions
over model’s weights (for epistemic) or outputs (for aleatoric) [72]. While authors
of [72] mostly concentrate on using this information to improve the model itself, an
important implication for collision avoidance is to gain knowledge of the source of
uncertainty. For example, a situation where a model cannot fully distinguish if some
object is a cat or a dog due to uncertainty in a model, is different from a situation
where there is too much noise to understand the nature of the object. In one case, a
system might operate with a knowledge of a nearby animal, while in the other case
it should either use different sensors or halt the operation if this is not possible.

A related approach that can be used to asses the model uncertainty of existing
deep learning models (i.e., does not require special architecture nor re-training) is
to use a widely used regularisation technique dropout. Gal and Ghahramani show
that using dropout can be interpreted as an approximation of a Gaussian process
[47], where uncertainty can be captured by collecting estimates during randomised

executions of the model [47].

2.5 Perception and sensors

Perception is the combination of prior knowledge and current sensor readings [44].
For on-road navigation, the most obvious form of prior knowledge is a street map.
Although an off-road vehicle can use maps based on satellite imagery, the spatial
resolution is far coarser than for road maps, e.g., minimum resolution for Sentinel-
2 satellite starts from 10 metres [33]. Although there is no global map, it is still
possible to map an area for a specific project. More general form of prior knowledge
is to use pre-trained models, such as deep learning models to process and interpret

sensory data.
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2.5.1 Selecting sensors for collision avoidance

First, the selection of sensors must support the type and application of the sys-
tem. Secondly, it must provide a comprehensive data about the environment under
different conditions. Systems that deal with rather uncomplicated terrain and con-
ditions, usually only use some form of vision system. The most popular is some
combination of video camera, lidar (e.g., [I30]), radar, ultrasonic sensors or infrared
sensors (essentially a restricted form of radar). Camera choice is often made be-
tween monocular camera (i.e., regular digital camera), stereo camera (i.e., two or
more cameras installed on a fixed baseline), and omnidirectional camera [4].

Systems that need to work on rough terrain (e.g., muddy, uneven, etc.) also
pay attention to sensors that capture vehicle movement (e.g., [60]), e.g., using gyro-
scope or inertial measurement unit (IMU) to determine the angular rotation of the
vehicle, and wheel encoders to measure the slippage of wheels.

Each sensor has its strengths and weaknesses, and it provides different data
about the surroundings. For example, radar directly provides relative velocity in
addition to detecting an object [97], lidar can “see” well in the dark [97] and camera
can provide colour information. Different combination of sensors is needed under
different circumstances.

In this PhD project, collision avoidance is considered as a goal of the au-
tonomous vehicle which depends on the sensors and other components of autonomous
navigation. Hence it is important to consider all aspects of the system, including
the hardware. The following gives an overview of the importance of different sensors

for avoiding collisions, and their importance to this research.

2.5.2 Vision

The importance of vision lays in two main categories. In addition to detecting the
objects in the environment, vision is the main source of odometry, i.e., position
estimation (if GNSS is not used). There is a variety of sensors that are able to
provide vision data. Our research focuses on lidar but for completeness we will give

an overview of alternative approaches, each of which has its benefits and drawbacks.

Monocular camera

One of the simplest is a digital camera (either monochrome or colour) that is often
referred to as monocular camera to contrast it to stereo camera. A decade ago the
usage of monocular camera data was limited to detecting and classifying segments in

an image [25]. Only limited progress was made in understanding the semantics of the
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environment (i.e., nature of terrain, types of objects etc.). Ollis et al. [I13] observed
that certain object are associated with same colours and used neural networks to
train a model that computes the cost of traversal for each colour in the image, and
were successful in using single image for off-road navigation. Current research [54]
[100] is now able to use monocular camera for depth recognition, an essential part
of safe navigation. The models in those approaches are mostly still trained using

stereo camera or lidar data for ground truth.

Stereo camera

Stereo camera is composed of two or more monocular cameras. These cameras are
normally mounted on a same rigid bar with a fixed baseline. It has been in the
focus of autonomous driving research for more than a decade because it is possible
to reconstruct depth information from a pair of images taken at the same time.
Works until recently [25] [24] relied on computing disparity (i.e., difference in dis-
tance for the same real-world spot between images). Disparity information allows to
reconstruct the properties of a full 3D space and hence compute the real-world geo-
metrical properties of any object in the image (some solutions [24] directly operate
in disparity space without constructing the 3D scene). The research on finding com-
putationally effective means of calculating disparity information has relied on direct
mathematical approach. Recent research [54] [I00] has moved to reconstruct depth
information using deep learning method, mostly based on convolutional networks
that take stereo camera images at the training time and then use monocular camera
on run-time. The advantage is significantly simpler system architecture at run-time
[147] (i.e., no need to keep stereo cameras on board) and hence reduced cost. Li-
dar is a comparable alternative to stereo camera and provides depth information
directly, but lacks RGB (colour) data.

Event-based sensors

Event-based sensors are not new, but still emerging. Instead of a whole image they
output the change in intensity for each pixel and do it asynchronously and very fast
(up to 1 MHz [184]). Hence motion information comes without additional compu-
tational overhead and with high frequency. These have been used in prototypes to

steer autonomous robots [107] and to predict the steering angle [101].
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Lidar and radar

Lidar is laser scanner that emits light rays and measures the distance and intensity
of their reflection (different materials have different reflectance). Most lidars used
in autonomous navigation are rotating and hence have up to 360 degrees horizontal
field of view. Because of this lidars are also called lidar scanners. Their output, a
point cloud, is a combined measurements within one turn of rotation, so there is a
slight time difference between first and last points in the same point cloud. In this
project, we use Ouster OS-1 lidar (see Figure which rotates at 10Hz or 20Hz.
Thus, at 10Hz the points in the same point cloud can be recorded with 0.1 second
difference. Their main benefit with lidar is that it is not affected by darkness and

work well in difficult weather conditions.

(a) Vehicle view (b) Close up view

Figure 2.2: Ouster OS-1 lidar mounted on our research vehicle.

Radar is not widely used as a main sensor in published autonomous vehicle
research, but notably Tesla Inc. uses radars on their autonomous vehicles. Radar
emits radio waves which have much longer working range than light waves emitted
by lidar. Unlike lidar, it is directly able to measure the speed of the moving body.
Generally radar data require more complex interpretation than lidar. Thus, they
are used for collision avoidance in scenarios where precision is less important, e.g., in
maritime collision avoidance [36]. On the other hand, due to radio waves reflecting
from surfaces and changing their direction, it is possible to perceive fully occluded

objects (e.g., pedestrians around the corner) [136].

2.5.3 Non-vision sensors

In addition to vision, most autonomous vehicles have some kind of inertial measure-

ment unit (IMU) which measures the movements of the vehicle using gyroscope,
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accelerometer, magnetometer or other means. Wheel encoders can be used to mea-

sure the speed and compute the slippage of the wheel.

2.5.4 Sensor fusion

Sensor data can be fused on raw data level, feature level and object detection level
[97]. The motivation for fusing sensor data is to: (a) level out the weaknesses of
individual sensors by combining data from several sensors; and (b) to offer a wider
range of view as different sensors have different ranges and fields of view. Non-
linear versions of Kalman filter and particle filter [60] have been used to achieve
these objectives. In recent studies however, the fusion of data often becomes a
question of designing an appropriate deep neural network architecture that takes
input from different sensors and outputs a unified result. There is one exception
though - a fusion of several recordings from the same sensor, mostly for mapping
(e.g., [I11]) - where algorithmic approach still prevails.

Every sensor has its strengths and limitations. While lidar is very precise,
its data are very sparse compared to a camera. While images lack depth data, they
contain colour information to make object segmentation easier. So it is useful to
rely on many sensors and to fuse their output for better quality and more certain
outcome. This is the architecture that most autonomous vehicles adopt.

Non-vision odometry allows to fuse position estimate with that computed
from vision to account better for the difficult maneuvers. Mostly either non-linear
Kalman filter [16] [I40] or particle filter [10] [60] has been used to fuse the odometry
information.

Many vision-based algorithms rely on keypoint matching (see Section
to associate consecutive images or scans. This works very well for smooth trajecto-
ries, but a sudden change of environment is problematic as the overlap between scans
is minimal [120) p. 80]. Sensor fusion can be used to address this (e.g., additional

information from a wheel encoder).

2.5.5 Sensor calibration

Most sensors need intrinsic calibration to assure that they function properly. Ef-
fective collision avoidance systems also need calibration between sensors to bring
all data into a common reference frame [I19] for comparison and fusion. Static
calibration where parameters are set and then fixed for the system is the easiest
and most obvious way as the calibration can be done in laboratory conditions. The

need for online calibration, i.e., calibration that takes place while the vehicle is
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operating, arose because static calibration is not able to correct calibration errors
that happened during the operation of the vehicle [86]. Such calibration is based on
comparing data from different sensors and finding the most precise transformation
as in [80 [87]. Additional external equipment can also be used, e.g., Pereira et al.
offer a very precise method, but it requires special environment setup by placing a
calibration ball in front of the vehicle [119].

In addition to comparison and fusion, sensor calibration is also necessary to
convert 2D data to 3D in stereo vision. 3D depth image can be generated from a
pair of 2D images by matching features from both images when the pair of cam-
eras is calibrated intrinsically. Real units can be associated with depth values when
extrinsic calibration has been performed [130]. To optimise the stereo reconstruc-
tion, a rectification matrix can be computed upon calibration which will be used to
transform images so that any row of pixels from the rectified image of one camera
can be mapped to the corresponding row on the rectified image of the second (or
third) camera [106]. In addition to spatial calibration, this process needs a very pre-
cise time synchronization so that the shutters would operate at the same time [4].
Most systems use a camera with global shutter to make the operation easier as such
camera exposes the whole scene at once. But such cameras are more costly than
cameras with rolling shutter which record the image row by row, hence motivating

research [83] to remove the distortions caused by rolling shutter [67 [83].

2.5.6 Processing and filtering raw data

Why process data before using it? First, modern sensors can output more data
than are feasible to process on board the vehicle. Second, some data are most useful
in its accumulated form. For example, trajectory estimation requires information
accumulated at different time instances, path planning benefits from mapping, stereo
images can be turned into disparity or 3D data to get the depth information. But
input data are also noisy and it is sometimes beneficial to remove the noise before
further processing.

Current research on sensor data filtering for autonomous vehicle systems
mostly concentrates on effect removal. Deep learning models are trained to remove
shadow [127], rain [45] [I74], reflection or other occlusions. There are also some
research on mathematical methods to remove effects, e.g., [68] to remove rain from
images, but they are constrained to selected scenarios. For example, [68] is generally
fast and effective, but struggles to remove rain that is falling under acute angle to

the ground.
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2.5.7 Mapping and localisation

Mapping is more a necessity than an option when 3D sensors are used. The amount
of collected data is way too large to operate with lengthy sequences of raw data
in near real-time applications. Iterative Closest Point (ICP) algorithm and similar
solutions are commonly used to fuse several measurements into a map. The main
challenge is to find a transformation between measurements as the vehicle movel}
This can be done in real time, for example an early solution back in 2006 ran ICP
solution at 3 Hz [120}, p. 74]. As localisation or odometry (i.e., determining position
and orientation) also requires the computation of transformation, then mapping and
localisation are often done simultaneously and referred to as SLAM - simultaneous
localisation and mapping [20]. The main concern is that the output of SLAM
solutions tends to drift in time [I05]. One of the effective ways to determine and
compensate for the drift is to detect loop closure, i.e., new arrival at the already
visited place [61]. As localisation with ICP is an optimisation problem, the solution
is prone to reaching local optima [I05]. The benefits and deficits of using different
ICP variants are well summarised in [I2I], where the baseline for comparison is
established, and the very broad conclusion is that different ICP variants are suitable
for different conditions.

LOAM [I79] is a widely used SLAM algorithm which decomposes the problem
into two parts: one part of the algorithm runs fast and computes transformation at
10Hz; and another part compensates for the drift, but is much slower and runs at
1Hz [179]. As LOAM is only good for 3D point clouds, V-LOAM that has a similar
working principle, but additionally uses monocular camera data to speed up the
initial motion estimation is proposed in [178].

Map update finally takes place after the transformation between a new mea-
surement and the reference has been found. The complexities in mapping are mostly
related to updating, storing and fetching data efficiently [65], i.e., about the data
structure and update policy. OctoMap [65] is a widely used solution and suitable
for collision avoidance as it offers efficient 3D mapping. It is also able to differ-
entiate between empty and unmapped areas, and takes into account the noise and
uncertainty in the system [65]. Thus, it does not use boolean occupancy status,
but probabilistic status, allowing errors to fade and states to change over time [65].
Octomap is a mapping solution and does not compute a transformation itself. For
an integrated solution, Asvadi et al. [7] proposed a voxel-based approach that in-

tegrates scans using ICP and includes object detection, achieving the speed of 0.3

'For 3D lidar data the process of finding such transformation is often called point cloud regis-
tration
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fps on a 3.4GHz quad-core computer. This is many times slower than Octomap
combined with the LOAM algorithm [I79] to provide transformations. Voxel size
also affects performance: smaller voxel size provides better accuracy but is slower to
compute. Octomap is superior here as it offers multi-resolution approach, optimising
the areas where there is no need for smaller resolution [65].

Mapping is an active field of research (e.g., [29, [35] [42] 111} [112]). It is often
combined with deep learning methods that are replacing ICP to achieve point cloud

registration (e.g., [64, [96]).

2.6 Understanding the environment for navigation

Perceived data can be interpreted on different levels of detail and on different num-
ber of dimensions. The simplest form is to separate traversable ground from non-
traversable on a specific moment of time. From there, the interpretation of the data
can be expanded in time and space as well as in detail.

The early successful attempts of map-free autonomous navigation on un-
marked routes were built for off-road navigation. These were a combination of
several deterministic methods to find a traversable path and prevent collision. For
example, a DARPA challenge winner in 2005 applied path detection and object
detection for navigation [25], Milella and Reina built similar navigation system for
outdoor vehicles [106] as did Ollis et al [I13] and many others. Object detection
in all of them was understood as separating any object from traversable ground
without determining the type of the object. Such approaches often assume static
world, i.e., they operate with a snapshot of data at a given time and without the
ability to predict events. Some map their environment (e.g., [25]), so they have a
limited memory.

Restricted and controlled environments also allow to use simple approaches
to avoid collision. Vougioukas [163] equipped each orchard worker with a radio trans-
mitter to localise them with respect to the vehicle for collision avoidance. Automated
vehicles can also follow a human-driven master vehicle [I08]. While effective, such
approaches bring along a need to maintain additional equipment and have a limited
use.

Deterministic and probabilistic algorithms that use human-engineered fea-
tures have their limitations. The fundamental problem with direct algorithmic ap-
proach is that while collision avoidance is based on the laws of physics, the proper-
ties necessary to estimate a safe path are inferred from very indirect sources [71].

Additionally, probabilistic approaches based on statistical modelling (e.g., Extended
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Kalman Filter) depend heavily on correct feature extraction [60]. Human-engineered
feature extraction quickly becomes a very difficult problem as the complexity of the
data grows. Therefore, direct algorithmic approach is infeasible and current research
has moved towards methods that are able to extract complex features and hence
generalise better. The most dominant technology in computer vision is deep learn-
ing, especially the use of convolutional layers of neural networks. These allow to
automatically discover features from images, and those features can then be used to

approximate suitable functions for navigation and collision avoidance.

2.6.1 Using convolutional neural networks

Although the idea dates back to 1960s [81], convolutional neural networks became
popular in 1990s when it was demonstrated how to use them in practice. LeCun
and Bengio showed on handwritten digits that one can eliminate manual feature
extraction [81]. The idea of a convolutional layer is to apply a learned kernel to an
input image and the output is considered to be a feature vector. This feature vector
can be further reduced in size by pooling, i.e., keeping only one value for every
small area [82]. Finally the output of many such convolutions is most often fed into
a fully connected neural network which classifies the images [82]. This approach
allows to reuse existing convolutional neural network models that have been trained
on a huge dataset (e.g., by Google, Microsoft, OpenAl etc.) and only retrain some
layers to achieve the goal of any particular navigation or collision avoidance system.
An example of such re-engineering approach is [123] where Provodin et al. used
a convolutional network that was trained on ImageNet dataset and adapted it for
separating ground and objects in off-road conditions. A standard convolutional
layer is a rather simple building block, while most point cloud processing research
concentrates on finding the best architecture to combine those building blocks.

Standard convolutional neural network layers need dense data like images to
provide an acceptable solution [44]. They do not work well for sparse lidar point
clouds. This was first addressed by converting 3D to 2D as in [I53], but developments
in hardware made it possible to perform on 3D data directly [102) [103]. Although
the sparseness limit still applies - these approaches are using an accumulated 3D
map, not a single scan as an input.

The next phase was dominated by solutions that divided point clouds into
local regions and processed aggregated information densely using convolutional net-
works. For example, Voxelnet [I83] and SECOND [172] divide a point cloud into
equally sized voxels, computed a feature for each voxel and then processed those

features in a dense form as for the image. PointPillars [80] is a similar approach
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but uses vertical columns (pillars) instead of voxels. Those methods work reliably
for finding coordinates and bounding boxes of objects in a point cloud. But they
are not suitable for semantic segmentation, i.e., are not able to classify each point
as they work with local areas (voxels, pillars), and hence lose the ability to track
single points.

Recently, the work in [2§] introduced sparse covolutions that are able to
process sparse data densely by mapping data in GPU memory. Further, the work in
[156] offered a similar but improved version that combines sparse convolutions with
voxelisation, keeping both local area features and point-based features. Finally, all
those approaches deal with classification. At the end of each such deep learning
network there is normally a simple neural network which outputs the prediction
based on computed features (which are represented by vectors or matrices). It is
also possible to learn a characteristic feature for each object type, called embedding.
For example, self-driving car company Waymo uses embeddings, i.e., dense vector
representations of features that carry some semantic meaning [44] and preserve pair-

wise similarities of original features [63].

2.6.2 Structure from motion

Determining the structure and motion is important to assess the safety of traver-
sal and to make decisions on stopping or changing the movement of the vehicle.
Important concepts that are used to understand the structure of the environment
are object detection (to determine the type of object), instance segmentation to
differentiate between different instances of objects, e.g., two persons), and flow of
the objects in time.

These objectives are interlaced as research shows that it is efficient to com-
bine their computation. Structure from motion (SfM) derives 3D structure from
several monocular images. It has been proved that given three unique views of four
non-coplanar points, it is possible to determine the structure and motion for the
views [161]. State-of-the-art open source solution is COLMAP [137] which can be
integrated into navigation systems to improve the performance. For example, the
V-LOAM [178] SLAM algorithm, integrates SfM to increase speed and robustness.
Combining SfM with lidar data, it achieves the effect of images that have depth
information for each pixel (RGB-D) with special hardware (such as Kinect sensor).
A significant drawback of deriving 3D information only from RGB-D data is that

moving objects must be filtered out [138] to get the correct results.
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2.6.3 Optical flow and scene flow

Dynamic objects are of great interest to avoid collisions, hence the research fields
of optical flow (from 2D data) and scene flow (from 3D data) are determining the
motion between images. Current research takes advantage of the need to acquire
both flow and structure, so combined approaches are developed. Wulff et al [I71]
provide depth structure, optical flow and segment image into dynamic and static
regions; Taniai et al. [I57] are able to predict scene flow, camera motion and detect
moving objects from moving stereo images. The difficulties lie in texture-less surfaces
and very large displacements [13], so approaches to track objects while calculating
scene flow have been proposed [13]. But optical and scene flow are not the only
possible solutions.

The state-of-the-art solutions are now using event-based cameras. These
output the change in intensity for pixels in the field of view asynchronously, operate
in a very high speed up to 1 MHz and hence have high temporal resolution [184].
Due to the nature of the sensor, motion information comes without computational
cost. Such cameras have already been used to steer autonomous robot [I07] and to

predict the steering angle [101] using deep learning models.

2.7 Making decisions

While it may seem straightforward to decide on the course of action when an ob-
stacle is detected, there are difficulties. Fulfilling the collision avoidance goal might
destabilise the vehicle, putting the decision into conflict with stablisation goal [46].
While in some areas of autonomous navigation a certain error rate is tolerated, colli-
sion avoidance systems are expected to work flawlessly as can be seen from reactions
to the recent incident with Uber car in Texas on March 2018 [85]. Different control
algorithms have been developed for this. One solution is to find an optimal strat-
egy over different goals of the vehicle without approximation, prioritising collision
avoidance [I80]. Alternatively, Wang et al. [I67] use approximation to take into
account more variables. Higher level solutions include embedding collision avoid-
ance goal into path planning system [I7] or end-to-end machine learning models
that take sensor readings as input and directly output driving directions instead of
object detection [73].

Reinforcement learning, an independent paradigm of machine learning which
is based on rewarding desired actions, is promising for collision avoidance [69]. A
reinforcement model get rewarded for safe journeys, but also learns from the mistakes

it makes while guiding the vehicle via its output. Some research is directed towards
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making such learning safer, e.g., by making it aware of uncertain situations where
the vehicle can reduce speed [70]. Such approach requires the use of simulations as
learning from real life collisions is not an acceptable research practice outside the

lab environment.

2.7.1 Performance

It is beyond question that any collision avoidance system must operate near real
time, but the performance also introduces other constraints. The range and speed
of the collision avoidance system also limit the speed of the vehicle [97]. The speed
of the vehicle is affected by the ability to foresee the changes in the environment. If
we can track the objects around the vehicle and estimate their trajectory, we can
compute more certain trajectories for our own vehicle. Direct algorithmic approach
is usually not adequate for this complex goal at higher speeds. For example, a
robot that navigates between straight rows of plants - one of the simplest possible
scenarios for off-road vehicles - using particle-filter based approach [60] achieved the
processing power of 10Hz, which enables operating at the speed of 0.7 m/s or 2.5
km/h. Other algorithmic solutions that mostly do not have memory or prediction
ability [106, [I13] achieve a similar or slightly higher speed. Deep learning solutions
mostly require more computations but have a similar frequency on special hardware.
Yet they are able to process more complex cases, covering more territory and hence
enable faster speeds for the vehicle. There are several reasons for this. First, deep
learning models use matrix and tensor operations which can be optimised to a high
level while algorithmic solutions depend on step-by-step sequential processing, e.g.,
work in [I13] uses pixel-by-pixel search heuristic, work in [106] divides sensor input
into patches, computes geometric properties for each patch, finds relative distance
and distribution specific cutoff values. While a tensor operation might involve much
higher number of computations than a direct algorithmic approach, those operations
are batch-processed on a specialised hardware (most often on a GPU) and are hence
much more efficient than sequential algorithms that require passing values between
CPU, GPU and the memory of the computer. Second, algorithmic approaches
[106, 1T3] have both long-range and short-range components with continuous update
mechanisms where short-range performance naturally limits the speed of the vehicle.
Modern deep learning classifiers (e.g., [27], [156]) may output the prediction for the

whole 360-degrees point cloud in up to 150 meters of range in a single pass.
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2.8 Conclusions

There is an active research in almost every field that is relevant to autonomous
navigation and collision avoidance.

Solving collision avoidance problems with direct algorithmic approach is not
an easy task even in structured environment. For off-road, e.g., in agriculture,
changing climate conditions and vegetation, and even missing plants in a row can
be difficult to deal with [60]. In addition to avoiding collision, the autonomous
vehicle should be able to drive at desired speed, keep intended trajectory, etc. As
the complexity of the vehicle and the environment increases, collision avoidance goal
will be related to more subsystems and tasks. Deep learning methods prevail in such
systems as they make it possible to deal with complexities that are far beyond the
reach of any direct algorithmic approach. In addition to improved understanding of
the software design, hardware also keeps up: 3D solutions are feasible in real time,
and event-based sensors are available. Assessing the uncertainty is so far one of the
most difficult aspects, which is mostly compensated for by redundant systems and
sensor fusion.

While there are many performing systems for map-free collision avoidance,
most are meant for a specific task (e.g., see [140)] for application in orchard, or [12]
for other examples).

There are also many related fields not discussed here, e.g., vehicle-to-vehicle
communication can improve the results of operation [97], but our aim is foremost
to build a fully autonomous system. Preventing adversarial attacks [48] in deep
learning models is also an important and related topic (e.g., how to prevent deceiving
navigation systems), but is not in the scope of this PhD research.

Odometry, mapping and collision avoidance are very tightly coupled com-
ponents as they all require processing of the same data and may use each other’s
results. Precise mapping needs good odometry data, and collision avoidance relies
on mapping. Path planning further requires both maps and collision information.
Thus, there is a need to research different components of autonomous navigation.
At the end, the perfect system will not be a separate collision avoidance system, but
rather an autonomous navigation system for off-road vehicles that is able to avoid
collisions.

We also consider uncertainty to play an important role in autonomous nav-
igation and collision avoidance. It is important to recognise that at the low levels
of the system one can operate with the notion of confidence and is able to set the

error margins for the measured or computed result. As we move up to higher levels
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of the system, closer to the layers where collisions will be predicted, we need to
talk address uncertainty. Giving exact margins of error will neither make sense nor
is it possible for the state-of-the-art deep learning algorithms. There is a need to
understand the inherent uncertainty in models that are built with such algorithms
because the nature and the amount of uncertainty will affect the reliability of the
collision avoidance estimations. However, when as system is built up from many
subsystems then the errors tend to accumulate. To minimise this risk, systems
that have fewer components (e.g., end-to-end deep learning models) have an upper
hand here as those take sensor data as input and output high level information for
navigation. Such systems are less prone to error accumulation and to integration
errors. However, they are not as easily explainable and shortcomings in middle layer
logic are much more difficult to discover during testing as often only the end goal is
testable.
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Chapter 3

Advancements in Voxel-based
Object Detection from Point
Clouds

3.1 Introduction

Object detection is a crucial component of autonomous navigation platform. While
it is possible to navigate without detecting objects (e.g., by detecting only traversable
ground as in [I30]), fast and safe navigation requires a more detailed understanding
of the environment. Object detection is a versatile approach to understand the en-
vironment. Object detection algorithms are able to locate an object and detect it’s
type or class (e.g., car, person etc). This chapter contributes to voxel-based object

detection by introducing:

e Adaptive multi-component loss function to speed up a training process and

improve training accuracy;

e A novel convergence metric based on frequency distribution of output prob-
abilities of a deep learning model that helps to compare models and quickly

prune poorly performing models.

This chapter is structured as follows. First, it offers an overview of object
detection from 3D point clouds. Second, it analyses VoxelNet [I183], a 3D object
detection model that is used as a baseline model for the rest of the chapter. The
chapter then discusses loss functions and data augmentation techniques for 3D object
detection. Third, the chapter details the unique contributions of this thesis: an

adaptive multi-component loss function, a novel method to asses convergence for
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the purposes of pruning under-performing models in the training process, and offers

several minor improvements over the baseline model’s training process.

3.2 Overview of object detection from point clouds

Lidars have been used to detect objects for over a decade now. However, early works
([21L 122, 153, 177]) used them mostly as auxiliary sensors in combination with a
camera and the use of neural networks was limited. Deep learning based object de-
tection from point clouds of large outdoor scenes became feasible for processing with
increased computing power provided by graphical processing units (GPUs). While
all neural networks hugely benefited from GPUs, previously it was not feasible to
train and run sufficiently efficient neural network models for point clouds on regular
processors (CPUs). However, even modern state-of-the-art GPUs have insufficient
computational power to allow training deep learning models from point clouds by
just concentrating on the quality of model. Early works on full point cloud process-
ing [103] 125] worked so heavily on computational optimisation that optimisation
was often more important contribution of the research than the actual object detec-
tion or classification mechanism. Due to their size, point clouds are computationally
an order of magnitude more difficult to process than 2D images. Also, a large part
of developing a 3D deep learning model still consists of working with optimisations
for speed and efficiency. This is also the reason why successful 2D model architec-
tures (e.g., inception networks [I54], residual connections [58]) are not instantly and
directly applicable for 3D models - they would be infeasible or very slow to train and
use. Many ideas make it from 2D to 3D models after extensive research. Most point
cloud methods are first developed for point clouds of limited size. Examples include
ShapeNet dataset [26] that contains only shapes of objects; or SUN RGB-D dataset
[148] which contains point clouds of indoor scenes. Models using those datasets
often use 2000 - 8000 points per point cloud (e.g., [51]). Large outdoor point clouds
in KITTT [49] contain 10-20 times more points and methods suitable for small point
clouds must be further optimised for processing those. A significant contribution
to the small scale point cloud processing was the PointNet [126] architecture which
consumes points and processes them using standard multi-layer perceptron neural
networks. Those networks learn features and those features are aggregated to higher
level. Features can then be further used for object detection, semantic segmentation
and for other tasks. A breakthrough in object detection from large outdoor point
clouds was achieved by VoxelNet [I83] which utilises a point-based feature learning

method similar to PointNet [126] but learns features for each voxel. After VoxelNet
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was published the field of outdoor point cloud object detection evolved rapidly.
PointPillars [80] used vertical columns, pillars, instead of voxels. Frustum
ConvNet [I68] proposed slicing the point cloud according to the depth into units
called frustums. SECOND [I72] used voxels, but replaced dense 3D convolutions
with specially designed sparse layers. Some works took a different path. PointRCNN
[143] and RT3D [177] find regions of interest and process those for detecting objects.

3.2.1 General approach towards 3D object detection

3D object detection consists of solving two problems: locating the object in the
point cloud (i.e., finding its coordinates) and determining the size of the bounding
box which encloses the object. While in 2D there are many 2-stage detectors that
first generate candidate bounding boxes and then refine and classify them, most
3D models are one-stage detectors. The most prominent approach is to use Region
Proposal Network (RPN) [I3I]. The technical question that RPN answers is how
to locate the objects. First, the search space (i.e., the point cloud) is divided into
equal regions, the centre of each region is an anchor point. One or more possible
anchor boxes are attached to each anchor point. RPN was originally used for 2D
but quickly adapted for 3D. Alternatives to dense RPN also exist. PointRCNN
[143] dynamically finds foreground points and generates candidate boxes for each
such point. Candidate boxes are then refined at a later step. Guided anchoring
[165] is a similar approach developed for 2D which first uses semantic features to
place anchors only where objects are likely to exist.

This research follows [I83] and implements dense RPN for 3D (see Fig-
ure . Before training the model, each anchor box is validated against the ground
truth to see if they overlap with any ground-truth bounding box. Overlapping
anchor boxes are marked as positive and non-overlapping as negative. These an-
notations guide the training process. Unlike the original 2D version in [131] this
chapter improves anchor box generation by building a full 3D anchor box gener-
ation and validation method. Compared to simplified 2D version that is used in
many 3D works (e.g., in [I72) [I83]) it allows more precise height estimation. It also
makes possible to utilise height parameter more effectively in loss functions, see also
Section

During the training phase, a model classifies each anchor box (assigning a
class probability for each box) and does a bounding box regression, i.e., estimates
the dimensions of the object enclosed by the bounding box. It is not expected that a
positive anchor box overlaps fully with a ground truth bounding box. The bounding

box regression computes differences between the anchor box and the bounding box
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Figure 3.1: Concept of dense RPN as used in this research is based on [I31] but
adapted to 3D. For illustrative purposes, the space is represented as 2D and anchor
boxes as 3D on this image. Grey dots represent anchor points. Each anchor point
has the same set of anchor boxes. Here only 2 anchor boxes (orange and green) are
drawn for a single selected anchor point (blue). The model classifies each anchor
box, i.e., assigns to it a probability of containing an object and then does a bounding
box regression, outputting the size and rotation difference between the anchor box
and a ground-truth bounding box.

of a detected object. Anchor boxes are needed to guide and provide feedback during
the training process.

The output of the model is therefore a tuple of tensors that contain both
classification output and bounding box regression results for each anchor box. For
example, given that N point clouds are processed at once, each having L x W x H
anchor points (because there are 3 dimensions), each anchor point having B anchor
boxes and each anchor box having 4 properties (length, width, height and rotation),
and there are C different object types to be estimated, then the output consists
of 6-dimensional tensor N x L x W x H x B x 4 for bounding box regression and

6-dimensional tensor N x L x W x H x B x C for object detection and localisation.

3.2.2 Voxel-based approach

Many point cloud processing models are built by some kind of dimensionality re-
duction, mostly flattening the point cloud to a 2D multi-view or 2D birds-eye-view
(BEV) format [6l, [77, [I73]. These solutions mostly still keep exact depth informa-
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tion for points (i.e., recorded distance from the sensor) but the depth is merely a
feature of a 2D pixel. Such models are not able to use neural network architectures
that utilize spatial dimensions to fully capture 3D geometry, e.g., 3D convolutions,
graph convolutions etc. Of course, some used mechanisms alleviate this by using
cuboids [41] or multi-view, e.g., building several 2D views (images) of a single 3D
point cloud, or by simply additionally using a 2D image [77].

Voxel grid is a rasterized version of a point cloud. Essentially voxelization
decreased dimensions of a point cloud by a magnitude, but still keeps the original di-
mensions. It makes voxel (which represents many points) the smallest unit of point
cloud. Voxels are used to reduce the computational complexity of point cloud algo-
rithms. Efficient use of a voxel grid requires compression of all points inside a voxel,
i.e., extracting or learning voxel features. A simplest example is to find a centroid
of a voxel by taking the mean of all points that belong to it. Such approach, e.g.,
[22] [132], uses at least partly hand-crafted features or deterministic methods, not
fully learnable deep learning models. Several methods use deterministic algorithm
to remove points that are considered less relevant and then process the remainder.
For example, Asvadi et al. [6] remove voxels that have points with small variance
in height, assuming them to represent ground.

Such an approach has two caveats: voxelization has a computational cost
(points in the point cloud are unordered, thus, voxelization requires sorting of the
points) and hand-crafted features have limited use. PointNet [124] and Pointnet++
[126] were proposed to overcome the need for voxels and directly learn features from
an unordered point cloud. However, Pointnet is trained on relatively small point
clouds of about 1000 points, whereas a typical outdoor scene in KITTI [49] dataset
has more than 100,000 points. VoxelNet [I83] was proposed to overcome this limit

while still enabling automatic feature learning.

3.2.3 Loss functions for 3D object detection

The primary aim of a loss function is to provide feedback to the training process and
guide it towards a better solution. Loss value in supervised learning is computed by
comparing model output to the ground truth. This value is then used to compute
partial derivatives for each node in a deep learning network. A partial derivative of
a node indicates how much this node contributes to the loss value. The optimisation
process then changes node parameters (neural network weights) such that the loss
value would decrease for the next step. Most 3D object detection algorithms use
cross-entropy loss, Smooth L1 loss [52] or another well-known loss function (or an

adaption of one). The advantage of Smooth L1 loss it that it is less sensitive to
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outliers than a regular squared error loss (see definition in Eq [3.7]).

Lin et al. [90] introduced focal loss for 2D object detection. Focal loss gives
more weight to the estimations of more complex objects, i.e., to the objects that are
more difficult to learn for the neural network.

a-IoU loss [57] takes a similar approach but instead of balancing classification
part it works on bounding box part of the estimation.

Unlike for model architectures where 2D examples are not directly transfer-
able to 3D due to computational limits, most 2D loss functions can be easily adapted
to 3D scenario. However, this is a little bit deceiving as those loss functions are often
designed for data with different distributions and variances, and hence might not
be best suited for 3D. For example, a distant object on a 2D image might be repre-
sented as 10x10 pixel patch, having 100 data points while the same object close up
might be represented by 100x100 pixel patch having 10,000 data points. The ratio
for 3D object might be the same but not due to scale, but due to sparsity. A close
object might be represented by 300 points and a far-away object by 3 points, but
their dimensions are the same, corresponding to the real world dimensions (e.g., 5m
x 2m x 2m). A good model would still localise it but probably would not be able to
estimate a bounding box with the same precision due to sparsity. Thus, a good 3D
loss function should guide the model to learn the far-away object location but does
not have to penalise the model too harshly for not getting the exact object position
correct (as this may hinder model’s ability to generalise well when it is forced to
output a precise localisation when there is not enough data to do so). The drawback
of extensive optimisation for finding every possible object is that the resulting model
might be overfitting, i.e., it is so specified that its feature space will not generalise
well for other tasks. Recent research has shown that loss functions contribute to
such [75] overfitting. However, the role of loss function is mostly problematic when a
trained model will be later adapted to different tasks (i.e., used for transfer learning

where only part of the model is re-trained while keeping most model weights).

3.2.4 Coordinate frame selection

Unlike in the 2D case where all the data are in the same coordinate frame, for
object detection from point cloud data it is necessary to transform data from one
coordinate frame to another to train and visualise data. KITTI dataset [49] provides
ground-truth coordinates in a camera frame while point coordinates in point clouds
are in lidar frame. Additionally, visualisation of results is important part of the
research process, so it is useful to work such that all data are in camera coordinate

frame. Point clouds in a training dataset are transformed using a transformation
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matrix T)9" that is built using the rotation matrix R{%" and translation vector 27"

velo
that KITTI provides for each sequence [49]:

A o)
velo 0 0

3.3 VoxelNet

VoxelNet [I83] was the best performing object detection algorithm on KITTI [49]
object detection benchmark when this PhD research started in early 2018. There-
fore, it is used as a base model for object detection research in this thesis. VoxelNet
is not an open source model and was implemented for experiments by the author of
this thesis.

The original contribution of VoxelNet is the feature learning network where a
feature is learned for each non-empty voxel. Full VoxelNet model is depicted in Fig-
ure A point cloud is input into feature learning network which learns a feature
for each voxel using multi-layer perceptrons (MLP). Voxels are then processed using
3D convolutions with batch normalisation (BN). Finally, 3D space is converted back
to 2D and a Region Proposal Network first downsamples and then upsamples the
data before it outputs the estimations. The output consists of regression estimate
(object coordinates) and boolean classification (object type) for each voxel. Data
processing steps are presented in yellow colour while neural network architecture is
in green in Figure [3:2]

Conceptually, VoxelNet in its default configuration divides a point cloud into
voxels. Each voxel corresponds to 40x20x20 cm in the real scene. Up to 35 points are
sampled for each voxel and a PointNet-like feature learning neural network is applied
to each voxel independently. Independent feature learing allows to learn features
sparsely, skipping the learning process for empty voxels. After learning a feature
for each voxel, a dense voxel grid is reconstructed where also empty voxels are now
represented. This grid is input to a dense 3D convolutional layer enabling the spatial
relations between voxels to be captured. Then, a Region Proposal Network described
in Section [3.2.1)is used as the last layer in the model for making estimations. Learned
features from 3D convolutional layer are flattened along depth dimensions resulting
in a 2D space (birds-eye-view). Finally, an estimation is made for each 40x40 cm
area of the resulting 2D space. The model outputs binary classification (i.e., whether
an area contains an object) along with the object dimensions.

VoxelNet can be trained to recognise different types of objects. Ground truth

data for objects in the training dataset must be in a specific format. Object dimen-
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Figure 3.2: VoxelNet model architecture. The model was originally presented in
[183]. The figure should be followed from the top to the bottom.

sions are represented as vector consisting of 7 components: x, y and z coordinates of
the object center, normalised object bounding box dimensions and the yaw rotation
around the height axis. Object bounding box dimensions are given relative to the
Region Proposal Network’s anchor point a. Assuming central coordinate of a ground
truth object is represented by (x4, y4, 24) and a coordinate of a corresponding anchor

point is represented by (z4, Yq, 24) then relative coordinates are computed as

— — 29— %
To o Ny=Y9 Y2 Ny 20 Fa

d ~ (3.2)

where d = /12 + w2 is a diagonal of the base of the anchor box and l,, w, and
hq are respectively the length, width and height of the anchor box. Additionally,
bounding box dimensions and yaw angle 6 of the object are also represented relative

to the anchor box. Also, bounding box dimensions Al, Aw and Ah are additionally
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normalised, such that

>

Al =log(2), Aw = log( 9), Ah = log(h—g), AO =0,—0, (3.3)
Wq a

S}

where lg, wg and hy are length, width and height of a ground object and [,, w, and
hq are again the length, width and height of an anchor box. 6 uses the same subscript
notation. Consequently, VoxelNet ground truth format for each object is a vector
u = [Azx, Ay, Az, Al, Aw, Ah, Af] and regression component of a Region Proposal
Network also outputs a 7-component vector w/ = [Ax/, Ayr, Az, Al1, Awt, Aht, AGI]
for each anchor box. Because there are two perpendicular anchor boxes for each
anchor point, the regression output is a 1x14 vector for each anchor point, but each
bounding box prediction is evaluated independently. Additionally, a model outputs
a Softmax classification probability score in a range between 0 and 1 for each anchor

box.

3.3.1 Loss function of VoxelNet

VoxelNet [183] uses a combination of a balanced binary cross entropy loss for a clas-
sification and Smooth L1 Loss [52] for a regression component. The two components
are summed to calculate a final loss value. Classification component is further com-
posed of positive anchor loss and negative anchor loss which represent loss values
for anchor boxes that overlap with a ground truth object and do not overlap with
ground truth boxes, respectively. The model outputs two vectors, regression esti-
mate u/ and classification estimate p. Classification estimation vector p is separated
into pP°® representing estimated probabilities for the positive ground truth anchor
boxes, and p™® representing estimated probabilities for the negative ground truth

anchor boxes. The loss function that outputs loss value L is then formalised as

reg (Wi, ui) (3.4)

Z Lcls Z Lcls neg 0

pos ne g

where « and § are balancing factors for positive classification component and neg-
ative classification component respectively, L. is binary cross entropy loss, Npos
and N, are the number of positive and negative anchor boxes in a corresponding
ground truth data. Regression component L., is Smooth L1 Loss and calculates
loss value for positive anchor boxes only.

The balancing factors o and 3 are used to balance the importance of positive

and negative anchor loss. The authors of VoxelNet [I83] use o« = 1.5 and g = 1.
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3.3.2 Inherent limits of VoxelNet

The work in this PhD research uses VoxelNet as baseline model and offers several
improvements. As VoxelNet does not have a reference implementation, the model is
implemented from scratch. For some parts it is possible to use existing but incom-
plete third-party implementations. There are many good reasons to select VoxelNet
as a baseline model: it is fast, well known, it has a simple and extendable archi-
tecture, and it has proved to work well. However, the main reason for selecting
VoxelNet as a baseline is that at the time when this PhD research on object detec-
tion started in early 2018, VoxelNet was the state-of-the-art model for 3D object
detection. At the time it topped the KITTI [49] 3D object detection benchmark.
We observe that the VoxelNet model also has several deficiencies. First,
with standard implementation as described in [183], it was not possible to repeat
the results claimed in the paper. To author’s best knowledge, neither has any other
third-party implementation succeeded in repeating them. However, the results have
been verified by the official KITTI [49] benchmark, so they must be achievable.
Most probably, some minor configuration parameters or implementation details were
omitted from the paper. However, with some parameter tuning (especially « and
B balancing parameters of the loss function), the replicated results resemble closely
the original model performance. Second, while VoxelNet utilises inherent spatial
relations in 3D data (e.g., uses convolutions over the 3D voxel grid), it uses 2D data
for generating anchors, an important part of the training process. This restrains it
from using the full potential of its capabilities as the height parameter is not used
for anchors. Third, it treats all objects in a training dataset as equal, limiting its
ability to learn complex objects that are either partly occluded or far away. This

work aims to address these issues.

3.4 Adaptive multi-component loss for 3D object de-

tection

This section introduces adaptive multi-component loss for 3D object detection which
is the main contribution of this chapter. The method adapts the weights it attributes
to each loss component as the training progresses, hence we call it adaptive multi-
component loss. Our reference model, VoxelNet, uses the combination of cross-
entropy loss (for object localisation) and Smooth L1 loss [52] (for object boundary
detection). The cross-entropy loss function is parameterised by weight factors a =

1.5 and 8 = 1 for the relative importance of locations that contain an object and
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locations that do not, respectively.

We replace cross-entropy loss for object localisation by adopting focal loss
[90], and hence introduce additional parameter v which is a modulating factor to
add weight to those objects that the network has not located well. The basic formula

for a cross-entropy loss of single object used by VoxelNet is
L = —log(p), (3.5)

where L is the output loss value and p is a estimated probability for a single location
containing a object. When a location contains an object then p should ideally be
approaching 1 which would minimise the loss value L. Adapting the focal loss we

change this to

L= —(1—p)"log(p). (3.6)

We use the our convergence assessment metric with Optuna [3] to find the best
parameters. At the end we follow [90] and choose v = 2.0 for training as this gave
the best results. However, we set o = 0.25 and § = 0.75 which give better results
than values used in VoxelNet [I83] (they use @ = 1.5 and 8 = 1.0). Finally, we
include Smooth L1 loss [52] for bounding box regression for all three dimensions
and for object rotation. A loss value L is computed for each of them independently.
The benefit of Smooth L1 loss is that it is less sensitive to examples with outliers
as it uses squared loss term for loss values less than 1 and absolute term otherwise.

For an element-wise error e, a Smooth L1 loss is computed as:

0.5¢2, ife<1,
L= (3.7)
e — 0.5, otherwise.

Given that each bounding box has 4 estimated values (length [, width w, height h,
and rotation €) and location (z, y, z coordinates), a loss value L is computed for each
of them and seven values are then summed. Bounding box regression loss is only
computed for positive anchor boxes that actually contain an object. Similarly to
VoxelNet [I83] we do not estimate the parameters directly, but differences from the
anchor box. Estimations are also normalised. Given that each box and bounding
box is described with a vector (I, w, h, x, y, z, 6), each estimation and ground
truth vector is normalised. Diagonal d* = 1/(1%)? 4+ (w®)? is used to normalise
length and width coordinates (as KITTI camera frame is used then y is the height

coordinate). Superscript ® marks an anchor box parameter and ¢ marks a ground
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truth parameter. The estimated vector ¢ is as follows:

9 —x® yI —y® 29 —2¢ 19 w? h9
a

e P T tog() og (o) Jog (), (67— 0). (39)

J=( 1

we
Therefore the bounding box regression Ly, loss for a positive anchor box is

Loy = Z L(param) (3.9)

paramed

where param is a component of . Such loss formulation achieves better results than
the original loss setup for VoxelNet. However, the gain is not significant. The most
important contribution of this thesis is that we make the loss components dependent
on each other and use the value of the box localisation probability as a dynamic

modulating factor for bounding box regression loss such that

Lioy = Z L(param) | *p (3.10)

paramed

where p is the output probability of a given anchor box. The motivation of using
probability p from classification output is to allow the regression component loss
Ly, to focus on objects that are already classified and not penalise the model on
dimensions of such bounding boxes that the model is not able to locate yet. Also,
there is no need to deal with class imbalance here. As class imbalance only concerns
the classification component for the loss function, it does not concern the regression
component which only penalises bounding box dimensions for a positive class.

We also test several more complex setups with p and an additional modulat-

ing factor -, similarly to the focal loss:

Lboa: = Z L(param) * (p)’y (311)
paramed
and
p
Loy = Z L(param) , (3.12)
paramed

but find no configuration which would yield better results than the simple formula-

tion in Equation
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3.4.1 Detaching modulating factor from a computational graph

While the mathematical definition of our adaptive multi-component loss is rather
straightforward, it is still very effective. However, the most important part of the
novel loss function is a correct implementation. As mentioned in Section [3.2.3
loss values are used to compute partial derivatives for each node. Those indicate
how much each node contributes to the total loss. However, if we directly use the
localisation probability p in computing Ly, then Ly, also additionally contributes
to the loss value that is attributed to those nodes in the deep learning model that are
responsible for localisation. Our experiments show that this is not a desirable side-
effect as it amplifies the role of localisation and will diminish the loss attributable to
the bounding box regression. As a result, the accuracy of bounding box regression
falls. Also, the localisation itself is already well-balanced using a version of focal
loss in Equation so there is no need to change that. Therefore, the crucial step
is to detach p from a computational graph of the deep learning framework. PyTorch
[118] framework is used in this thesis to write the models and train them. The
role of the framework is to provide auto-differentiation, i.e., there is no need to
explicitly compute the partial derivatives as PyTorch handles it. PyTorch observes
the computations in the model and automates the computation of partial derivatives.
It is essential to detach probabilities p from the computational graph before using
the values in computing Lp,;. The effect of detaching p from a computational
graph is to enable the computation of Ly, to take advantage of information about
localisation progress without affecting it. As a result, positive anchor points that are
well localised, contribute more to bounding box regression loss Ly, than those that
are not yet localised (i.e., model has attributed a low probability of them containing
an object). Such setup ensures that localisation is considered first and when the
boxes are well localised then more emphasis is put into estimating their parameters.

The rationale behind the adaptive multi-component loss is easy and difficult
to grasp at the same time. From a human perspective it is very simple: one has
to localise the object before assessing its parameters. It is more complex from a
computational perspective. Localisation and bounding box regression are parallel
tasks. Therefore, the model does not localise the object first. However, localisation
and bounding box regression in Region Proposal Network both use the same latent
feature space that the convolutional middle layers of VoxelNet output. Commonly
used loss functions (such as cross-entropy loss, Smooth L1 loss) force the feature
space in Feature Learning network and in convolutional middle layers to adapt
to both tasks at the same time. Although if the feature is not sufficient to be

used for localisation, it most probably is not sufficient for bounding box regression
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either. The complexity of the tasks is significantly different. As a result the relative
importance of a localisation penalty decreases if box regression penalty is also high.

Such situation might lead to complications. For example, it is a common
problem that the point cloud is too sparse to estimate the bounding box parameters
correctly, but sufficiently dense for localisation. With a standard loss function, the
problem is not solvable. Even if the localisation succeeds, then the model fails to
find good bounding box parameters and starts to rearrange the feature space. This
might lead to a situation where the model is unable to localise the object using a new
feature space. It then uses localisation loss to arrange the feature space back. Then
the cycle repeats. Observations of loss value fluctuations confirm this assumption.
Figure displays how loss values decrease for adaptive multi-component loss in
(a) and for cross-entropy loss combined with Smooth L1 loss in (b). Total loss value
is represented in blue color, while individual component of the loss are below it.
Positive localisation loss, negative localisation loss and regression loss are orange,
green and red respectively. As can be observed, there are more fluctuations in
(b) meaning that the optimisation process is rather coarse. Attempts to localise
new objects will result in losing some existing progress. For both loss functions,
exactly the same VoxelNet implementation with exactly the same setup is used.
Both use stochastic gradient descent (SGD) optimiser. The learning rate for the
SGD optimiser is set to 0.001 for both loss functions.
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Figure 3.3: Comparison of loss value smoothness for cross-entropy based loss and
adaptive multi-component loss. Adaptive loss in (a) has a much smoother curve
than the combination of cross-entropy and Smooth L1 loss in (b). Total loss is
displayed in blue, positive localisation loss in orange, negative localisation loss in
green and regression loss in red colour. Both (a) and (b) use SGD optimiser with
0.001 learning rate.

Most probably the novel loss function works well because it forces the model
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to learn the easy task first. Later in the training when model performs better, the
loss function adapts to the progress. Due to changing weights of the components,
i.e., due to adaptive behaviour, same features can be refined to solve the more
difficult task of bounding box regression without losing progress that was made on

localisation.

3.4.2 Results

As mentioned in Section [3.4 we determine the best model configuration for our Vox-
elNet implementation and for both loss functions by using hyperparameter search
using Optuna [3] and our convergence assessment metric. The effect of adaptive
multi-component loss is measured by training two identical VoxelNet models. One
is using the adaptive multi-component loss and the other is using the setup in Vox-
elNet paper [I83]. The model setup is kept fixed for two loss functions. We use all
four forms of data augmentation from Section SGD optimiser with a learning
rate 0.01 for the first 150 epochs. The learning rate is decreased to 0.001 for the last
20 epochs. The results are then evaluated on the KITTI [49] validation set using
official KITTTI validation methods. Loss parameters are @ = 0.75, § = 0.25 and
~v = 2. v is only used for adaptive multi-component loss.

The difficulty levels are defined on KITTI 3D object detection benchmark
Websitdﬂ and shown in Table The dimensions of an object are given in pixels (px)
and corresponds to the 2D size of a 3D object if it was projected into a corresponding

2D image.

Difficulty level | Min. bounding box height | Max. occlusion | Max. truncation ‘

Easy 40 px Fully visible 15%
Medium 25 px Partly occluded 30%
Hard 25 px Difficult to see 50%

Table 3.1: KITTI 3D object detection benchmark difficulty levels as defined on their
website.

Table compares the average precision (AP) [38] of the combination of
cross-entropy loss and Smooth L1 loss to the proposed adaptive multi-component

loss. The equation to compute AP [3§] is

1 -
AP = 11 Z maxp(r). (3.13)
r€0,0.1,...,1

"http://www.cvlibs.net/datasets/kitti/eval_object.php
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In Equation[3.13] the results of object detection are separated into 11 equally spaced
buckets r between 0 and 1. At each bucket, a maximum precision p(7) is found
among all measurements where the recall exceeds threshold r. Precision values are
then averaged. The results are validated on KITTI [49] validation set using ‘Car’
category. As is evident from Table the novel loss function outperforms its
alternative by a large margin at each difficulty level. An interesting observation is
that both setups achieve higher AP on more difficult objects. This is attributable to
the full volumetric comparison of estimations and the ground truth where the model
is performing poorly on very close objects. Figure (a) and (b) have examples of
such close objects. While the object is correctly detected, its dimensions are falsely

estimated.

KITTI difficulty level ‘ CE + Smooth L1 loss ‘ Adaptive multi-component loss

Easy 13.02 27.83
Medium 14.60 27.55
Hard 19.17 31.01

Table 3.2: Average precision (AP) results (in %) of training VoxelNet on KITTI
validation set in ‘Car’ category with the novel adaptive multi-component loss and
with the combination of cross-entropy loss and Smooth L1 loss.

The results presented here are significantly lower than those in [I83]. This is
due to a shorter model training period due to high cost of training. However, clearly
the model is converging and estimating well. The relatively low AP score comes from
a high number of false positive estimations (e.g., a model estimates a car where there
is none), imprecise bounding box estimations for close objects, and also from missing
very sparse objects. While this should be improved for better accuracy in real traffic
conditions, it does not interfere with the comparison of loss functions as the nature
of false positives is similar and caused by the model architecture and training level,
not the loss function. Model can be forced to reduce the number of false positives.
Most probably tuning the balance of o and § further would overcome this problem.
[ is used to penalise the estimation of false positives. Further tuning was not done
for this research as 1) there were not enough funds to pay for the computing time
2) the models are well comparable as the nature of false negatives is similar 3) the
qualitative assessment of results confirm the model is usable. Figure illustrates
several typical error cases. As can be observed, false positives are mostly placed
very close to the real objects (in (a), (b) and (d)) or are far away from the sensor
(in (c)). Hence for practical navigation and collision avoidance they do not pose a

significant problem. Future research should address this problem to eliminate false
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negatives.

Figure 3.4: Examples of false positive estimations of VoxelNet model trained on
KITTI dataset [49] with adaptive multi-component loss. Estimated bounding boxes
are presented in red colour. As can be observed, false estimations are either placed
close to the real objects (in (a), (b) and (d)) or far away (in (c)).

Figure [3.4] also demonstrates that all important objects are found. All cars
that might cause a collision are detected. The errors are not critical. The truck in (b)
is detected smaller than it is, but facet closest to the sensor is well detected. In (a),
the model confuses a pair of pedestrians with a car. Chapter [6] further analyses the
effect of such errors and ways to alleviate those from collision avoidance perspective.
However, it is clear from Table that the novel adaptive multi-component loss
function performs much better than the original loss function in VoxelNet, having

much fewer false positives and false negatives.

3.4.3 Qualitative evaluation on rural winter data

Finally, we collect data in a rural environment and use it to evaluate the model
trained with adaptive multi-component loss qualitatively. The reason for using only
qualitative assessment and not quantitative assessment is the lack of rigorous 3D
ground truth data which would be too costly to create for a small experiment.
Dataset consist of 2 hours of recorded data (5 different continuous recordings).
The data is collected using Ouster OS-1 lidar [I16] in Southern Estonia near

Vellavere and Vapramée. The collection took place during the winter. In addition
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to regular winter scenes we also chose scenes with rather heavy snowfall into the
test to see how the model performs in a noisy environment. Some of the laser rays
reflect back from the snowflakes and create a point is an otherwise empty space. To
our surprise where were no false positive detections or other disturbances which we
could address to the noisy points reflecting snowflakes (some point clouds contained
hundreds of such points).

The performance of a model is very good considering that the model itself
was trained on KITTT dataset [49] which contains mostly city scenes and no winter
scenes. It excels at spotting sparsely represented cars in an otherwise unstructrured
environment as shown in Figure [3.5] However, due to sparsity it is not able to
position more distant objects well and tends to make several different proposals for
the same object (Figure (d)).

(é) (d)

Figure 3.5: Examples of object detection on rural winter data using VoxelNet model
trained with adaptive multi-component loss on KITTI dataset [49]. Photos of a scene
are on the left and detection on 3D point clouds on the right. As can be observed,
the model works well in rural winter conditions (in (b) and (d)) although some
objects are often represented with several bounding boxes (in (d)).

However, the model also makes false positive predictions. In Figure two
typical situations are covered. First, in Figure (b) the model confuses a large

snow wall to a car and in (d) it falsely detects car in bushes. There were several
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other similar occasions where snow walls or trees and bushes were detected as cars.
In Figure (a) and (b) there is also a real car which it not detected. This it not
due to the model fault, however. As can be observed in (b) there are no recorded
points where the car should be. This is because the weather was relatively mild (-2
degrees Celsius) and the falling snow was a bit wet. As a result it fell onto the lidar
and started to freeze there. The points are not recorded because the front upper

part of the lidar surface was already covered with ice.

(© (@

Figure 3.6: Examples of failed object detection on rural winter data using VoxelNet
model trained with adaptive multi-component loss on KITTI dataset [49]. Photos
of a scene are on the left and detection on 3D point clouds on the right. As can be
observed, the model treats snow walls as cars (in (b)) and confuses bushes to a car

(in (d))-

A VoxelNet model trained with adaptive multi-component loss on city sum-
mer scenes is surprisingly robust when used with very different rural winter data.
It is reasonable to infer that the model is able to learn characteristic features of
an object type irrespective of the context. Further, robustness to the noise is also
remarkable as there were no false detections due to random points caused by large

and heavy snowflakes in an otherwise empty space.
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3.5 Method to assess convergence of a model for faster

pruning

Loss value is a good indicator of model convergence in a typical hyperparameter
tuning scenario. However, if hyperparameter search space includes loss function
parameters, loss values render incomparable and other methods are needed. This
section offers an alternative method that is not using a loss value. It is based on
assessing and clustering model output probabilities.

Training deep learning models requires many experiments which are costly.
Engineering a well-performing model requires a lot of hyperparameter tuning where
different configurations of model parameters are tested and evaluated. In some cases,
it also requires changing other setup and configurations like augmentation methods,
loss components or data format, to name a few. Configurations that might work
for some dataset, model setup or even for an object type might not be optimal for
another [9]. As training 3D models takes a lot of time (days or even weeks depending
on the available resources) and data, it is important to observe the quality of a
model setup during the training such that bad configurations that do not converge
could be pruned early. It is especially important if an automated hyperparameter
search is conducted (e.g., using Optuna [3], Tune [89] or other methods). This
requires observing some selected metrics related to the model. The most obvious
indicator of goodness is usually a direct measurement of model goodness on the
validation data. However, a loss value output by the loss function and averaged
over all the training examples at the end of each training epoch (i.e., after a single
pass over the data) can also be used as an indirect indicator of the convergence of
the model. The model converges if the loss value decreases. If the loss value does
not decrease or fluctuates then it is likely the indicator of non-performing model
configuration. When using an adaptive loss function it changes its parameters,
such as a modulating factor or balancing factors, while training, it is mostly not
possible to compare loss values directly between runs and epochs. This is especially
so when a training process utilizes a non-deterministic routine (e.g., data sampling,
augmentation, etc). On the other hand, to save time and cut research costs, there is
a need to assess and compare model quality for very different training configurations
such that bad configurations could be pruned (i.e, stopped) early to save time and
resources.

Figure illustrates a typical case where different loss functions output
different loss values for the same model state. All three loss functions receive the

output values of the same 3D object detection model at each epoch. Each loss
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function then outputs its loss value by comparing model output to the ground truth.
As can be observed from the graph, when the model output changes on each epoch,
loss functions tend to change towards the same direction. This can be explained as
when the output is closer to the ground-truth value, the loss value decreases and
vice versa. However, the precise amount, how much the loss value changes, varies
by loss function as they penalize errors differently. Therefore, as can be derived
from the experiment in Figure it is not possible to compare training progress
by comparing loss values from different experiments if different loss functions or loss
function parameters are used for training. This is a contradictory observation to
a typical hyperparameter search where different model configurations are usually
trained using the same loss function and where the average loss value would be a

good indicator of model convergence.

Loss value

10 20 30 40 50 60 70 80 90

Epoch

Figure 3.7: Loss value is an indicator of the convergence of the model. If several
model configurations are evaluated, then loss value is comparable if the same loss
function is used. However, as the figure illustrates, the reverse is not true. The same
model is evaluated with 3 differently parameterised loss functions. Model quality
is the same, but loss function values are not comparable for pruning purposes.
Hence other methods are needed for evaluation if hyperparameter search includes
loss function parameters.

While the goodness of a model could be evaluated by validating the estima-
tion against the ground truth, this is feasible only for simple tasks, but computa-
tionally costly for complex cases. For example, a precise validation of 3D object
detection result includes computing volumetric overlap between the ground truth
box and the estimated box which are both rotated along the yaw axis. Such val-

idation either requires additional computational resources or on shared resources
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increases training time. To avoid such extra cost while still being able to monitor a
rough estimate of the progress in the training, it is necessary to use a metric that
is cheap to compute. This work proposes a simple metric based on the probability
distribution of a binary classification output. This work uses it to prune ineffective

configurations while training 3D object detection models.

3.5.1 Assessing convergence from a probability distribution

A classification layer at the end of a deep learning model normally outputs a proba-
bility of an item belonging to a given class (with a value between 0 and 1), likewise
for the model introduced in this chapter. A converging high-quality model outputs
high probability for a correct class (e.g., class “car” for any real car) and low prob-
ability otherwise. On the other hand, a model that is either in an early phase of
learning or not able to learn well will have a much more uniform frequency distri-
bution. Example is shown in Figure [3.8] where the same point cloud from KITTI
[49] dataset is used to output model estimations at epoch 20 and at epoch 50. Com-
pared to a converging model output distribution in Figure the distribution here
is much more uniform. The model that outputted the results was later trained until
10 000 epochs to make sure that it will not converge to a good solution (it proba-

bly was stuck in a local optima). This section uses this observation to introduce a
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(a) Epoch 20 (b) Epoch 50

Figure 3.8: An example of a probability distribution of a poorly converging model.
An example frame from KITTI [49] dataset. Model output at epoch 20 is displayed
in (a), and model output at epoch 50 in (b).

metric that allows to compare different hyperparameter and model configurations

without using loss value, and without having to spend computational resources on

o4



exact evaluation of the model. Using frequency distribution of output probabilities
enables to measure the convergence in a stable manner across different model con-
figurations. However, it should be noted that the method is mainly tested on KITTI

dataset, and hence the observation made may be ad hoc and not generalise well.

3.5.2 Empirical evaluation

The approach is based on an observation that it is not necessarily a good idea to
prune configurations that converge slowly according to a loss value, but to prune
configurations that are not decisive, i.e., the output probabilities are too far from 0
and 1. Deep learning models are not convex functions but have many local optima,
hence measuring the speed and magnitude of convergence by loss value might also
be deceiving and counterproductive. Speed of convergence is dependent on which
parts of the optimisation problem are solved first, e.g., training process that tackles
complex problems first might converge slower. On the other hand, deep learning
models need to discriminate between classes. A binary classifier needs to clearly
output negative and positive cases to be practically useful. When a loss value of
a 3D object detection model is decreasing during a training process, but there is a
high dispersion of output probability values then such model is most probably not
optimising well.

Figure [3.9| shows how probability densities change when a model is success-
fully converging based on our empirical observation. There are over 76,000 anchor
points for each point cloud (see Figure for the illustration of anchor points). To
reduce the computational complexity we discretise output probability values into
buckets of 0.01. Each plot represents the distribution of output probabilities for
anchor points of a single point cloud. If the probability is close to 0 then the model
estimates that there is no object at that location. Accordingly, probability close
to 1 means that the model estimates that there is an object. At the first epoch in
(a), except for two peaks, the distribution is rather uniform. At epoch 10, most
anchor points have probability less than 0.5 and at epoch 20, most are below 0.2.
The model is converging. Finally, at epoch 50 the vast majority of anchor points
have been ruled out by the model.

We make use of this observation and notice that instead of plotting the
distribution of densities we could as well plot them cumulatively like for cumulative

distribution function (CDF). It allows to observe cumulative density D. for any
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Figure 3.9: Distribution of output probabilities of anchor points. Scene 000010 from
KITTTI dataset. The horizontal x-axis represents a discretised probability between
0 and 1 and the vertical axis the percent of probability density falling in any given
probability range.

discrete value z in all possible outputs X from a closed interval [0, 1] such that
D.(x) = 3 D(i), (3.14)
i=0

where D(i) is density value at 4, (i.e., number of outputs at discrete value i). While
all possible values of CDF sum up to 1, D.(1) sums to N, the total number of exam-

ples. Further, to make models with different N comparable, D(i) can be normalised
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such that its normalised version is
Dii
Dyorm (i) = 1572) x 100, (3.15)

and hence using Dy, (i) instead of D(i) we can treat D, conveniently as CDF such
that D.(1) =1, i.e.,

De(z) = Z Dirorm (). (3.16)

This normalisation is similar to how data are normalised for calculating a shape
parameter A (count of all observations divided by the number of buckets, i.e., obser-
vation space) for Poisson distribution. Unlike in Poisson, the number of buckets here
is always fixed as the scale is fixed. Additionally, for object detection, the number
of observations is also fixed because of the fixed network output size. This does not
allow using algebraic form of Poisson probability function P(z,A) to differentiate
the models, hence the use of CDF here.

Our goal here is to find a metric that describes both the variance of the
distribution and its centre. CDF enables it indirectly if we set an arbitrary threshold
and observe a cumulative value at that threshold.

As mentioned above, the dimension of object detection output is fixed by
the network output size. For such models, the majority of estimations are negative.
Hence, it can be assumed that the majority of estimations must have a low output
probability value. Defining this majority is the configuration parameter « of our
metric, where we observe that 0.97 works well. As it is more convenient to use
decreasing metric, the final metric « is the inverse of cumulative distribution at «,

7 =1=De(@) =13 _ Duorm(i). (3.17)

It must be noted that even well decreasing scenario does not guarantee con-
vergence of the model towards global optima. However, this is not of concern here
as we are observing this metric across many epochs. It is the role of actual loss

function to provide sufficient feedback to avoid or overcome local optima.
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3.5.3 Results and Discussion

The implemented metric is stable and can be used to compare training processes of
models with different loss functions. Figure [3.10]illustrates how the metric remains

relatively stable despite significant fluctuation of the loss function values. While

Loss

Epoch

Figure 3.10: The same, already trained model is evaluated with 3 different loss func-
tions (our Adaptive multi-component loss in red, Focal loss [90] in green and Smooth
L1 loss [52] in orange) and with the novel convergence assessment metric (displayed
in blue). Y-axis value for the convergence assessment metric is the value of v. Please
note that these are not training curves where loss value on each epoch affects the
next epoch, but evaluation with model weights fixed for all four experiments.

the loss function values are fluctuating due to many components, the metric value
shows how the distribution of estimated values change. Hence, it is not as sensitive
to changes in short-term model behaviour, e.g., when a training process might try to
overcome local optima. This is also because 3D object detection involves both object
localisation and object boundary detection. The probability distribution metric only
looks at localisation as this is crucial on early stages of training, where evaluating
boundary detection only makes sense when the object has been well localised. As
the main application area of this metric is early comparison (for the purposes of
early pruning) of different training configurations, it is sufficient to observe only
localisation.

Of course, it could be claimed that for binary classification it would be equally

easy and computationally cheap to use either precision and recall values, or even
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a normal cross-entropy loss for comparing models and pruning despite using other
types of loss for actual training. This is not entirely true, and using probability
distribution based metric has several advantages.

First, for a meaningful comparison against the ground truth there should be
a fixed probability threshold that could be used to determine whether a estimation
is good. This is problematic as pruning unsuccessful configurations should happen
rather early on in the training process, and fixing such threshold would assume
that all successful configurations converge at the same speed and manner. This is
not a case when the training configurations differ substantially. While our solution
measures convergence, it does so by observing the qualities of the whole distribution,
not of each single estimation.

Second, both precision metric (measuring how many positive estimations are
actually true), and recall metric (measuring how many real objects are actually
found) are sensitive to absolute values. For example, it is not meaningful to com-
pare two models on an early training phase where one consistently outputs 2 false
positives irrespective of the number of real objects, and the second model consis-
tently outputs 10% false positives depending on the number of real objects. Instead
of evaluating estimation quality at the early stage, our experience shows that it is
more meaningful to measure the speed of convergence via probability distribution
as this metric will not depend so much on specific model behaviour.

Third, cross-entropy loss value is a better metric but its aggregate value
also measures goodness of the model, not its convergence. As a result, a training
configuration that tackles complex objects first is disadvantaged and might even get
pruned over a model that prioritises easy examples.

Fourth, bounding box detection is a difficult task and metrics that measure
the quality of individual estimations might not be useful at all on early stages, e.g.,
Figure illustrates a case where individual estimations are still of low quality,
but the models are approaching the solution. Red bounding boxes are estimations
made by the model and projected into the image. We observe that model in (a) is
much closer to capturing the real object (a black car turning to the main road from
the right side) than (b) but there is too much noise to capture this numerically.
As a result, accuracy-based metrics like precision and recall are equally close to 0,
but the probability distribution metric differentiates the models showing that (a) is
closer to a real solution than (b) as model (a) is more confident in its estimation
than (b).

The probability distribution based metric manages to capture the difference

in quality while precision and recall metrics do not (are equally very close to 0).

99



(a) Model places majority of bounding boxes (in red) around the actual vehicle.

IR 5

(b) Model places all bounding boxes (in red) away from the actual vehicle.

Figure 3.11: Estimations of two models in an early training phase. The aim is to
place a bounding box around the car. There are many false estimations. Accuracy-
based metrics like precision and recall are equally close to 0, but the probability
distribution metric differentiates the models showing that (a) is closer to a real
solution than (b). Scene 000017 from KITTI dataset.

Figure displays output probability distributions of the models (KITTI scene
000017). As can be observed, the distribution in (a) is aligned more to left and hence
the model is more confident in its estimations. The distribution in (b) for another
model has a wider variance and the model is less confident in its estimations.

The probability distribution based metric is developed for practical purposes
for pruning model configurations that will likely perform poorly. The main motiva-
tion is to save in costs of training. Therefore, there resources to extensively test this
model are limited, and the results are described based on the empirical evidence
collected during the research. The method was tested as follows. First, a set of
configuration parameters were selected for training, altogether 50 different setups.
Then, Optuna library [3] was used for hyperparameter search and the A-value of
the novel convergence assessment metric was used as a criteria for pruning the ex-
periment. We take a note of 50% worst performing models (i.e., 25 models) and

label them as to be pruned. Then we randomly select 10 of them and train further.
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Figure 3.12: Distribution of output probabilities of anchor points. Scene 000017
from KITTI dataset. Model (a) is more confident in its estimations than (b).

None achieves results that are comparable to the best models in the search space.
The precision of those models is between 5-15% poorer than the best performing
model. We further use the \ to always prune at least 50% of experiments. There is
no absolute value or threshold of A which is a good indicator of a poor model. In-
stead, some percentange (e.g., 20-50%) of low performing models should be pruned.
We also acknowledge that to verify the method in a more rigorous manner, more
experiments are needed. But as each such experiment is very costly (approximately
£200-500 worth of computing time depending on configuration) we cannot afford

further experiments as this is not the main focus of research.

3.6 Other improvements in 3D object detection

Additionally, this thesis uses other minor improvements over the training process
outlined in the VoxelNet [I83] paper. This research makes small modifications in 3D
evaluation, uses simplified coordinate calculations, and a fourth data augmentation
method. Finally, we experiment with using different loss functions to train the same
model where one loss function is used for coarse training and then the other model

for finetuning.

3.6.1 3D evaluation for best anchor box selection

VoxelNet [183] uses 2D comparison to label anchor boxes as positive or negative.

Boxes that overlap most with the ground truth bounding box, are labelled positive
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and others are labelled negative for the training. This work implements this process
in 3D. Our method uses a full 3D anchor box comparison, including depth and
rotation. This enables the method to select the best anchor box for each object
volumetrically, and accordingly provide more precise training data.

For this, the method first builds a grid of bounding boxes (which are called
anchor boxes) uniformly distributed along the point cloud. It then compares the
anchor boxes with actual ground truth boxes. Only after the method detects an
overlap in the 2D birds-eye-view, it makes a volumetric comparison in full 3D. Such
approach allows the use of anchor boxes with different heights or at different heights
(unlike in birds-eye-view). As a result, positive anchor boxes are selected based on
comparing their volumetric overlap with ground truth boxes as opposed to flattened
2D overlap. Regrettably, this contribution is mostly useful for more complex data
and model setup. KITTI [49] does not contain data where full volumetric com-
parision would give an advantage. However, real world driving scenarios are more
complex and this advancement will be useful when the data contains multi-level

intersections, bridges etc.

3.6.2 Removing negative coordinates

In this work, coordinates where one of the axis has a negative value are referred as
negative coordinates. It is computationally easier to process data without having to
deal with negative coordinates. Namely, should there be points in range (-500, 500)
on the horizontal x-axis, it is necessary to create a mapping for every such coordinate.
Accessing the point means accessing a mapping entry in a data structure and then
finding the point. On the other hand, eliminating negative coordinates allows to
access data directly from the data structure where it is stored such that the x-axis
coordinate value corresponds to the data structure index value. Hence coordinate
shift is implemented for x-axis coordinates over all possible values X such that the
x-coordinates for all lidar points are shifted (i.e., axis redefined) by the absolute
value of minimal x-coordinate. For example, first find minimum x-coordinate value

and then shift all coordinates by this value, i.e.,

Smin = abs(min(X)) (3.18)
2€X =1+ Soin. (3.19)
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3.6.3 Data augmentation

Data augmentation is a crucial step in many machine learning scenarious. It al-
lows to train more robust models that are able to recognise objects from different
perspectives. Standard augmentation techniques in 2D imaging include cropping
and tilting images. This allows, for example, to bring far-away objects closer or to
emulate a slightly different camera angle. On the other hand, data augmentation
can compensate for the lack of training data which could otherwise lead to overfit-
ting the model to the training data. Augmentation is a cost-effective means to have
more training data. VoxelNet [I83] uses three forms of data augmentation. First,
it rotates and translates the contents of each bounding box within the point cloud
independently by a random value from a fixed range. Second, is scales the whole
point cloud by a maximum of 5%. Third, it applies global rotation of the whole
point cloud along the vertical axis.

We also implement the same augmentation techniques but introduce a fourth
one that we consider most beneficial, namely sensor randomness emulation. As
described earlier, a lidar sensor sample points from a real 3D space at a given
frequency and step size (determined by the number of laser rays and distance of
the object). As a result, two scans of the same static scenery are not the same.
Points are sampled from slightly different locations within that scene. We choose to
emulate such situation by introducing sensor randomness emulation.

While points differ in two scans of the same object, they still record the same
scene and the point cloud as a whole has the same statistical properties (i.e., number
of points, density and distribution). The aim of the method of sensor randomness
emulation is not to change those properties, but still augment individual points. For
this, the method augments each point individually by a maximum of 0.01 meters.
The augmentation values are sampled uniformly at random for all the point cloud
at once such that the probability distribution of augmentation values resembles
Gaussian noise with zero mean and variance 0.01 meters across the whole point
cloud over all the orthogonal axes. Given the point cloud X with shape [I, w, h]
then the sensor randomness emulation is applied to all points x on all three axis at

the same time.

3.6.4 Using several loss functions in one training process

There exists a significant amount of research on different loss functions. To the best
knowledge of thesis author, there are no experiments, at least in 3D point cloud

object detection, that uses several loss functions in a sequence to train a single
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model. Changing training parameters is not uncommon at all. Most common trick
is to decrease the learning rate as the learning progresses (e.g., in [183]). The effect
of changing a loss function is more unpredictable due to gradient update mechanism.
Each loss function gives different feedback to the model due to different calculations
of loss values. However, this does not necessarily mean that the effect is bad.
Changing a loss function during the training process resembles the behaviour of
an adaptive loss function. Therefore, a short test is conducted with VoxelNet 3D
object detection model as follows. First, the model is trained for 150 with the
combination of cross-entropy and Smooth L1 loss using 0.01 learning rate which
will be decayed to 0.009 by the 150th epoch. Then the learning rate is decreased
to 0.001 for refinement. The same model is further trained for 20 epochs using
the adaptive multi-component loss. The results in table clearly show that the
method does not work. The first column repeats the results of cross-entropy and
Smooth L1 loss from the main experiment in Table the second column shows
the results of this experiment. The results for this experiment are much worse than

for the cross-entropy and Smooth L1 loss.

KITTI difficulty level ‘ CE + Smooth L1 loss \ CE + S. L1 + Adaptive loss

Easy 13.02 8.81
Medium 14.60 9.57
Hard 19.17 12.66

Table 3.3: Average precision (AP) results (in %) of training VoxelNet on KITTI
validation set in ‘Car’ category using the combination of cross-entropy loss and
Smooth L1 loss for the first 150 epochs and the novel adaptive multi-component for
further 20 epochs (in the second column). Results for only using cross-entropy loss
and Smooth L1 loss are shown for comparison in the first column.

Although the method did not work, it still provides important insight into the
adaptive loss function. The fact that adaptive loss function was not able to improve
the results of the alternative loss function in 20 epochs shows that while the loss
functions are rather similar, they guide the model very differently. The inability
of the model to improve in 20 epochs means that its feature space is very different
from the version that was trained using only adaptive multi-component loss. To
use the information provided by the adaptive multi-component loss, the model has
to rearrange its feature space. This supports the hypothesis that adaptive multi-
component loss not only provides faster convergence, but also guides the model to
build a different, hopefully richer and more representative feature space.

Finally, to complete the experiment, we test the loss functions in a reverse

order. First, we take a model trained using adaptive multi-component loss for
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the first 150 epochs and then train it further 50 epochs with cross-entropy loss
and Smooth L1 loss. The results presented in Table only confirm the previous
hypothesis that different loss functions direct the model to build a different feature
space and not to refine the model. As can be observed, training the same model
with a different kind of loss function leads to a significant decrease in performance.
While adaptive multi-component loss achieved 31.01% average precision (AP) in
hard category, the performance of the same model after 50 further epochs with

cross-entropy and Smooth L1 loss fell to 14.19%. This combination was trained for

KITTI difficulty level ‘ Adaptive multi-comp. ‘ Adaptive + CE + Smooth L1

Easy 27.83 9.89
Medium 27.55 11.09
Hard 31.01 14.19

Table 3.4: Average precision (AP) results (in %) of training VoxelNet on KITTI
validation set in ‘Car’ category using the adaptive multi-component loss for the first
150 epochs and the combination of cross-entropy loss and Smooth L1 for further 50
epochs (in the second column). Results for using only adaptive multi-component
loss are shown for comparison in the first column.

150 + 50 epochs instead of 150 + 20 epochs as in the previous experiment. This is
because the loss value was fluctuating more than 70% after 150 + 20 epochs, i.e.,
the model was not stable enough for evaluation. The results at 150 + 20 epochs
would have been very different from both 150 + 19 and 150 + 21 epochs, but still
marginal (e.g., AP for all categories was between 2-3% at epoch 150 + 20). This
indicates that adaptive multi-component loss leads for a faster convergence of the
model as it was relatively stable, i.e. there were no extreme fluctuations after 150 +
20 epochs when adaptive multi-component loss was used as a second loss function.
In fact, the results are similar to a performance of a model that was trained from

the scratch for 50 epochs.

3.7 Summary

This chapter introduces advancements in 3D object detection. The work used Voxel-
Net as a baseline model and offers several improvements. First, we build an adaptive
multi-component loss function that combines cross-entropy loss with focal loss [90]
and adds a novel modulating factor p for bounding box regression loss. Localisa-
tion probability vector is detached from the computational graph of a deep learning
model and is used as the factor p. This allows to use more precise bounding boxes

and speed up training due to forcing the model to solve a simpler task first. Ex-
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periments show that the novel loss function outperforms the standard combination
of cross-entropy loss and Smooth L1 loss. Second, probability distribution based
metric allows faster training due to fast detection of configurations that are not
converging. Third, a new data augmentation method called sensor randomness em-
ulation is introduced for 3D point clouds that is specific to sparse data and not
derived from a 2D. This allows the model to learn same scenes as if it was recorded
with several different scans, reducing overfitting. Finally, the experiments show that
it is not sensible to sequentially combine very different loss functions for refinement

as this decreases the performance of the model.
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Chapter 4

Semantic Segmentation of Point
Clouds

4.1 Overview of semantic segmentation for point clouds

Point cloud semantic segmentation is a process of assigning a class label for each
point in the point cloud. An example of a segmented point cloud from Semantic
KITTTI dataset [15] is shown in Figure where point cloud is represented as 2D
birds eye-view image for better comprehension. The point cloud contains various ob-
jects and surfaces. Altogether there are approximately 20 different semantic classes
in the figure. For example, moving car is denoted by light green and road surface by
purple colour. Semantic segmentation is a challenging task and there are still many
research problems to address. Separating moving objects from static objects is one
of them. For example, the car on the other side of the intersection has some blue
colour on the roof. This is an error of a semantic segmentation model as such blue
denotes a static car which is not moving. The circular white region near the centre
of the intersection is a blind spot and not an error. It happens in this example scene
because lidar is placed on the roof of the car and no emitted laser ray touches any
object in the white area.

By 2019 it became evident that 3D object detection alone was not sufficient
for point cloud processing needs of a fully autonomous vehicle. 3D object detection
had researched a point where any further gain in accuracy came with a cost of
increasingly more complex model architecture. For example, Frustum ConvNet
[168] proposed a complex multi-resolution architecture to achieve approximately
0.2% gain over the previous best result of PointRCNN [143]. At the same time, two

equally important factors withheld the development of point cloud segmentation
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Figure 4.1: An example of a semantic segmentation of a point cloud represented as
2D birds-eye-view of scene 000030 from Semantic KITTI [I5] dataset. Each coloured
pixel represents a point and each colour represents a different semantic class. White
circle in the middle is a blind spot around the lidar.

model for large point clouds until 2019. First was the lack of ground truth data
to train such algorithms. A typical outdoor point cloud might contain 100,000 or
more points. Assigning a well validated label for each point is a huge task not
only because of the amount of work involved, but also because it is difficult for
humans to correctly label each point due to point cloud’s sparsity. An example is
provided in Figure where the reader would find it difficult to label each point.
As one can observe by comparing Figure [4.2a) and (b), providing annotations
to each point is not only labour-intensive but it is also difficult to determine the
correct class. The second reason was the absence of efficient means to process sparse
3D point clouds such as to keep the high resolution that a point cloud natively
has. Typically 2D images are segmented using convolutional neural networks [81]
(CNN-s, please see Section . CNN-s apply a set of small kernels over the
image. The application of such kernels enables CNN-s to construct compressed
latent representations of the input data (i.e., features) which can be further used to
detect objects and segment pixels. These operations are computationally conducted
as tensor multiplications which enables efficient batch processing. Dense tensors are

used in the process. As a result, empty space also must have a recorded value in
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dense tensor. Figure illustrates the order of magnitude difference between space
occupied by recorded points and empty space. Dense representation of the sparse
point cloud in Figure (a) would require equally distributed data points for all
of the empty space. In comparison, the image (b) is inherently dense, each pixel

always has an associated value.

(a)

Figure 4.2: Sparse 3D point cloud (a) and its corresponding image (b) from KITTI
scene 000045 (aspect ratio and exact sensor position are different). Key to interpret
the point cloud: black - empty space; light blue - recorded point; light green -
bounding box showing object location.

Dense tensors work well with 2D images where each possible pixel location
has a value attached to it. However, point clouds are sparse and do not have data
representation for empty space. Treating point cloud data as dense tensors is com-
putationally infeasible as the size of 3D space is several orders of magnitude larger
than the size of 2D space. As presented in Section [3.2] most point cloud meth-
ods have hence used some kind of data reduction [172, [I83] or other optimisations
[143], 146]. As a result of such reductions, most algorithms were inevitably built in
way that a final output of a model could not be related to a specific point in the
original data but rather to a local area. Alternatively, graph neural networks were
proposed [166] as graphs are inherently sparse, but they also suffer from the same
problem - large outdoor point clouds are infeasible to process. Hence, semantic seg-
mentation for large outdoor point clouds was not practically possible as it requires
making a prediction for each point in the original point cloud. Relating the input
to output while having an acceptable computational overhead has been the main

challenge for 3D semantic segmentation.

4.2 Sparse point cloud processing

Semantic segmentation of outdoor 3D point clouds has been made feasible by al-

gorithms and software that allow sparse convolutions (e.g., [28, 55, 56, 156]), i.e.,
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convolutions that are applicable without having to explicitly represent empty space
in a dataset. Since point clouds are inherently sparse, sparse convolution allows
using covolutional operator without having to fill in the empty space. While sparse
convolutions were already used for some 3D object detection methods (e.g., SEC-
OND [I72]), early solutions were specific to the task and hence did not keep a link
between input points and the output. Instead, the output was mapped to a specific
voxel.

The foundational work on sparse convolutions is from Graham [55] already
from 2014 when he worked at the University of Warwick. The work was later ex-
tended [56] to submanifold sparse convolution (SSC). SSC allows information to
flow between objects that are otherwise disconnected due to sparsity in the hidden
layers of neural networks. However, their implementation was able to process rel-
atively small point cloud data of ShapeNet [26] and NYU Depth [I45]. A major
breakthrough in point cloud processing was achieved by Choy et al. who introduced
Minkowski engine [28], a software library that implemented sparse convolutions.
They developed auto-differentiation algorithm for sparse tensors to achieve that.
Auto-differentiation is not needed for convolution but is required to use such con-
volution as part of a neural network. While Minkowski engine still uses voxels, the
voxel resolution is high enough (i.e., voxels are small enough) to assume that most
voxels contain points of the same class. Tang et al. derived from this idea and
developed Sparse Point-Voxel Convolution (SPVConv) [156] where they add a point
branch for even better resolution. It allows to connect each point from the input
point cloud to the output label (as opposed to assigning a label to a larger voxel
space). This is important as the point branch preserves the fine details [I56] which
voxel branch would otherwise lose as it stores a unified feature for the whole voxel.
Information from the point branch is then used to make a more precise estimation
on fine details such as on object boundaries and small objects (we refer reader to
[156] for illustrated examples). Deep FusionNet [I81] is a similar but slightly more

complex architecture.

4.3 Benefits of semantic segmentation

Semantic segmentation allows much more precise understanding of the point cloud
data as it does not limit the shape and size of any object like bounding boxes do
in 3D object detection. Namely, finding 3D bounding boxes requires a generation
of candidate anchor boxes (please see Section using Region Proposal Network

[131] or a similar approach. As a result each possible shape and size combination
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adds significantly to the overall computational requirements. This limits a feasible
number of combinations that could be searched for in 3D object detection. Semantic
segmentation on the other hand has no such limitation - the search space is bounded
by the size of the point cloud, objects can be of any shape and size without affecting
computational requirements. Further, as there is no need to pre-define possible
shapes and sizes, it is possible to search for many more object types (data classes).
Semantic KITTI [15] uses 19 annotated classes for its benchmark in a static version

and 27 in a dynamic version.

4.4 Segmentation of dynamic and sequential point clouds

Dyanamic object segmentation differentiates between moving and non-moving ob-
jects. For example, instead of a single “car” category there are “car” and “moving-

car”.

4.4.1 Challenges of dynamic segmentation

In many cases, it is rather difficult even for a human to tell whether an object is
moving or not by just observing the object itself. The same applies for semantic
segmentation algorithms. A car still looks the same both when it is parked (i.e.,
it is a static object) and when it is moving (i.e., it is a dynamic object). We can
distinguish between dynamic and static objects either by context or by observing
them in time.

Assigning a class by context means that we evaluate where the car is located,
its surrounding and relations to other objects. This is something humans do when
looking at a photo or what essentially can be inferred by a point cloud segmentation
model that only uses one point cloud as input. Assigning a class by observing
the object in time allows to register whether the object has moved regarding its
surroundings. This is the main motivation to build a deep learning model using
point cloud sequences. Hence, detecting moving objects inherently also captures
similar features as for the scene flow. For example, PointFlowNet [14] predicts
scene flow to understand movement (see also Section [2.6.3). Scene flow captures the
movement between two (or more) scenes. While it is not the purpose of this work to
compute a scene flow, it is reasonable to assume that building a model that would
be capable to capture a scene flow would also aid in detecting moving objects, i.e.,
such model should have equivalent input. Unlike for scene flow, segmenting points
is a binary decision - each point either belongs to a static or to a dynamic object.
That should simplify the model when compared to other models ([I4, 93]) that aim
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to output precise scene flow information.

4.4.2 Segmentation of sequential point clouds

As mentioned in Section [£.1] the main limiting factor of 3D point cloud segmentation
has been computational feasibility. Hence, processing sequences of point clouds has
been even more difficult due to the same limits. Early attempts used recurrent net-
works that were successful in natural language processing. McCrae and Zakhor [104]
combine PointPillars [80] with Long Short-Term Memory (LSTM) recurrent neural
networks [62]. Fan and Yang test several configurations of recurrent networks [39].
Huang et al. [66] use LSTM combined with U-Net [I33] type sparse convolutions,
but also require additional sensor input to compensate for ego-motion of the vehicle.
The effect of processing point cloud data in sequences is to observe move-
ment between the scenes and using that observation to make enhanced predictions.
Figureillustrates how the static environment (e.g., roads (denoted in pink), trees
(i.e., with brown trunk and green leaves)) remains the same while dynamic objects
(e.g., cars (light green) on roads(pink)) move. However, the lidar is placed on top
of a car near the middle of the intersection) so that the recording sensor moves. As
a result all the static objects also appear to move relatively to the lidar. Hence,
globally static objects, like trees or buildings, are displaced in a local sensor coor-
dinate frame when the sensor is moving. However, unlike for dynamic objects, the
coordinates of the static objects in a global coordinate frame does not change.
Several approaches have been proposed to process sequences of point clouds.
MeteorNet [94] generalises PointNet [126] architecture to several point clouds and
fuses points from sequential point clouds. MinkowskiNet [28] develops a 4D convo-
lution operator to handle time dimension. SpSequenceNet [142] builds an attention
mechanism based on 3D convolutions. After transformer architecture [162] achieved
excellent results in natural language processing, transformers have also been suc-
cessfully used for segmenting 2D image sequences [182]. Point 4D Transformer [40]
extends the idea to point clouds and combines 4D convolution with transformer
architecture. The problem with using deep learning models from natural language
processing is that like LSTM networks, transformer architecture also requires much
more computations than convolutional networks do for the same amount of data.
Hence points cannot be directly input into transformers and require some kind of
patching of the input or other optimisations which further complicate the architec-

ture. Such models tend to be rather slow for real time processing.
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Figure 4.3: Four scenes from the same sequence from SemantiKITTI [15] dataset
illustrating how the local coordinates (in sensor frame of reference) of both dynamic
and static objects change when the lidar sensor moves. In scene 000040 (a) and
scene 000060 (b), the car with the lidar sensor is turning to the left. In scenes
000080 and 000088 the car has completed the turn.

4.4.3 Evaluation of semantic segmentation

The results of semantic segmentation are typically evaluated using the mean value
of intersection over union (IoU) with the ground truth data. This metric was pop-
ularised and made de facto standard by Pascal VOC classification challege [37, 3§].
Semantic KITTT that is used in this thesis [I5] also uses the same convention. Mean
intersection of union (mIOU) is defined as follows [15] [37]:

C
1 TP,
IoU = —
e C;TPC+FPC+FNC’

(4.1)

where C represents the number of classes in the scene; T'P., FP. and F'N, are the
number of true positives, false positives and false negatives for class ¢ accordingly.

While at the training time a ground truth for the training set is used, the

73



model performance is measured against the validation data which does not overlap
with the training data. This thesis uses Semantic KITTI dataset [15] similarly to
other research. The full sequences ’00’, ’01°, ’02’°, ’03’, '04’, '05’, '06’, ’07’, ’09’, ’10’

are used for training and the sequence 08’ of is used for validation.

4.5 Open problems in sequential point cloud processing

This chapter proposes a novel deep learning architecture for fusing point clouds in
a latent feature space. The proposed model aims to overcome several problems that
current sequential semantic segmentation models suffer from. To our best knowl-
edge, all deep learning segmentation models that use point cloud sequences take
unprocessed whole point clouds as input and use recurrent architecture or even
transformer architecture [40]. Models that require unprocessed point cloud input
for all scenes in the sequence [14} 94, 142] process each point cloud N times where
N is the sequence length. Models with recurrent architectures, e.g., [39, 104} [175],
remember their state and process each scene only once. However, recurrent archi-
tecture for point clouds is very complex as it requires turning unordered point cloud
into an ordered sequence. This requires some form of complex feature manipulation.
For example, work in [39] builds and performs spatiotemporally-local correlation of
points in sequential point clouds using k nearest neighbour search. For computa-
tional feasibility they choose k = 2. Transformer architecture [162] has proven to
work very well for sequential data and be superior to recurrent networks on most
cases, but a trivial transformer implementation requires all-to-all comparisons of all
features. This is infeasible even for 2D images. There has been a lot of research
on efficient transformers recently (see [I58]) to reduce a quadratic computational
cost. In [32] an image is divided into 16x16 patches, flattened and the flattened
patches are used as inputs to transformer all-to-all comparison architecture (en-
coder). However, even transformers with best optimisations to date are infeasible
for whole outdoor point clouds. Similarly to dense convolutions, the original feature
space is too large for the method even after optimisations. Hence, Fan et al. [40]
divide point cloud into local areas, learn features for each local area and input the
learned features to a computationally heavy transformer part of the model. Lai
et al. [79] similarly apply transformers on computed embeddings of the sampled
points after dividing point cloud into non-overlapping cubic windows, essentially
voxels. They demonstrate their approach on small object and indoor point clouds.

Different approach is taken by the work in [28] where a special 4D sparse

convolution is designed to include time dimension. However, they observe that

74



the computational cost and the number of parameters in the networks increase
exponentially as they add a new dimension.

A typical point cloud processing includes reading data into memory, sorting
them (as point clouds are unordered, yet most deep learning models require sorted
data), learning features and making predictions. Repeating the first two steps are
easily avoidable for any model with some engineering effort, for example by storing
sorted point clouds in an operating memory. However, learning features is a com-
putationally expensive process and there is no way to avoid repeating it without
special model architecture. The work in this PhD thesis observes this and offers an
alternative approach which (a) re-uses already learned features and (b) applies 3D
convolution to keep the computational complexity low. The architecture is described
in Section

4.6 3D-SEQNET sequential semantic segmentation

This section introduces the architecture of sequential point cloud semantic segmen-
tation deep learning model which we call 3D-SEQNET. The model makes use of
a saved latent feature space of a previous point cloud to keep the computational

overhead low while taking advantage of sequential data.

4.6.1 Feature fusion in latent space

To reduce the computational complexity of processing sequences of point clouds,
this PhD thesis proposes a deep learning architecture which fuses point clouds in
a latent feature space. Latent feature space is a set of matrices, i.e., features, that
are computed in the middle layers of a neural network. It is called latent as the
features are abstract and mostly not directly interpretable by a human (although
some convolutional features can be visualised in a meaningful way [109]). Feature
fusion in a latent space allows to skip repeated processing of the same point cloud

up until to the point of feature computation.

4.6.2 Backbone network

The solution proposed in this PhD work uses a backbone network. Backbone net-
work is a well-established deep learning network that is able to learn features of
a point cloud well. Backbone network is used as a basic building block (i.e., as a
core component) of a more specific neural network. Using a backbone network is a

widely used technique in deep learning. For example, many specific 2D image pro-
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cessing tasks are solved using a backbone network that has been proved to work on
a large general dataset, for example, ResNet models [58] on ImageNet [76] dataset.
This work uses a modified SPVCNN [I56] network as its backbone. The original
SPVCNN is optimised for a semantic segmentation of single point clouds. We omit
the classifier at the end of the network and use SPVCNN as backbone network
to train feature for the models presented in this thesis. A conceptual example of
a typical backbone network is presented in Figure where the left-hand side of
the model learns features and the right-hand side of the model uses the features to

classify each point. Only the left-hand feature learning part is used as a backbone.

Figure 4.4: An example of a deep learning model that can be used as a backbone.
Mostly, only feature learning part of the model is used.

4.6.3 Setting a baseline and the object classes

A baseline model is a deep learning model that is used for comparison. A result
that is better than that of the baseline model is considered an advancement. As
the work in this thesis uses SPVCNN [I56] as backbone network, it is logical to use
SPVCNN also as a baseline. The model architecture of SPVCNN is pictured in Fig-
ure Lidar points are fed to the point branch and voxel branch simultaneously.
Voxel branch computes features downsamples tehm and then upsamples again while
sending intermediate results back to the point branch which uses multi-layer per-
ceptron (MLP) architecture to process lidar data pointwise. Finally, two branches
are merged to a single feature space and a classifier outputs the estimation. We
refer reader to [I56] for more details.

However, SPVCNN is built to predict static classes only. This work extends
it to include dynamic classes. The selection of classes is the same as in Semantic
KITTI [15] moving object segmentation benchmark. For example, where the original
SPVCNN version predicts ‘car’, the extended version predicts two separate classes,
‘car’ for non-moving cars and ‘moving-car’ for moving cars. As the extended version

predicts 27 different classes instead of 19 as in the original version, we call the
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Figure 4.5: A conceptual diagram of SPVCNN [I56] architecture. Our baseline
model SPVCNN-27 uses the same architecture and only modifies the classifier.

extended version SPVCNN-27. Table lists all the classes that are predicted by
the extended model. The left column contains classes used by the SPVCNN and

right column the classes that SPVCNN-27 uses in addition to them.

’ Static class ‘ Corresponding dynamic class

road
sidewalk
parking
other-ground
building
car
truck
bicycle
motorcycle
other-vehicle
vegetation
trunk
terrain
person
bicyclist
motorcyclist
fence
pole
traffic-sign

moving-car
moving-truck

moving-other-vehicle

moving-person
moving-bicyclist
moving-motorcyclist
moving-on-rails
moving-bus

Table 4.1: List of classes estimated in dynamic semantic segmentation. 8 dynamic
classes with moving-* name patterns are added compared to a semantic segmenta-
tion of static classes.
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The same set of classes will be used in 3D-SEQNET proposed in this thesis.
The first 19 classes in the first column are shared with SPVCNN with the above-
mentioned exception that the semantic meaning of several general classes is different
and excludes moving objects. Naturally, this only applies for classes of objects that
could potentially move, e.g., a car, a pedestrian, etc. There is no dynamic equivalent
for classes that are always static, e.g., ‘road’, ‘building’, ‘pole’, etc. Altogether the
extended SPVCNN-27 predicts 8 dynamic classes. Those are named with a ‘moving-
" prefix in Table Also, two further dynamic classes are extracted from ‘other-
vehicle’ that do not have equivalent static class, ‘moving-bus’ and ‘moving-on-rails’
(the latter contains mostly trams). Similarly to the work in [I56], the reason that
the list of classes (both static and dynamic) is determined by the SemanticKITTI
[15] benchmark it that such list can be easily evaluated against the ground truth
provided by SemanticKITTI.

SPVCNN-27 that predicts 27 different classes from a single point cloud is
used as a baseline model for comparison in this work. Such selection also enables

measuring the effect of processing sequences of point clouds instead of single scans.

4.6.4 3D-SEQNET model architecture

The proposed architecture for 3D point cloud feature fusion model 3D-SEQNET is
provided in Figure The novel contribution of this thesis is the feature fusion
which consists of three parts: non-duplicating batch merge to fuse features of two
sequential point clouds, positional embedding to relate each point to the correct
sequence, and convolutional feature fusion. This section first explains the concept
at high level and then each block of the proposed feature fusion model is explained
in detail.

There are two inputs for the model, the most recent point cloud PC} from
the current time step ¢t and features F;_; from latent feature space of the point
cloud PC;_q from the previous time step ¢t — 1. As we use stored features F;_ 1
there is no need to pass previous point clouds through the backbone part of the
model. Only the most recent point cloud goes through the backbone network which
outputs a set of features F;. At that point, those features are saved to be used for
processing the next point cloud. At the same time similarly saved features F;_1 from
the previous point cloud are loaded. Both F; and F;_q are then input to a batch
merge block which is the first part of feature fusion. Batch merge block merges
features from F} and F;_; into a single data structure. The model architecture
has no design restrictions in adding more previous scene features, e.g., Fi_o, F}_3.

However, adding them requires more GPU memory and computational power both
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Figure 4.6: Model architecture of 3D-SEQNET, a deep learning model for sequential
point cloud processing that fuses point clouds in a latent feature space. Green blocks
are responsible for the feature fusion while a blue block is concatenating the original
feature space and the fused feature space.

during training and for inference.

Figure [4.6] shows the best performing non-duplicating batch merge block.
This and other options for batch merge are detailed in Section below. The
second part of the feature fusion consists of two stacked 3D sparse convolutions (as
in [I56], using convolutional kernel size 3 x 3 x 3 and not changing the dimensions
of the data), both followed by batch normalisation block and a ReLU activation
function. Last two are standard components of deep learning models. While batch
merge joins the data, convolutional feature fusion block learns new features from
the merged data. To make it easier for the convolutional feature fusion block to
learn relevant features, all point features are enhanced with positional encoding
similarly to [94]. Positional encoding shows whether a feature belongs to F} or to
F;_1. Learned features from feature fusion are then input to a concatenation block
together with a copy of F;. Such residual connection makes both fused features and
unfused features available for the final layer of a model, a classifier. Experiments

show that the best performance is gained by applying a linear transformation on F}
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before concatenation. Therefore, concatenation block enhances feature F; by passing
them through an additional multi-layer perceptron layer (MLP). MLP is a standard
architecture of neural networks. Finally, the result is input into the classifier which
outputs probabilities for each point belonging to each class. The very last step is to
unroll the data into the original shape of the point cloud so that each point cloud

be directly mapped to the predicted class label.

4.7 Batch merge for feature fusion

The core part of feature fusion is the process of non-duplicating batch merge. The
process merges the latent features of the current point cloud with the feature space
of a previous point cloud. As sparse point-voxel convolutions [I56] are used in the
process, each discrete voxel coordinate can only contain a single feature vector.

During the development of the model, the following variations of fusion were tested:
e Keeping features from both point clouds;
e Keeping all from PC; and only features for dynamic objects from PCj_1;

e Keeping all from PC; and unique features from the previous point cloud
PCi_;.

4.7.1 Keeping all features

Keeping features from both point clouds PC; and PC;_; would require overcom-
ing the restriction that sparse point-voxel convolutions require unique coordinates.
Providing unique coordinates is not possible for every point as there are almost cer-
tainly points with identical coordinates on both in PC}; and PC;_1. The simplest
solution would be to double the feature size and fit both features of corresponding

points on the same coordinate such that the joint feature space F; would be
F; =F, || Fi— (4.2)

where || is a concatenation operator. Assuming both feature spaces F; and F;_; are
n X 64 vectors, the dimension of F}; would then be n x 128 where n is the number
of points in a point cloud. However, such solution means that features of points on
coordinates that are present only in one point cloud will be half empty and should
be padded to perform tensor operations necessary to train the model. Figure [4.7
illustrates three options for feature vectors that are present on such fusion. Many

feature vectors are padded on either side as they do not have equivalent point in
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the other point cloud. Such configuration was tested and the initial tests show
significantly (5-10%) lower mloU with the ground truth data than the baseline
model SPVCNN-27. Details are presented in Table It is also more than 300%

slower to train due to large volume of excessive padding.

| Semantic segmentation model | Max mloU | Epochs required | Epoch run time |

SPVCNN-27 baseline 61.397 27 47min
Full padding (best run) 58.29 40 3h 2min

Table 4.2: Mean IoU results of segmentation models on Semantic KITTT [I5] vali-
dation set for 27 classes; and the number of training epochs required to achieve the
result. As can be seen, full padding model performs worse than the baseline, so this
method is discarded.

[no data]

[no data]

Figure 4.7: Three options for feature vectors when merging all point features from
both point clouds. Many feature vectors would be half empty.

4.7.2 Keeping only dynamic points from a previous point cloud

The goal of feature fusion is to capture the dynamics of the scene better than is

possible only from a single point cloud. Hence it would be appropriate to keep only
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point features that represent potentially dynamic objects from the feature space
F;_1. This raises a fundamental question: how to determine and select those points.
It would be feasible to achieve when training the model, as there is access to the
ground truth values. However, when using the model for the intended purpose, there
is no access to the ground truth when segmenting captured point clouds on a vehicle.
Hence the only possible approach is to select potentially dynamic points by using
the model output (i.e., based on model estimation) made for the previous point
cloud PC;_1. Such approach has a significant drawback, namely it most probably
causes an accumulation of errors. When a false estimation is made for a time step
t —1 then the features of potentially dynamic objects that will be input on time step
t will also be erroneous. So, even when the model would show superb performance
on training, its performance on new data would be more uncertain than for other
configurations due to accumulating errors. However, such a model is still trained for
the comparison and as can be seen from Figure the performance of this model
(measured on Semantic KITTI validation set) is indeed worse than for the baseline
model. The most plausible interpretation is that a selection based on the model
output for a previous point cloud either causes the error to accumulate over runs or
a valuable information is not in the dynamic points itself, but in their relation to
other points.

It is surprising that features of dynamic points appear to be useless in predict-
ing motion. But it might have two explanations: previous explanation was wrong or
the gain is not from finding dynamic points, but from dynamics of the scene which

are more appearant on the edge between dynamic object and static world.

4.7.3 Non-duplicating batch merge

The process of non-duplicating batch merge for feature fusion keeps all the features
with unique coordinates. It receives all the features F} from the current point cloud
and only features with non-overlapping coordinates from F;_;. It has the best
performance among batch merge blocks. Feature fusion is built such that the joint

input F}; will be
Fj=FU(F—1\ F). (4.3)

Compared to a full merge of all features, this approach results in a 50% smaller
feature space Fj as can be observed by comparing Figures and Unlike for
full merge, features from the current and previous point cloud feature space are not

concatenated but kept separate. The rationale behind this approach is that only
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Figure 4.8: Baseline model SPVCNN-27 performs better than a modification that
fuses only point of dynamic objects (DYNAMICONLY) and selects its input into
feature fusion block based on its own output on previous step.

most important edge features will be merged from the previous step. Figure
illustrates how three possible feature configurations in Figure would be kept in a
non-duplicating batch merge block. The first feature fill not contain a feature from

a previous time step, while the second and the third feature do not need a padding.

4.8 Training process

The models are trained and training process is observed in epochs. Each epoch
is one pass over the whole training dataset. Experiments show that when trained
on Semantic KITTI dataset [15] the optimal number of epochs when training 3D-
SEQNET, its modifications and the baseline model varies between 25 to 40. After
this, the model starts overfitting and loses precision on the validation set.

Similarly to [I56] we use cross-entropy loss, stochastic gradient descent (SGD)
optimiser with the initial learning rate 0.24 and the weight decay 0.0001. SGD uses
Nesterov style momentum [152] for regularisation, a standard approach to make the
model more adaptable to different data.

The training process also considers a case that the previous point cloud

might not be available, e.g., when booting up the system when used in a car. The
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Figure 4.9: Given the same original features as in Figure the joint feature set
F; would have smaller dimensions, keeping all from F; and only those from F;
where there is no point on the same coordinate in F;.

model should be robust to such missing data. Therefore, the model is also partly
trained without inputting features F;_1. This is to cover the case in real operational

environment where there is no access to the previous point cloud feature space.

4.8.1 Two-stage training process

We also test whether it would help to train the model faster if the training was
divided into two stages. The motivation is that when we start training the model,
the feature space is not descriptive enough to make good predictions. Hence, we
alm to test if omitting a previous feature F;_1 on early training phase would speed
up the training of a model. In the first stage, the model is trained only with the
current point cloud until it outputs reasonable estimations (which we measure by
loss value). In the second stage, the model is trained further using both the current
point cloud and the previous feature F;_;. For this experiment, a threshold for a
loss value is set at 0.99 using cross-entropy loss. When the average loss value for an
epoch falls below the threshold, the training process switches from the first stage to
the second, i.e., starts using both the current point cloud and the feature set of the
previous point cloud. However, the experiment fails completely. The 3D-SEQNET
model trained using such procedure converges slower, has approximately 30% lower
mloU at epoch 25 and shows no good characteristics. Therefore, we train all further
experiments in one manner, using both PC; and F;_; as input starting from the

first epoch.
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4.8.2 Validating the usage of previous features

The aim of the training process of a neural network is to learn an optimal solution.
If the feature space of a previous point cloud has no value to the model, one would
expect the model would just ignore such data. Therefore, it is important to under-
stand if the model actually makes use of the previous point cloud’s feature space or
is it rudimentary. To conduct a very basic evaluation of the approach, a previous
feature space F;_1 is omitted for one training epoch to see if it affects the model
performance. The experiment is repeated 10 times. Each time omitting a previous
feature space decreases the result quality. In Figure one such experiment is
pictured. Feature space of the previous point cloud is omitted around step 27000
(each epoch takes about 2400 training steps) for one epoch. As can be observed,

the mIoU metric (higher is better) instantly drops.
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Figure 4.10: Experiment of omitting a feature space of a previous point cloud for one
epoch around step 27,000 (equivalent to epoch 11), where the prediction capability
falls significantly.

The experiment demonstrates that the features from a previous scene are
used in the final estimation that the model outputs. After normal training is re-
sumed and previous feature space is again used then the model performance recov-
ers (around step 30000). However, it does not necessarily mean that the estimation
would be so much worse without using previous point cloud features at all. To
make sure that features from the previous point cloud indeed have an effect, the

contribution of those features is further investigated in Section [4.9.2
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4.9 Understanding the model behaviour

4.9.1 Qualitative assessment of error cases

Models can be validated both qualitatively and quantitatively. Most scientific papers
prefer a quantitative validation by measuring some form of precision, e.g., most often
using average precision (AP) [38], mean average precision (mAP) or mIoU [37]. This
allows to compare the performance of models numerically. However, for practical
engineering purposes, it is as relevant to assess models qualitatively to understand
where and how they succeed or fail. Figure demonstrates a failure case of 3D-
SEQNET model where half of the car (enclosed in a blue square) is estimated to be
dynamic (denoted in light green) and half of it static (denoted in blue). High level

metrics will only show lower metric score but will not be able to capture the essence

of the error.

N

Figure 4.11: Each coloured pixel represents a point and each colour represents a
different semantic class. An example of a erroneous estimation where approximately
half of the car (inside a blue rectangle) is predicted as dynamic (moving, in green)
and half as static (in blue).
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The erroneous case in Figure [£.11] is due to two reasons. First, information
required for the dynamic segmentation is only present on one side of the car. Second,
as the segmentation is conducted using convolutional kernels, the size of the kernel
is not large enough to capture the dynamics for all points of the car. This can be
mitigated in a future work by using panoptic segmentation. Panoptic segmentation
is an advanced version of semantic segmentation where the model also assigns an
instance ID for each point such that points belonging to the same object (e.g., to

the same car or pedestrian) have the same instance ID.

4.9.2 Model interpretability

Deep learning models are sometimes described as black boxes. It is indeed practically
impossible for a human brain to grasp an exact explanation of how a given input
leads to a given output, but it is not theoretically impossible. The limiting factor
here is not the nature of a deep learning model - such models are mathematically
well defined - but the size of the model. A modern deep learning model might
include millions (or even billions) of parameters. Such large number of parameters
makes it practically impossible for humans to follow the precise logic that the model
uses to make an estimation. However, it is still possible to comprehend the decision
process of such models.

The essence of deep learning model interpretability is to attribute model’s
decision to certain parts of the model or input data. If one can observe a certain
model output then it is also possible to observe and understand which parts of the
model affected the decision most, and which parts of the input data affected the
decision most. This enables to understand and interpret the behaviour of the deep

learning model. Hence, the main types of attribution are:
e Neuron attribution;
e Layer attribution;
e and Input attribution.

Neuron attribution [31] is perhaps the most accessible method as it evaluates
the role of each neuron in the neural network. The method is therefore easy to use
and its results are easy to understand. However, if the neural network is rather
large, then evaluating each neuron independently would not give a good picture
of how the network is operating. One would have to evaluate millions of data
points. There, layer attribution and input attribution are more suitable method

for interpreting large 3D deep learning models like 3D-SEQNET. Layer attribution
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[176] helps to visualise the effect that each layer in the network has in outputting a
certain estimation. This is escpecially useful for 2D convolutional layers [176]. This
work uses input attribution, also known as primary attribution [I51] and implements
it for debugging purposes. The aim is to understand how much the previous feature
space F;_1 contributes to the final estimation.

Input attribution using the integrated gradients (IG) algorithms [151] is
tested using Captunﬂ software library which offers IG implementation. As the
process is rather slow, we only test 50 point clouds. The average contribution of the
previous feature space is 5.1%. Given that the previous point cloud should only con-
tribute to the segmentation of dynamic points, this can be considered a reasonable

result.

4.10 Experiments and improvements

Several experiments are conducted with slightly different configuration of 3D-SEQNET.
First, 3D-SEQNET is trained using the same configuration as the baseline model
that is described in Section including the number of epochs (25), loss func-
tion (cross entropy loss) and other hyperparameters. This allows a fair comparison
between the models. The results are displayed in Figure The optimal training
point for the best results is around 60,000th iteration (i.e., 25th epoch). After that
the model starts overfitting to the training data and hence loses the ability to gen-
eralise well on the validation data. Only 3D-SEQNET is trained past the optimal
point. While the baseline achieves its best mloU value of 61.397 with the ground
truth on validation data at 60,000th iteration, 3D-SEQNET achieves mloU value
61.585 a bit earlier and has 0.188 improvement over the baseline model.

The effect of fusing features raises the mloU value by 0.188 which can be
considered as a good improvement. However, currently the feature fusion provides
the model the information about the dynamics of the data, but does very little
to help it to interpret the data. However, as 3D convolution is a computationally
expensive operation even if it is a sparse convolution, then we look for methods
that would help the model without additional computational cost. Convolutional
neural network can interpret the data by applying convolutional kernels on the data.
The size of those kernels determines how much each kernel can “see” at once, i.e.,
the size determines its receptive field [98]. We use this knowledge and redesign the
convolutional feature fusion block. After many experiments the design depicted in

Figure offers the best improvement. The improved convolutional feature fusion

"https://captum.ai
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Figure 4.12: Validation results of 3D-SEQNET (in yellow) compared to the baseline
model SPVCNN-27 (in blue) and the version of 3D-SEQNET where only features
of dynamic points were chosen from the previous feature space Fy_.

in Figure first encodes and then decodes the feature space using 5 x 5 x 5
kernels instead of 3 x 3 x 3 kernels in the vanilla 3D-SEQNET version. It enables
the kernel to have a significantly larger receptive field. Further, while the vanilla
version kept the feature dimensions intact while fusing, the improved version shrinks
the data dimensions by half (n x 64 feature to n x 32) forcing the model to encode
the information in a smaller space. This allows the network to capture and keep
higher level features that are more relevant for detecting dynamics in the scene. The
decoder part on the right side of Figure then restores the original dimension
so that the resulting feature could be concatenated with the F; that is input from
residual connection in the next processing step.

The improvement to the convolutional block of the feature fusion provides
a significant increase in mloU value for the dataset. Figure illustrates the
progress. As a result of the improvements, the model is also less prone to overfit
to the training dataset and achieves its peak mloU value later than the vanilla
3D-SEQNET.

The improved model, 3D-SEQNET-enc, achieves a 62.816 mloU on Semantic
KITTT [15] validation set which is a 1.231 improvement over the vanilla 3D-SEQNET
and a significant 1.419 improvement over the baseline model SPVCNN-27. The
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Figure 4.13: Improved convolutional feature fusion which encodes and then decodes
the feature space using 5 x 5 x 5 kernels. Convolutional blocks are followed by batch
normalisation (BN) and ReLU activation function.

results are also presented in Table

| Segmentation model | Max mIoU | Epochs to achieve mloU | Parameter count |

SPVCNN-27 61.397 27 9,456,335
DYNAMICONLY 60.819 27 6,053,395
3D-SEQNET 61.585 25 6,053,395
3D-SEQNET-enc 62.816 40 9,298,970

Table 4.3: Mean IoU results of segmentation models on Semantic KITTT [I5] valida-
tion set for 27 classes; the number of training epochs required to achieve the result;
and the number of total model parameters.

In terms of model complexity, deep learning models are most commonly
assessed by the number of parameters. The more parameters a model has, the
costlier it is to train it. Table shows that both DYNAMICONLY and 3D-
SEQNET have a modest 10.9% rise in the number of parameters while it is able to
process twice as much data as a baseline SPVCNN-27 model. They have the same
number of parameters because the difference is in non-duplicating batch merge block
only. The best performing 3D-SEQNET-enc however has 70.4% more parameters
than the baseline model, growing the number from 5.4 million to 9.2 million. While
this is a lot, it is still proportionally less than the amount of data which it is able to
process compared to a baseline model. However, most of the parameter growth is
attributable to the convolutional feature fusion block. Future work should analyse

if the same effect could be achieved using less parameters.
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Figure 4.14: Validation mIoU of the improved 3D-SEQNET model (in maroon)
compared to the baseline model SPVCNN-27 (in blue) and the vanilla version of
3D-SEQNET (in yellow).

4.11 Summary

This chapter proposed a semantic segmentation algorithm 3D-SEQNET that uses a
novel feature fusion method. The method fuses features from the previous point
cloud with the features of the current point cloud in the latent feature space.
Non-duplicating batch merge block, positional encoding and convolutional encoder-
decoder architecture are proposed to achieve the goal. To author’s best knowledge
this is the only sequential point cloud segmentation model which does feature fu-
sion. Such fusion allows to process and use a previous point cloud without having
to compute its feature space again. The method achieves significantly better results
on Semantic KITTI validation set that the baseline model.
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Chapter 5
Test Car System

This chapter details how to deploy the algorithms introduced in this thesis. First,
a hardware description is provided in Section followed by software overview in

Section 5.2

5.1 System requirements and limiting factors

Lidar installation is necessary to evaluate and test 3D object detection and semantic
segmentation algorithms. However, the installation of lidar needs special equipment,
hence a special test car is prepared. A 2014 Toyota Auris ST is used as a test vehi-
cle. Ouster OS1-16 [I15] is used as a lidar. The lidar is shown in Figure from
two perspectives. The lidar has a round shape and is symmetrical except for the
type RJ45 cable connector (displayed as a protrusion on the top view) which is used
to connect the lidar to the computer. The direction of the connector points to the
negative z-axis of the output point cloud. This is important as point cloud coordi-
nates are used for navigation. Navigation algorithms, including object detection and
semantic segmentation algorithms, require consistent use of coordinate axis. This
lidar emits 16 laser rays which are emitted by lasers from the middle part of the
lidar, depicted as white area in the side view in Figure Therefore this lidar has a
much lower point cloud resolution than Velodyne HDL-64E that was used to create
the KITTI [49] dataset. The KITTI dataset was used to train the models in this
thesis. The decision to use Ouster OS1-16 is a practical choice as it was provided
for this research by our industrial partner Oxford Robotics IncE] that sponsors this
research. However, using a different lidar from the KITTI also enables to test how

the algorithms perform on a different point cloud resolution.

1Oxford Robotics Inc. is better known under its dynium.ai trademark.
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Figure 5.1: Ouster OS1-16 lidar viewed from top (left) and side (right). Protrusion
on the left image is type RJ45 connector. Rotating lasers are behind the white clear
area on the right hand view. The top and the bottom of the lidar consist of heat
sinks. Image is taken from Ouster OS1-16 hardware user guide [115].

The criteria for placing the lidar on the car are set by the following require-

ments:
e 360 degrees visibility;
e Minimize blind spot;
e Avoid recording the car itself.

360 degrees visibility is required for testing purposes as it is beneficial to have an
identical field of view (FOV) for the training dataset. This is not a strict requirement
as the algorithms are able to work well on any point cloud shape, but having a similar
FOV enables to test the algorithms in all directions. 360 degrees horizontal FOV is
achieved as Ouster OS1-16 is a rotating lidar. Fast rotation enables to collect data
from 360 degrees around the lidar. The rotation rate is configurable and is either
10 or 20 Hz while a lower rate enables to collect denser point cloud.

Each lidar has a blind spot which depends on their vertical FOV. Ouster
OS1-16 has a vertical FOV of 33.2 degrees (16.6 degrees both up and down) [116].
Therefore, the higher the lidar is relative to the ground, the larger the blind spot
around the lidar. Figure [5.2] illustrates the vertical FOV of a lidar where « is the

vertical view angle and the area between the blue lines is the vertical FOV. Blue
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lines represent the highest and lowert laser rays respectively. Between them there
are additional 14 laser rays. FOV is by default symmetrical for both upper and lower
part of the FOV but could also be reconfigured if needed. As can be observed from
the figure, the blind spot around the lidar is between the lower edge of the vertical
FOV and the ground level. The blind spot area is shaded with grey slanted lines in
the image. Accordingly, the size of the blind spot depends on the installation height
of the lidar. However, due to technical limitations, Ouster OS1-16 always has an
area 0.8 m around it where it is not able to collect a point cloud. However, this will
not be a problem for car installation as the blind spot illustrated in Figure [5.2] is

greater than 0.8 due to vehicle height.

]

TN

Figure 5.2: Vertical field of view of the lidar is between the blue lines. For Ouster
0OS1-16 this is 2 x a where o = 16.6°. The striped area represents the blind spot.
Drawing of the Ouster OS1-16 on the left side of the figure is taken from [IT5].

However, while the aim is to limit the size of the blind spot around the lidar,
it is also necessary to avoid recording the car itself, i.e., a lidar ray should not touch
the surface of the car. To achieve this, the lidar needs to be placed high enough so
that it does not record the surface of the car but still as low as possible to minimize
the blind spot. Potential self-recording scenario is illustrated in Figure [5.3] where
two possible locations A and B for the lidar are depicted. The blue line originating
from the possible locations is the lowest laser ray. Point B is not a suitable location
for a lidar as the laser ray touches the car bonnet. Point A is a good location as
the lowest laser ray does not touch the car. To minimize the blind spot, an optimal
location would be somewhere between points A and B where the lowest ray does not
touch the bonnet, but the gap between the ray and the bonnet is kept minimum.
However, the same rule applies for other surfaces of the car too, 360° around the

lidar, so the optimal location has to be found considering all areas of the car.
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Figure 5.3: Lidar should be installed such that it is not recording the car that carries
the lidar. Point B violates while point A satisfies this requirement.

5.1.1 Test car setup and hardware installation

As is clear from the requirements in Section the optimal location for the lidar
is on the roof of the car. Thus, the installation of the lidar involves the following.
First, a pair of Thule roof bars is installed on the car (the silver bars visible in
Figure [5.4). The roof bars are a standard equipment and are later used to mount
the lidar. Roof bars are the base where it is possible to mount a dedicated lidar
mounting rack (an assembled mounting rack can be seen in Figure on top of
the roof bars). To build the mounting rack it is then necessary to determine the
optimal position of the lidar. Once the position has been determined, it is possible
to construct a special mounting rack for the lidar. Additionally we require that it
would enable to easily mount and unmount the lidar. We also have a requirement
to change the angle of the lidar should it become necessary in later research.

To meet the requirements set in Section the optimal location for the lidar
is determined empirically. We connect the lidar to our computer system and start
it. A special software is used to display the captured point cloud near real time.
A lidar is then moved around such that its rays do not touch the car in any place,
but the blind spot is minimized at the same time. We use arbitrary objects to fix
the position of the lidar as illustrated in Figure which is a hand sketch that
was in fact used to build the mounting rack. Optimal position is then measured
as indicated in the Figure [5.4] For this test car, the lidar should be placed 23.6
cm above the roof of the car and the mounting rack should be 12 c¢m above the
roof bars. The distance between the two roof bars is 66 ¢cm. The dimensions of
the mounting rack are derived from those measurements. Such empirical process

enables to bypass costly and time-consuming 3D modelling and calculations step
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which would be an alternative way to determine the optimal position, but would
require 3D model of the car. The approach in this work is many time faster and of
much lower cost. Also, in Figure Thule roof bars are already installed (depicted

in silver).

Figure 5.4: Hand sketch from determining the optimal lidar position. The sketch
was used to measure important dimensions that are necessary for building the lidar
mounting rack. Actual dimensions vary with car and are not important for the
reader to follow.

Finally, we construct the mounting rack from steel bars. The lidar can be
easily mounted and unmounted using butterfly screws. The lidar is mounted such
that the RJ45 connector port is facing the rear end of the car. This is to minimize
the wind pressure on the connection cable at high speeds. The cable runs into
the car where it connects to the computer system inside the car. A complete lidar
installation is shown in Figure As can be seen from the figure, the car has some
snow on it. To account for such weather we kept the gap between the lowest laser
ray and the car surface a few centimetres rather than millimetres to avoid recording

the snow on the surface of the car.
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Figure 5.5: A completed mounting rack assembled on top of the test car driving in

a historical district in Haapsalu, Estonia. The installation takes into account that
the surface of the car might have some snow.

5.2 Software integration

The system runs on Ubuntu 20.04 operating system. To process the point clouds, a
standard Robot Operating System (ROS)El is used to run the system. The system
is depicted in Figure A Ouster lidar SDK ROS packagd?] is installed which
processes the incoming point cloud data stream. As points arrive in a stream this
package captures them and outputs the whole 360° point cloud for the next step.
A specially programmed wrapper software then captures the point clouds. It then
runs the object detection and semantic segmentation algorithms and outputs the
results on the screen for human assessment. It also makes the results available for
another programs. Simultaneously, the wrapper saves the point cloud for future
research and validation. An industry standard rosbag file format is used to save the

recorded point clouds.

2ROS is used to operate robotic systems but it is not a real operating system as such.
3Provided by Ouster Inc
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Figure 5.6: A software setup for lidar data collection and testing illustrating how
an incoming data stream is processed and passed to object detection and semantic
segmentation algorithms in point cloud processor node (upper right).

5.3 Summary

This chapter proposed and described the test car system that is used to collect the
data for this PhD thesis. It described the hardware system setup and proposed a
simple empirical method to find an optimal place for a lidar on top of the car with-
out complex 3D calculations. It then gave an overview of the ROS-based software
architecture that is used to collect the data. The actual test car used for this PhD

thesis was set up accordingly and proved to work reliably.
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Chapter 6

Potential Collision Test Based
on Lidar Point Clouds

6.1 Introduction

6.1.1 Task-agnostic approach

The aim of this Chapter is to contribute to the development of a collision avoidance
system that is able to adapt to different scenarios, i.e., not limited to any specific task
or environment. For some cases, the vehicle needs to follow a given path, for others
take the shortest path, and yet for others follow landmarks in the environment. Due
to this requirement it is not reasonable in this thesis to integrate path planning and
collision avoidance tasks into one specific method as some works [I7] do for other
purposes. Path planning is very much related to the specific task while collision
avoidance is a more general goal. Rather, collision avoidance and path planning
should follow the high cohesion and low coupling principle where components are
separate from each other, but work together for a greater navigation goal.

This chapter presents the construction of a collision avoidance approach from
this perspective. First, the chapter develops a testing method to assess the viability
of object detection (and possibly semantic segmentation) models for collision avoid-
ance. Second, the chapter reviews and tests the performance of object detection
model that was described in Chapter [3| The collision avoidance system is tested
using the test car setup that was introduced in Section [5.1.1] More specifically, we
implement VoxelNet [I83] for object detection and train it using 3D anchor box
selection with our adaptive multi-component loss function from Section For
semantic segmentation we suggest using our 3D-SEQNET model detailed in Sec-
tion Finally, this Chapter analyses the test results and develops an advanced
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system design to overcome one of the most crucial problems of object detection,
namely false negative predictions (i.e., when a system does not detect an actual
object, e.g., a car) caused by unfavourable random sampling.

Collision avoidance is defined for this thesis as a goal of an autonomous
vehicle to avoid both the collisions that it might cause and collisions that might
be caused by other traffic participants. There is a significant amount of work on
collision avoidance, from simple systems to avoid rear-end collisions on passenger
vehicles [139] to robots that learn to avoid collisions themselves while moving (i.e.,
use reinforcement learning instead of pre-trained models) [70]. Some works are very
specific, e.g., propose an algorithm to compute a collision probability [19]. Other are
more general works that develop navigation models and algorithms for autonomous
vehicles [I7, [167]. Finally, commercial patents are also available. Ford has patented
[95] an “off-road autonomous driving system” which is essentially a flowchart of
rules. For example, if there is a ditch ahead, the vehicle might drive through, and

also, perhaps, it might not. Obviously, such patents are not used for this research.

6.1.2 Preliminaries and setup

The goals of this chapter will be achieved using a fully functional object detection
deep learning model but without a modern navigation algorithm. Instead, the sys-
tem uses a dummy navigation algorithm. As there is no fully autonomous test car
available for the research in this thesis, it is not possible to plug in a real naviga-
tion algorithm. Instead, the test car will be driven by a human pilot, the author
of this thesis. In addition to Ouster OS-1 lidar system installation described in
Section [5.1.1] an additional camera is installed inside the test car. The camera is
Logitech Brio 4K and its output is not used as part of automatic collision test, but
rather to provide additional qualitative verification and guidance. The photos taken
with this camera are used throughout this chapter to illustrate different test cases.
The test car is shown in Figure [6.1

As described in Section [5.2] sensor output is processed using a system based
on ROS Noetic software where data collection, navigation and collision avoidance
software are added. These parts are working as ROS nodes, a term used for a
software component that listens, reads, processes and outputs data for other nodes.
The system can run both in real time (when an onboard computer with a GPU is
used) or just used for data collection (when onboard computer uses modest hardware

capable of running ROS).
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Figure 6.1: Test car system complete with the OS1 lidar and Logitech Brio 4K
camera. Locations of the lidar and the camera are indicated by the orange arrows.

6.1.3 Navigation goal

Object detection and semantic segmentation deep learning models developed in this
thesis are only part of an autonomous vehicle navigation system. Their output
can be used by different navigation algorithms which are responsible for avoiding
collisions with any significant objects on the road, e.g., other vehicles, pedestrians
and other large objects. Furthermore, a complete autonomous navigation system
will have redundancy in the system. Fach sensor and subsystem will have several

instances that will either work independently or in an orchestrated way.

6.2 Unsupervised validation of object detection results

6.2.1 Testing framework and criteria

What to test? As outlined in Section the aim is to test against the real
object detection and /or semantic segmentation model outputs that enable to foresee

the probable causes of collisions.
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How to test? We build a dummy navigation algorithm that enables to run the sys-
tem like it was a fully autonomous operational navigation system. The dummy nav-
igation algorithm runs object detection and/or semantic segmentation algorithms
but will not use their output for navigation. The output will be collected for analy-
ses and review. The main functional goal of the dummy navigation algorithm is to
enable this test system to run in the loop as it would run if a completely functional

autonomous navigation system was used.

6.2.2 Test dataset

Two sets of test data were collected and are used to develop, validate and illustrate
this collision test. First, the lidar data and corresponding camera images are col-
lected by driving the test car around the cities of Haapsalu and Tallinn in Estonia.
The streets are selected to be roughly similar, but not identical to the streets where
KITTI [49] and SemanticKITTT [15] datasets were collected (Karlsruhe, Germany).
The streets include small roads with lots of parked cars, normal city streets with
two-way traffic and some large streets with barrier between the driving directions.
Figure [6.2] illustrates two example scenes. Collected data is later used to run a col-
lision test many times with different parameters. As the navigation is not affected

by the experiment, the initial conditions are identical for all configurations. Second,

Figure 6.2: Example scenes of the collected dataset.

another set of data was collected in Estonia, near Vellavere and Vapramée during
the winter. This data was collected such that it was as different from KITTI as
possible to allow testing models on various conditions. Therefore, the dataset con-
tains rural winter scenes and country roads, some of the scenes have heavy snowfall.
Both datasets were collected using Ouster OS-1 lidar for point clouds and Logitech
Brio 4K RGB camera for collecting reference camera images. The list of collected

102



data is given in Table

Data location ‘ Environment ‘ Data length ‘ Data format ‘ Sensor ‘
Haapsalu Winter, city | 1 hrs 30 min ROS bag Ouster OS-1
Tallinn Summer, city 1 hrs ROS bag Ouster OS-1
Vellavere Winter, rural 1 hrs ROS bag Ouster OS-1
Vapramée Winter, rural 1 hrs ROS bag Ouster OS-1

Table 6.1: List and description of collected data that is used in this chapter.

6.2.3 Model training

Object detection and semantic segmentation deep learning models are trained from
scratch using KITTI [49] and SemanticKITTI [15] datasets, respectively. Object
detection algorithm uses Voxelnet [I83] architecture. We train it for 150 epochs
using stochastic gradient decent optimiser with 0.01 learning rate and using our
adaptive multi-component loss function from Section We then further refine
it by training for another 20 epochs using 0.001 learning rate. Due to the limited
GPU memory size we train the object detection model using batch size 2, but update
gradients of the model after every 16 processed batches, i.e., 32 point clouds. This
emulates a batch size 32 and provides more stable convergence of the model. 3D-
SEQNET semantic segmentation from Section is trained for 40 epochs using
stochastic gradient decent optimiser with learning rate 0.2 and weight decay 0.0001.

The training uses cross-entropy loss function.

6.2.4 Validation architecture for object detection results

The aim is to validate object detection algorithm against the collision avoidance
goal outlined in Section Two versions of collision validation architectures
are tested. Both versions first define a navigation space where the ego-car might
drive into. The method then checks whether recorded lidar points in this space
are also detected by the object detection model. We call this method a collision
testing system. If the model detects all objects in the navigation space, the test is
successful. If there are undetected points in the space, the test fails. Failure cases
are later manually evaluated to understand the cause.

First version of the collision testing system is illustrated in Figure The
system runs in a ROS environment as described in Section The pre-processing
step (a) in the upper left corner in Figure represents software components that

were outlined in Figure [5.6]and are responsible for outputting a complete lidar point
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cloud. The system uses point clouds in two ways. First, it inputs them into a dummy

<l ROS environment !
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Figure 6.3: High level software architecture for the first version of collision avoidance
test system that tests for collisions by comparing object detection result to pointwise
collision test result. This test is applied for a single scene and repeated for each new
recording.

navigation node (b) which operates object detection and/or semantic segmentation
models and uses their output to perform a collision test. The test (depicted on
the right side in Figure as (f)) uses output object coordinates to localise any
objects that might cause collisions. It is solely based on deep learning model output.
Second, the same point cloud is sent into deterministic collision test (on the left side
in Figure as (d)) which checks if there is a risk of collision by performing a
simple collision test based solely on the existence of points in a defined field of
view. The middle validation component (g) takes outputs from both modules and
compares if objects were found around the same locations of navigation space. The
test is applied for a single scene and repeated for each new scene that is recorded.
Therefore, the limitation of the test is that it does not have memory of previous
scenes, so it does not compute if the object is moving. This information can be
obtained from a object detection or semantic segmentation algorithm to make a
navigation decision. This test is meant to be used for a single scan at a time.
However, the architecture of this system appeared to be of limited use after
testing because the validation component had to compare two sets of points, taking
each point from the data in one logical branch and looking it up from the data of
another branch. Therefore, an updated version was developed which does not need
such full point-to-point comparison, but instead removes detected and classified

points from the point cloud (step (d)) and performs collision test based on remaining
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points in the navigation area (step (e)). An updated collision testing architecture is
illustrated in Figure The main difference is that the new version uses sequential
processing while the first version uses parallel processing. However, the new version

is computationally more efficient as it does not require a point-to-point comparison.

_l ROS environment !
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(outputs node " algorithm
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Figure 6.4: High level software architecture for the advanced version of collision
avoidance test system that tests for collisions by removing detected points.

Technical details of the collision test presented in Figure [6.4] are given in the

following sections.

6.2.5 Collision test

The different setups are defined to select the navigation area. Test selects areas
with 5 meter increment from 3 x 5, 3 x 10 up to 3 x 40 meters in front of the car.
All points in the navigation area are analysed for collision test. The test discards

points below 0.05 meters to avoid counting ground/road surface points.

Unsupervised validation of a potential collision area

The module (d) as depicted on the lower right corner in Figure receives object
bounding box coordinates from a deep learning model output. It then enlarges
the bounding box by a safety margin of 0.5 meters on all sides except for the rear
(unrecorded) side of the detected object. The rear side is considered to reach to
infinity along forward z-axis. It is considered to reach the infinity as there is little
or no data behind the detected object. Thus, it is justified to treat this as an

unsafe area for collision avoidance purposes. Even if the lidar sensor has managed

105



to record some points behind a detected object, it will not be considered as failure
if the algorithm does not detect the occluded object. The concept is illustrated
in Figure [6.5] The figure contains two detected objects A and B. Each object is

C D

Y -

Figure 6.5: Potential collision area for two detected objects A and B (inside the blue
rectangles). The area depends on the rotation of the detected object’s bounding
box (in grey with safety margin in orange). Detecting other objects C and D (red
rectangles) that fall into the predicted collision area is not essential for validating
results for the purposes practical collision avoidance. The figure uses KITTI [49]
camera coordinate system.

represented by a grey bounding box. The orange box is an expanded bounding box
with a safety margin. The blue box represents a potential collision area for the
observing ego-car. The left object is parallel both with the forward z-axis and with
the horizontal x-axis. The object on the right side is 26 degrees rotated. As can
be observed, the predicted collision area is much larger for a rotated object. Such
collision avoidance method does not require detecting all possible objects inside the
blue rectangle while it is still practically usable. The red rectangles C and D inside
the blue rectangles are occluded objects. Whether they are detected or not, is not
important for the purpose of validation as they are already inside the potential

collision area.
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Conversion of object detection output

Object detection model outputs predicted bounding boxes parameterized as (zcqm,
Zeams Yeams U, W, by, yaw) where the first three parameters are z, x and y coordinates
in a KITTI [49] camera coordinate frame, [, w and h are length, width and height
of the box and yaw is the rotation angle around the vertical y-axis.

Before calculating a potential collision area, the bounding box must be ex-
panded into three dimensions. The first step is to transform bounding box param-
eters into a set of corner points P,.q such that the bounding box is constructed in
a local coordinate frame around box’s center (0, 0, 0) using I/, w and h and then

rotated using standard rotation matrix:

T
—w =l =h T
i i i cos(yaw) —sin(yaw) 0
Procal = 2o 2 sin(yaw)  cos(yaw) 0 . (6.1)
2 2 2
w ol h 0 0 1
2 2 2

After the transformation, we add original camera coordinates back to each
point in P,y to obtain the final corner points set P.oner in camera coordinate

frame such that

Pcorner = Plocal + (anm Team ycam> . (62)

Similarly to [49] we assume that roll and pitch angles of the bounding box are close
to 0 and hence not considered. This assumption enables to simplify the represen-
tation and use just four corner points to present all information that are required
to reconstruct the whole bounding box. However, the reconstruction of the whole

bounding box is only required for visualisation.

6.2.6 Formulation of potential collision space

The width of the potential collision area is defined in Section as the maximum
width of the bounding box along x-axis even if the bounding box is not aligned to
x-axis. To achieve this we reconstruct all 8 corners of the bounding box. We then
temporarily discard z-coordinates and project all points using x (horizontal) and
y (vertical) coordinates to the plane as if they were in 2D. Finding maximum and
minimum coordinates of both x and y axis of P.yner Will produce facet F' of the

potential collision area. If s is the required safety margin, X and Y are vectors with
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x and y coordinates of P.,ner then the facet is defined via 4 corner points as

max(X)+s max(Y)+s

P mz.aux(X) +s m?n(Y) —s | (6.3)
min(X)—s min(Y)—s
min(X) —s max(Y)+s

The formulation in Equation [6.3] is only applicable when using a cuboid bounding
box as above. It is possible to support any possibly rotated 3D shape that is
represented as a set of points P,,. and then use its original facet instead of a
rectangle. For this purpose we implement facet definition method by using the
Quickhull algorithm [11] for finding convex hull. We use Quickhull implementation
from the Scipy software library. P, is input to convex hull algorithm and a set of
hull vertices V is obtained. Facet Fj,; can then be defined as Fpyy = V to keep
the facet of arbitrary 3D shape. For a cuboid bounding box F' = Fjy.

Finally, we construct the 3D shape of the potential collision space by adding
back z-axis coordinates. We note Z is a vector containing z coordinates of Pe.orper
and F has a shape of nx 2 where n is the number of points. We construct two vectors
P.pin = min(Z) and Piy,e, = max(Z) both with a shape n x 1 containing the same
element, minimum and maximum z coordinate respectively n times. Construction
of the potential 3D collision space C' is then finalised by concatenating F' with z

coordinates as

F, P
C — s £ zZmin , (64)
F7 sza:(:

such that the resulting matrix C has the shape 2n x 3 containing all the points

necessary to define the 3D shape of a potential collision space C.

Visualisation of a potential collision space

This section illustrates how the method is applied to a real point cloud. We select a
scene that is tricky to validate. The scene is illustrated in Figure The ego-vehicle
(a test car used to record the data) is driving out of a parking space. The only other
vehicle is parked further down the road, but not on the projected driving path of
the car. As can be observed, is is not possible to tell if the observed car is indeed the
only car in the vicinity as there might be other cars that are occluded by it. Object
detection algorithm takes the corresponding point cloud as input and outputs one

prediction for the scene, correctly recognising the car. The predicted bounding box
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Figure 6.6: Scene from driving dataset with one parked car. Collected in Tallinn,
Estonia in May 2022.

is visualised in Figure as a coloured point cloud. Green cuboid represents a
predicted bounding box. Red points fall into the corresponding potential collision
space. For the purposes of validation, all red points are considered as detected.
Please note that the view point of the point cloud has been changed for a better
comprehension. The result represent a good collision avoidance result. The area of
a potential collision is well localised. However, the limitation of this method is that
if the object detection model fails to correctly detect the object, then the collision

avoidance methods also fails as this method alone does not provide any redundancy.

6.2.7 Detecting collision points

The ultimate goal of the method in this section is to detect if there are any potential
points that are not detected as part of object by the deep learning model. To achieve
this, the method removes all points P within a detected potential collision space
C from the whole point cloud P

Preep = P\ Pe. (6.5)

Further, a point set P4, is defined as all points that fall ahead of the vehicle, in a

driving direction, into a space of potential navigation. To achieve this, a selection
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Figure 6.7: Lidar point cloud of a scene from driving dataset with one parked car.
Collected in Tallinn, Estonia in May 2022. Viewpoint is changed. Green cuboid is
a predicted bounding box and red points fall into a possible collision space.

criteria is applied for each point in P, based on its x, y and z coordinates as
follows. Given that cw is car width with safety margin applied, ch is a maximum
height coordinate of the car with safety margin applied, gh is ground height and
maxdist is the maximum distance along z axis where we check for collisions, we

select points to P4, based on criterion sel:
—cw cw
sel:xz?/\xg7/\1/2ch/\yﬁgh/\zZO/\zgmazdist. (6.6)

The remaining points in the navigation area are then obtained by Pnqy = Pheep[sel].
Figure (b) illustrates the result. Red points represent the undetected object.
As can be seen from a corresponding image in Figure these points represent a
overhanging tree branch. Figure[6.8|(a) and (b) also show the effect of setting ground
height gh. There is no ground height restriction in Figure (a). As a result all
the ground points (in red) are registered as undetected object points, which is not
desirable as they do not affect the collision probability. After applying ground height

restriction in (b), the road surface is no longer interfering with collision avoidance.
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(a)

Figure 6.8: Red points fall within navigation area that is checked against potential
collisions and that are undetected by the deep learning model. (a) displays all such
points. (b) displays such points when ground height gh is set 0.05m above the
surface height to remove ground points.

6.2.8 Limitations
Partly recorded close objects

The collision avoidance depends on an output of an object detection model. If the
model output is precise then the collision avoidance also succeeds and vice versa.
When reviewing the scenes that are processed using the proposed unsupervised
validation system, we notice that for some scenes the object detection model fails
to output a correct estimate of object bounding box. Therefore, collision avoidance
system labels many points belonging to such object as undetected.

The cause of the incorrect detection is that very close objects are often only
partially visible in the recorded point cloud as the lidar has a blind spot around it.
Such objects are detected, but often misaligned due to their shape, but fully visible
for camera as illustrated in Figure

(a)

Figure 6.9: An example of detected but misaligned object detection and a corre-
sponding camera image.
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However, such effect appears for a limited time when the object is under
an unfavourable angle towards the recording sensor. Often the preceding and the
following scenes have better, more precise detection. Section below addresses

this problem.

6.3 Pooling over the sequence of point clouds

Using a failed prediction might lead to collisions. As demonstrated, prediction
based on one point cloud can easily fail given only slight changes in the input
parameters. Hence, when using object detection models, it is risky to base decisions
on only a single prediction. This section proposes a method to overcome it. The
method is usable even on modest hardware but requires hardware that supports
multi-threading. There are two assumptions that must hold to use this method.
First, a lidar must be able to output more scans than can be processed in a single
thread. We observe that most laser scanners are able to produce point clouds at
a much higher rate than algorithms are able to process them. For example, the
Ouster OS1 used in this thesis can output up to 20 scans per second [116] while
the processing rate of our object detection model on a mid-range GPU is about
5 scans per second. Second, the slowest part of the system should be a single
software component rather than input/output or data bus speed limitation. Most
probably the slowest component is a model inference process, i.e., running the input
data through the model to output the bounding box estimate. Given a model is
already optimised, it is normally very expensive to speed up the inference time. It
is much cheaper to run several inferences concurrently. The reason is that boosting
the inference time for a model requires significantly more expensive and powerful
hardware, which in turn requires more power, which in turn requires larger batteries.
The cost of the whole system soars. Having several instances running in parallel is
cheaper as both the cost of hardware and power requirements are lower.

A normal singe-threaded process that does not use our method takes a single
scan at time step t, outputs the predictions and then processes scan at time step
t + 1. As the lidar scan rate is higher than processing time then ¢ and ¢ + 1 most
probably are not sequential scans. In such case intermediate scans are discarded.
The proposed method, on the contrary, makes use of those intermediate scans. Given
a lidar scan rate s (Hz) and processing rate p (Hz) and assuming that s >> p the

final prediction output time t,,; of a single-threaded system is

1 1
tout = — + —. (67)
s p
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The proposed method to reduce prediction errors caused by a single bad
prediction is illustrated in Figure [6.10] where in addition to a single scan at time ¢,

it also uses previously discarded scans. There can be one or more such scans, up

»| Predictiont, t " Max-pooled

decision t

Scan t+11_____r1

Figure 6.10: Max-pooled decision mechanism to minimise the possibility of erroneous
prediction.

to n. We number time steps such that the first time step ¢ becomes t1, the first
intermediate time step is t9, and the last used intermediate time step is ¢,. The
system takes all n scans as they arrive and uses parallel processing to process them.
That way several point clouds are processed concurrently. All n predictions are then
input to the core component of the system, max-pooled decision block. The block
is depicted on the upper right corner in Figure[6.10] It waits for the whole batch of
n predictions to arrive and then outputs the pooled maximum collision perspective

(worst case prediction). The total running time of max-pooled prediction is

fout = % + ]19. (6.8)
The optimal value of n depends on a specific hardware configuration, model perfor-
mance and system requirements. It also depends on the speed of the vehicle and the
frame rate of the lidar. The slower the vehicle and faster the frame rate, the larger
n can theoretically be. If s >> p then the overall increase in processing time is min-
imal as the max-pooling operation is a computationally simple operation. Ideally,
n can also be a variable that depends on the speed of the vehicle. This work uses

n = 3.

6.3.1 Max-pooled decision

The specific implementation of max-pooled decision depends on the navigation al-

gorithm that processes the object detection output. The nearest object detection is
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often used to find safely traversable area. Therefore, we select this to demonstrate
that max-pooled decision method is computationally effective and easy to imple-
ment for most tasks. The method is derived from maximum pooling, which is a
widely used concept in deep learning. For any tensor 1" with dimensions x X y X z,
max-pooling along z would output a tensor 7" with dimensions x x y x 1 where any

element
Ti/j = Inax (EjO»---,Tijz)- (69)

The only difference between max-pooling in deep learning and in this method is
the definition of maximum element. The term “maximum” is defined as the value
that would most likely produce a collision. For object detection, each bounding
box estimation is represented as a set P containing points p that are described by
3D coordinates x X y x z. Each point represents a corner of a predicted object’s
bounding box. For the nearest object along forward axis X (z = 0 is the lidar
origin) the max-pooled prediction is effectively min-pooling over x-coordinates x of
all p in all P. If m is the number of points p in P then we first find closest point in
each P:

Pmaz =P € P where 2P > 0 and 2P = 1‘.61in (). (6.10)

i=0,...,m
We only consider points where P > 0 as this test only looks for forward collisions.
Then we select P with minimum p,,,., value to be the max-pooled bounding box
that is closest to the sensor. However, it could easily be adapted for backward
collisions by looking x,, < 0 Finally, all predictions from all n point clouds can be

simply concatenated before the pooling operation.

6.3.2 Experiments

The proposed method for detecting collision points and validating object detection
results has a mathematically solid formulation. However, the main purpose of the
method in this research project is to evaluate the model quality. Therefore, the
main assessment is qualitative. The method is implemented as Python software
for deployment in ROS environment. To assess the quality of models we play the
recorded lidar point clouds and camera images in a ROS simulation mode. This
enables us to pause and review each outputted result when needed.

Figure illustrates that a max-pooled decision works and none of the

points of the car are no longer outside of the object bounding box and hence, outside
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Figure 6.11: An example of a max-pooling-corrected object detection and a corre-
sponding camera image. Also two false collision points appear on the road surface.
Corresponding camera image in (b).

detected collision area. However, we notice that some road surface points are labelled
as potential collision points (in red). This is most probably caused by the car
suspension that changes the relative height of the lidar when recording. We raise
the ground height value from 5 centimeters to 7 centimeters which fixes the problem.

The method works well to detect areas that are not covered by the object
detection model. Figure (a) illustrates a case where the object detection algo-
rithm misplaces a bounding box such that the rear end of the car (marked with a
purple circle) in front of the ego-vehicle (marked with a yellow arrow) is left out of

the bounding box. Our method detects the problem accurately. We also note that

Figure 6.12: An example of a detection of a potential collision. Potential collision
is marked with red point in the purple circle. Ego-vehicle is marked with a yellow
arrow. Another undetected vehicle is inside the yellow circle in (a), but outside of
the potential collision area. Corresponding camera image in (b).

there is another undetected car in the point cloud (marked with a yellow circle).
Our method does not pay attention to it as it is outside of the potential collision
area (as defined in Section [6.2.6). Finally, we also detect a situation where the
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method works as intended, but does not detect a potentially dangerous situation in
Figure While the model recognises that two bounding boxes are misaligned

Figure 6.13: An example of an undetected potential collision situation. The model
fails to alert on the vehicle from the side (inside the yellow circle).

and marks points that fall out of the safety margin (in red), it fails to alert on the
approaching vehicle from the left side (inside the yellow circle). This is because the
vehicle heads towards the yellow arrow itself, making a turn. This indicates a need
to have a more complex definition for potential collision area when the vehicle is
maneuvering.

The need for collision test algorithm rose from the need to evaluate unlabeled
point clouds to test the object detection algorithm. Figure shown an example.

The collision test find points (in red on the right) which are out of any known

Figure 6.14: Collision test is designed to evaluate object detection results. Collision
test finds points that are ahead of the vehicle but outside a known box.
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bounding box and are on the path of the vehicle. These are overhanging branches.
Of course, the bounding box behind the branch is an erroneous detection, but as
such error will not lead to a collision, the test does not detect that (as it is not
designed to do so). However, the test located point where collision might occur. To

make sure that it does, we look at two further examples in Figure [6.15] The scene

(d)

Figure 6.15: Examples of successful collision tests.

in Figure (a) and (b) does not indicate any collision area and indeed, there is
no risk of imminent collision ahead. In scene (c) and (d) object detection algorithm
has placed the bounding box under a wrong angle, so part of the truck is out of the

bounding box. Collision test detects the error correctly.

6.3.3 Rural winter test

We use data collected in Vellavere and Vapramée in Estonia (details in Table
to test both the collision test itself but also the object detection method on rural
winter conditions. We discover that there are some situations where the collision
test fails, namely when the car is going to descend or climb uphill, and lidar plane
is not parallel to the ground as in Figure (a), (b), (c) and (d). At that point
the road elimination algorithm does not work as there is an angle between the lidar

plane and the road plane while on a flat surface they are parallel to each other.
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Figure 6.16: Collision test reveals shortcomings in object detection model in (a),
(b), (c) and (d). Each row contains one scene. No false detections in (e) and (f).
Red colour marks potential collision points.

Setting ground removal threshold to a higher value will probably fix the problem for
many scenes, e.g., for small slopes. However, the proper way to do it would be to
use semantic segmentation algorithm instead and remove all ground points as per
detection. However, when the car has reached such position on the hill that the
road ahead is again parallel with a lidar plane then the effect disappears as shown
in Figure (e) and (f).

Another anomaly in object detection algorithm is detected thanks to the col-
lision test in deep spruce forest as in Figure (a) and (b). The object detection
algorithm misses the car in front and detects part of the spruce tree as a car. Colli-
sion test, however, detects the error and marks potential collision area. Figure|6.17

(c) and (d) present another extreme situation where the recording car is ascending
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(d)

Figure 6.17: Examples of problems found in winter forest object detection.

but the other car in front is already descending and only the roof is barely visible.
The object detection algorithm is not able to detect that car. A false detection
appears where the snow wall is. However, looking closely at the point cloud we
notice that there are hardly any points of the car recorded, so there was no data to
detect the car. Collision test alerts about the top of hill here. It is obvious that our
collision test is an useful tool for manual qualitative validation of object detection
models and has pointed out many errors which we overlook on manual validation.
However, this test in its current form cannot be used in a real traffic situation to

detect collisions.

6.3.4 Considerations

Similar performance could also be achieved without the max-pooling component, but
then it would just increase the throughput rate but would not eliminate possible
erroneous predictions. The benefit of max-pooled prediction is that with a negligible
increase in processing time there will be significantly less missed cases. Of course, the
opposite is also true. While this system is designed to compensate for erroneously
missed objects, false negatives, it will possibly also introduce more false positives as
shown in a winter test in Section Still, as can be observed from the prediction
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results, false negatives often appear very close to the sensor while false positives are
mostly distant. Also, false positives are much less harmful than false negatives as
they signal an object where there is none, causing perhaps a delay in navigation.
False negatives conceal an object where there is one, possibly causing a collision.
Therefore, it is reasonable to trade false negatives for false positives. Due to their
average distance from the lidar, false positives might not even affect the navigation
algorithm at all (if the vehicle approaches the location of a false positive, the model
starts outputting more precise estimates as the point cloud becomes more dense).
The processing time of the system increases by "T_l seconds when using max-
pooled decision. This might not be suitable for every case, especially when fitting
the system on existing hardware platform. However, the system requirements are
rather modest and can be easily incorporated into the navigation system at design

time.

6.3.5 Rationale behind the method

The method uses lidar scans with a very small recording time difference. A critical
reader might rightfully question that if the point clouds are captured so close in
time, would the model make the same mistake in subsequent scans as it did in the
first one? This is a justified question as human perception tends to grasp whole
objects in the point cloud. A deep learning model, on the other hand, processes a
set of points with unique coordinates. A lidar point-sampling process is stochastic.
Even if the lidar is standing still and the scene is static, then the point coordinates
of two sequential scans are different. Given that there is also some motion or ego-
motion, the point coordinates of sequential scans vary significantly. This proves to
be essential in the process and guarantees the max-pooling method to work well.
The effect is similar to a rolling average filter or Kalman filter which are
similarly used in smoothing out noise (see Section , but max-pooling does
this without the overhead of matrix computations that are necessary for Kalman
filters. However, the author acknowledges that experiments here demonstrate that
the system is not robust in every case and under all kinds of conditions, there are still
many open issues for future research as our tests showed. However, the max-pooling

system itself performs well under different conditions.

6.4 Summary

This Chapter proposes a method to validate object detection (and potentially also

semantic segmentation) deep learning models.
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The collision test method is based on defining a potential collision area, elimi-
nating known objects and marking remaining points as collision points. The method
enables to assess object detection and semantic segmentation models for practical
collision avoidance purposes. We chose object detection approach to validate the
idea. While object detection has a simpler output, it is harder to validate as we
need to separately find points that belong to any given object. Semantic segmenta-
tion would make it easier and less complex as each point already has a class label
attached by the model.

Max-pooled sequential processing was proposed to overcome the limitations
that are caused by a sudden and temporary fluctuation in the bounding box estima-
tion quality. This idea is also applicable and useful for real life collision avoidance
purposes.

The most important benefit of this method is that the assessment of an
object detection model does not require data annotations, i.e., labelling. Also, this
chapter showed that the object detection algorithm trained with an adaptive multi-
component loss on KITTI [49] dataset (which used Velodyne lidar to collect the
data) is working well on real life dataset with a different Ouster lidar. In another
words, the deep learning models in this thesis are practically useful. However, when
tested in rural winter conditions which are very different from the summertime city-
traffic training data, the amount of errors increases. The tool assists in finding
problematic scenes which would be an extremely labour-intensive work otherwise as
there are tens of thousands of lidar scans for each hour of recording.

The method was evaluated qualitatively. It proved to be a useful tool and
helped to detect several different occasions where the object detection model failed.
However, also several shortcomings in the collision test were found, e.g., when driv-
ing uphill and downhill. Future work should also assess the method on semantic

segmentation models.
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Chapter 7

Discussion and Conclusions

7.1 Discussion

Collision avoidance is one of the most important goals of any autonomous navi-
gation system. While autonomous driving for passenger cars is perhaps the most
known application area, there are numerous other fields that will benefit from it.
Some examples include rescue-equipment driving to the accident scene, courier vans
servicing remote areas, snow ploughs ready to work as soon as the snow falls, and
autonomous military equipment protecting us from barbaric attacks. The topic
of this thesis was initially proposed by Oxford Robotics/Dynium.ai, a company
that works on autonomous vehicles and smart algorithms for agriculture. Colli-
sion avoidance is important for all of these purposes, but unlike in a structured
city environment where most passenger cars are driven, many other fields require
much more agile and adaptive approach. Tractors on an agricultural field or snow
ploughs in the snow storm in a remote rural area cannot rely on a well-defined and
structured environment. It becomes increasingly important to design algorithms
and deep learning models that are able to adapt to different setups and to unknown
data. Hence practical goals such as collision avoidance will prevail over scientific
competitions like achieving the highest intersection over union (IoU) value on some
benchmark dataset. This thesis took the approach of advancing collision avoidance
through expanding scientific research into more practical directions without aban-
doning the metrics. The research direction grew out of practical experiments that
were conducted in Dynium.ai labs in Oxford and Reading, UK, and later in Tallinn,
Haapsalu, Vellavere and Vapramée in Estonia.

Deep learning models for 3D navigation are highly competitive and rapidly

developing field of research. However, most of the research is directed towards im-
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proving the results of IoU or average precision metric. These metrics measure how
precise are the bounding boxes that are output by a deep learning model, and how
many objects are detected by the model. Different approaches are compared by
looking at high level metrics over all the scenes in a large dataset. The highest
granularity that such benchmarks offer is perhaps classifying objects into difficulty
categories (e.g., easy, medium and hard as in KITTI [49]) or class-wise (e.g. sep-
arate metric value for cars and pedestrians) and providing metric value for each
category. It is still an aggregate value over thousands of objects. However, this level
of measurement is not sufficient for deploying such deep learning models in practice.
While high level metrics are a good overall indicator of the expected performance,
deployment in real life requires much finer details. There are important aspects that
scientific benchmarks do not measure, but which are essential for collision avoidance
and safe autonomous navigation. Some examples are robustness to noise, sensitivity
to different weather conditions and ability to work with different sensors (e.g., with
different types of lidar).

Last, but not least, most research papers on 3D object detection and semantic
segmentation do not even mention how their models perform in collision tests or how
they adapt to noisy data. State-of-the-art models (e.g., [I56] [I81]) rarely disclose in
detail their failure cases nor do they disclose any safety issues that may arise from
using the models. These are left for the users to discover as it is not the goal of such
research. All models and algorithms have their limitations and issues, but models
are only deployed safely where such issues are known and hence can be mitigated.
This was perhaps one of the most important understandings that evolved over the
course of conducting this research. The work in this thesis was aimed at reducing
the knowledge gap in this area. Visualisation of the multi-component adaptive loss
function output in Section [3.4] enables to observe the trade-offs that the model is
making already during the training phase. Model interpretability in Section
enables to understand which parts of the input and of the model affect the results,
both good and bad. The idea of interpreting a deep learning model was of course not
new, but the way such algorithms were adapted and integrated into 3D navigation
research, is novel and contributes to practical collision avoidance.

Collecting and labelling ground truth data and then training a deep learning
model for each new scenario is very time consuming and expensive. Even if such
resources are of disposal, the model is not guaranteed to work flawlessly or even well
enough. Hence, methods that aid in assessing the practical performance of the model
are of great importance both for training new models and for evaluating existing

ones. The assessment of practical performance has not only practical, but also
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a high scientific value. Understanding the errors that the model makes, eventually
leads to much better models and also helps in reducing the gap between practical and
scientific evaluation criteria. Unified criteria allows to transfer new scientific findings
into practice much more confidently. Unsupervised validation of object detection
results that was developed in Section [6.2]is a step towards that direction. Existence
of such validation methods might eventually also lead to a more widespread transfer
learning in 3D point cloud research. Transfer learning allows to take a model trained
for one purpose, optionally partly re-train it with a fraction of the cost and time,
and use it for another purpose. Affordable and reliable validation is crucial to enable

such kind of use.

7.2 Conclusions

This thesis contributed in several ways into advancing deep learning models for point
clouds processing, keeping in mind the application of safe navigation and collision
avoidance.

Chapter [3| deals with advancing object detection from point clouds. Object
detection algorithms are slow to train as their architecture is rather complicated.
A novel multi-component loss proposed in this work helps to reduce training time
while improves the accuracy of the model.

Chapter [] proposes a novel sequential point cloud processing model 3D-
SEQNET which allows to expand the point classification from 19 classes in the
reference model into 27 classes. The extra 8 classes are derived by differentiat-
ing static and moving object. For example, a class “car” is split into “car” and
“moving-car” where the former represents a static object while the latter represents
a moving object. The main contribution is a latent feature fusion method used in
the sequential model. The methods reuses latent features of a previous scan to speed
up inference time.

Chapter [5| proposes a simple yet effective hardware setup and software ar-
chitecture for point cloud collection. The test car used in this research was built
according to the proposed system design.

Chapter [6] developed an unsupervised validation of object detection results.
The method directly assesses a practical performance of a model in a well-defined
way. This method is easily adaptable for very different 3D object detection models
and purposes. As the analysis in Section [6.2.§] illustrates, unsupervised validation
is far from perfect, but still has a very high practical and research value. First,

using the method enables to test a model performance on a new data without
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having to annotate the data first, thus saving hundreds or even thousands of working
hours. Second, it quickly, and with a very low cost, enables the discovery of the
weaknesses of a deep learning model for object detection. Analysing the results
using this method provides more insight to the model performance than many high
level metrics combined. Importantly, it enables the discovery of extreme failure

cases of the model should they be present in the data.

7.3 Future work

Deep learning for point cloud processing is a rapidly evolving field of research. Every
year, more and more companies also make use of lidar technology as it matures.
This thesis demonstrates there are many approaches that are still in an early stage
of development. Most current research focuses on achieving state-of-the-art results
in academic benchmarks, while practical objectives of safe navigation and collision
avoidance might not always directly correlate to the results of such benchmarks.
Therefore, the methods developed in this thesis are just the beginning in this research
direction. There is plenty of room for further advancements.

Object detection from point clouds could and should be extended to new
areas of application. Trying to locate again and again the same sparsely recorded
cars from Karlsruhe [49] will likely not advance the research much further. The
adaptive multi-component loss proposed in this thesis can be further tested on new
data, on new models, and on new types of objects (tractors, farm animals etc).

Sequential semantic segmentation is crucial for capturing the movement.
However, our method 3D-SEQNET only fuses the feature spaces of the last two
point clouds. There is enormous potential in extending this to a larger number.

Our collision assessment method in Chapter [6] has a solid mathematical foun-
dation, but the output is currently only used for qualitative visual assessment. It can
be extended to output numerical evaluation. Also, the current implementation does
not use semantic segmentation output (although the system is designed to support
it). It should be extended and tested with semantic segmentation output too.

Finally, the most important and well-performing methods arise from empir-
ical testing in real life, from the hands-on approach. There should be much more of

it in the 3D point cloud research community!
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