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Abstract

The detection and tracking of moving objects (DATMO) are crucial tasks that any autonomous vehi-
cle must perform. Autonomous vehicles must detect and track all obstacles to ensure safety within the
environment while also completing their tasks efficiently. In autonomous driving research, LIDAR
is becoming increasingly popular due to its high resolution and accuracy. There are many state-of-
the-art DATMO methods using LiDAR, however, most methods are designed for 3D LiDAR sensors.
Methods that work for 2D LiDAR sensors are not as robust as their 3D counterparts or require too
many computational resources to run efficiently on less powerful robots. This research presents two
robust solutions to the DATMO problem based on deep learning techniques that can scale to meet
a variety of hardware constraints. The first solution, detect while track (DWT), combines a convo-
lutional neural network (CNN) with a multiple hypothesis tracking (MHT) approach and Kalman
filter. The second solution, pixel predictions for future-oriented bounding boxes (PIXFOR), com-
bines a CNN with a recurrent network architecture to solve both detection and tracking problems in
a single forward pass. Both methods are experimentally validated on an unmanned ground vehicle
(UGV) operating on an intersection scenario and a highway scenario using 2D point clouds collected
from simulation and hardware environments. The run time performance of both methods is also val-
idated different hardware platforms to show that the methods can scale to meet different hardware
constraints. When compared to state-of-the-art DATMO methods, the newly proposed methods out-
perform in the object detection and tracking tasks, while operating at a faster run time on equivalent

hardware.
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1 Introduction

1.1 Motivation

Due to limitations of human drivers such as visibility restrictions or slow reaction timing, autonomous
vehicles have started to become an increasingly popular area of study [9, 10, 11]. Driving is one of
the most common tasks that humans collectively participate in, but these limitations can make this
task dangerous [12]. Autonomous vehicles that are equipped with sensors that can perform well in all
driving conditions can alleviate these dangers. Furthermore, the applications of autonomous vehicles
are not limited to just road driving vehicles. There are many environments in which autonomous
vehicles can be designed to operate that make them more practical than humans, often because they
can operate more efficiently such as in a warehouse [13], or because the environment itself is too dan-
gerous for a human, such as in rescue and relief operations [14]. Despite the application, a common
task that any autonomous vehicle needs to perform is environmental perception. The detection and
tracking of moving objects (DATMO) is one of many critical perception tasks that many autonomous
vehicles need to perform. There are many approaches to solving the detection problem for a variety
of sensors including cameras [15, 16], radar [17, 18], LiDAR [19, 20], as well as a combination of
each, however, the tracking problem requires a sensor that can provide detailed depth information,

and thus, best suited for radar or LiDAR.

In practice, the DATMO problem can be easily solved when high quality dense information about the
environment is supplied. For example, the model based tracking approach proposed by [21] uses data

collected from a Velodyne HDL-64E 3D LiDAR, depicted in Figure 1.

Alternatively, many approaches use multiple sensors for data collection, such as the geometric model
free approach proposed by [22] which uses six 4-line LiDARSs collected from the IBEO LUX 4L,

depicted in Figure 2.

While these sensors are capable of providing a lot of information about their surrounding environ-
ment, there are many scenarios where they are not feasible. For instance, the Velodyne HDL-64E
requires 15 V at 4 A from the power supply, which requires 60 W to operate. Similarly the Ibeo LUX

4L requires an average of 7 W of power to operate, so for six of these, the sensing platform of the

1
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Figure 1: Velodyne HDL-64E 64 Line LiDAR [1]

Figure 2: Ibeo LUX 4L 4 Line LiDAR [2]



geometric model free approach would require 42 W. These power requirements are suitable for larger
platforms that can be equipped with large batteries, such as full scale autonomous vehicles for road
driving, however, these are not sufficient for smaller autonomous vehicles, such as those operating in

industrial environments like warehouses.

Smaller autonomous vehicles usually perceive their environment with sensors that require less overall
power, but also don’t provide as dense information. Never the less, these are still important platforms,
that are being increasingly used in industry. A common sensor used on these types of vehicles is a
2D LiDAR, which is very similar to it’s 3D cousin in functionality, but only provide points within
a plane. Unfortunately, many approaches to the DATMO problem rely on 3D geometry within a
point cloud, and do not scale well, or at all, to a 2D point cloud. As such, when it comes to smaller
autonomous vehicles, there are few approaches to the DATMO problem that are suitable. The work
approached by [23] works well in the fixed perspective case, however, this method does not main-
tain tracks well in environments where the perspective of the moving objects changes rapidly with
respect to the LIDAR. Motivated by this gap, this research aims to find a deep learning solutions to
the detection and tracking of moving vehicles that are scalable, allowing them to operate under the
constraints of various hardware platforms; from road driving vehicles, to smaller robots working in

industrial settings.

1.2 Problem Definition, Objectives, and Contributions

As the name suggests, the detection and tracking problem can be subdivided into two distinct prob-
lems; the detection problem, and the tracking problem. The detection problem is concerned with
identifying all objects in a specific scenario. A sub task of the detection problem is the classification
task in which each object that is detected is also assigned to a category that identifies the object (e.g.
car, truck, pedestrian, etc.). The tracking problem is concerned with identifying the objects through-
out some time interval, and assigning an identifier to the objects, usually called a track, that can be

used to continually identify that object throughout future time steps.

When it comes to solving the DATMO problem in point clouds, there are two main philosophies, de-

tect before track (DBT) and track before detect (TBD). As the name suggests, DBT methods perform



the task of object detection first, then track those objects through time. TBD approaches track data
points through time, then use probabilistic methods to identify which tracks should be clustered as

objects.

DBT methods, such as those introduced by [24], use a point clustering approach followed by geomet-
ric model fitting to solve the detection problem. Another detection method is to identify the bounding
box of an object using a deep learning framework. The self-embedded single stage detector (SE-
SSD) is one such deep learning framework which can detect an object’s bounding box in real time
[25]. Unfortunately, the SE-SSD method depends on a 3D point cloud as an input, and would need to
be greatly modified to support a 2D point cloud. However, there are other deep learning frameworks,
such as PIXOR, which can also predict bounding boxes in real time, and can be easily modified to
solve the detection problem in 2D point clouds [26]. Once the detections have been made, recursive

filtering can be employed, such as an extended Kalman filter (EKF) to track the object’s motion.

TBD methods, like the geometric model free approach presented in [22], use a discretized grid to
distinguish between static and dynamic points in the point cloud. Once these points are determined,
an extended Kalman filter is used to track the discretized cell grids. The grid cell tracks are then
iterated over to predict which ones contain objects, and which ones are static and belong to the envi-
ronment. In the following chapters, DBT and TBD approaches, as well as underlying methods that

enable them, will be explored in depth.

The main problem with these methods is they often rely on an input that can densely represent the
environment. As mentioned in the previous section, sensors that can provide this information are
usually expensive, large, and require a lot of power to use. Furthermore, the separation of the detection
and tracking tasks into two steps can create an implicit delay, and can subject the method to edge
cases that can cause the method to fail. As previously mentioned, the ultimate goal of this work is
to develop deep learning solutions to the DATMO problem that can scale to meet the constraints of
different hardware, while being robust to problems that can arise in traditional DATMO methods. To

achieve the goal, the follow objectives have been set.

i Solve the detection problem by modifying an existing convolutional neural network (CNN) for

object detection in point clouds, such as PIXOR.
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ii Combine a traditional tracking approach, such as Kalman filtering, with the predictions from the

CNN.

iii Extend the CNN object detector by adding a recurrent layer to improve on the traditional tracking

approaches by solving the DATMO problem in a single forward pass.

The following thesis will outline how these goals are met, but it is important to identify the limita-
tions under which they are achievable. The key limitation of the proposed methods depends on the
hardware, specifically the LiDAR, on which they are implemented. Different LIDAR sensors have
different operating ranges, and so, the dimensions of the returned point clouds will be different. The
methods proposed throughout this thesis have no dependency on specific point cloud dimensions,
however, the precision of the measurements made will scale with the input size of the dimension.
The degree to which the precision will scale is unknown since different LiDAR sensors will provide
different information densities, but it can be assumed linear if the same point density to area ratio is

maintained before and after scaling.

Another critical limitation of the proposed methods is the hardware platform on which they are imple-
mented. While the proposed methods are designed to be scalable, there are some minimum hardware
requirements. While it is not mandatory to operate the proposed methods on a GPU, it is recom-
mended to do so on a GPU device with at least 200 Mb of contiguous memory available to achieve

the same run-time performance outlined in this thesis.

Under these limitations, the following contributions will be made to achieve the goal and objectives

identified above.

i This thesis will propose a new convolutional network architecture to detect objects within 2D
point clouds, with a configurable scaling parameter to allow the memory usage of the network to
be easily controlled so that it can be implemented on a variety of hardware platforms while still

operating in real-time.

ii This thesis will propose a new multiple hypothesis tracking framework to solve the detection and
tracking of moving objects task in 2D point clouds This method is capable of operating in real-
time and is able to achieve a tracking performance that is comparable to state of art frameworks

that operate on 3D point clouds. Being built with the newly proposed convolutional network as a

5



backbone, this detection and tracking framework is easy to tune to meet the constraints of various

hardware platforms.

iii This thesis will propose a new recurrent convolutional network architecture that is capable of
detecting and tracking moving objects in real-time within 2D point clouds. This method is a
pure deep learning method and achieves a better tracking performance than the newly proposed
multiple hypothesis tracking method, while also having the ability to predict object locations and
tracks at future time steps. Like the newly proposed multiple hypothesis tracking method, this

recurrent method is easily tuneable to meet the hardware constraints of many platforms.

1.3 Experimental Platform

The work presented in future chapters is evaluated both in a simulation environment, and on a scaled
hardware platform that emulates a full scale autonomous vehicle, the Quanser QCar, depicted in
Figure 3.

2D LIDAR
Robust
mechanical design ™~

RGBD camera

Brake lights, — WiFi connectivity
reverse lights and —————
turn signals
User expandable 10
for SPI, 12C, GPIO

Headlights, turn signals

Dual microphones [ /
& speaker

N———9 axis IMU

/
NVIDIA Jetson TX2 processor J 360° 2D

CS| cameras —— 720 count encoder

Figure 3: Quanser QCar Experimental Platform [3]

The primary LiDAR sensor used to collect the data for this work is the Rplidar-A2 located at the top
of the QCar. Due to the position of the LiIDAR on the vehicle, it is difficult for two of these vehicles
to observe each other. This is because the plane of the LiDAR lies above the other QCars. To alle-
viate this problem, triangle and square boxes were constructed that can be mounted on the vehicle.
These boxes minimally obstruct the field of view of the LiDAR on the vehicle itself, while provid-

ing a key feature for other vehicles to detect. Figure 4. shows the QCar with the triangle box addition.

Another part of the experimental platform is the motion capture system which is used to record the
ground truth information about the hardware platform when running experiments. The motion capture

system is constructed using 16 OptiTrack Flex 13 cameras, depicted in Figure 5., which are capable
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2ids

Figure 4: Quanser QCar with Triangle Box

of detecting specialized markers mounted on the QCars. By observing the markers, a rigid body that

is representative of a QCar can be constructed to obtain the ground truth pose in real time.

Oprilrack

Figure 5: OptiTrack Flex 13 Camera [4]

1.4 Organization of Thesis

The contents of this thesis are organized as follows.

Chapter 2: Object Detection in Point Clouds - Provides information about what point clouds are, how
they are collected from LiDAR sensors, and various approaches for object detection within them,

including both traditional and novel deep learning approaches.

Chapter 3: Object Tracking in Point Clouds - Defines the tracking problem and outlines data asso-
ciation and track management. Once the tracking problem is introduced, this section details some

traditional and state of the art approaches for solving the tracking problem. This section also pro-

7



poses novel tracking methods, extending on concepts introduced from Chapter 2.

Chapter 4: Results - Gives a detailed introduction to the simulation and hardware environments used
to evaluate the performance of the newly proposed methods. Provides qualitative and quantitative
results of the newly proposed methods in both the aforementioned simulation and hardware environ-

ments.

Chapter 5: Conclusions and Future Work - Summarizes the newly proposed methods discussed in
the thesis and begins discussion on how to extend the current status of the work done for future

developments.



2 Object Detection in Point Clouds

2.1 Point Cloud Acquisition

A LiDAR is a type of laser range finder (LRF) which determines the distance to objects by emitting a
laser beam, detecting the reflection, and measuring the time taken between the emission and detection.
In a single pass, this process allows the sensor to identify a single point, p;, in it’s environment, relative
to the lidar frame of reference, {L.}. To obtain more useful information, most LiDAR manufactures
implement the emitter and detector on top of a rotating base that rotates at a constant rate, w. Using
an integrated chip to precisely time laser emissions, a LiDAR is able to achieve a roughly constant
angular resolution, . Now, the LiDAR is able to obtain a set of points, P = {p;, pi+1, ---}, in {L} that
represent the environment. In this case, we call P a 2D point cloud since only one laser emitted at a

static angular offset. An Illustration of this process is provided in Figure 6. and Figure 7.

Detector

Emitter

3 Consecutive
Laser Reflections

3 Consecutive
Laser Emissions

Object

Figure 6: Depiction of 2D LiDAR Scanning an Arbitrary Shaped Object Adapted From [5]

This LiDAR design can be easily extended into three dimensions. For non solid-state LiDARs, this
is done by using multiple emitters that are offset from each other by some vertical angular resolution,
v. The response from each of these emitters is usually referred to as a ‘line‘, and LiDARs with more

lines can provide a highly dense point cloud.



Frag Bip

Figure 7: 2D Point Cloud Top View with LiDAR Field of View Adapted From [6]

2.2 Traditional Approaches

2.2.1 Segmentation and Clustering

Traditionally, object detection is performed in 3D point clouds and focuses on iterative methods for
identifying certain geometries. There are two main strategies commonly employed in point cloud
object detection, segmentation and clustering. In segmentation, each point in the point cloud is as-
sociated with an identifier that categorizes that point as part of some object. A popular example of
segmentation in point clouds is ground segmentation where a point cloud is segmented into two cat-
egories, points that represent the ground plane, and points that do not. An example of point cloud

segmentation to distinguish the ground from obstacles is provided in Figure 8.

Figure 8: Ground Segmentation Depicting Road Points as Green and Obstacles as Red [7]

10



A common way to perform segmentation in point clouds is through the RANSAC [27] algorithm,
which stands for random sample and consensus. This method is an iterative model fitting approach
for finding a best fit in a data set that has many outliers. To solve the problem of ground segmentation
for some point cloud, P, the RANSAC algorithm is as follows. In most cases, the ground is considered

a flat plane, so begin by defining a plane in Cartesian coordinates.

ax+by+cz+d=0 (D

In order to solve this equation for the variables a, b, ¢ and d, we need at least three points on the plane.
The first step is to select a random set of three points from the point cloud. Using these three points,

the plane equation can be solved.

a= -y —21)— (22— 2003 —y2)

b=(z2-zD)(x3—x1) — (x2 — x1)(z3 — 22) °
c=(x2—x)(3—y1)— (2 =y — x2)

d=—-ax—-by—cz
Next, a threshold distance, D, is defined. Then, every point in the point cloud is iterated, and the

distance between each point and the plane is computed. If the distance between a specific point and

the plane is less than D, then this point is added to the set of inlier points, I.

ax+by+cz+d<D} 3)

Va2 + b? + ¢

This process is repeated for some number of iterations, N, and the plane parameters are chosen as the

I= {(x,y,z) P

parameters which yield the largest inlier set. That is, for some plane parameter space S € R* that is
obtained by randomly sampling three points in P over N iterations, the plane parameters are chosen

as those which maximize the cardinality of /.

a
b
= argmax || “4)
c seS
,d_

With this plane equation, the input point cloud can be separated into a ground plane (inlier set, I), and

a non ground plane (outlier set, O = P\ I).

11



By itself, this ground segmentation does not solve the problem of object detection, however, it is
an important first step. This is because the input point cloud is now refined into an outlier set that
can be parsed with a clustering algorithm to obtain bounding boxes around any object that deviates
from the ground plane. There are many different types of clustering algorithms that typically fall into
two categories; hierarchical or partitioning. When working with point clouds, clustering algorithms
are usually hierarchical as these methods begin with an initial cluster (the whole point cloud) and
find an optimal amount of sub clusters. Partitional methods such as K-means clustering [28] usually
require additional knowledge about the data, such as how many clusters exist that need to be iden-

tified. Since this is unknown for the task of object detection, it is better to use a hierarchical approach.

One such traditional hierarchical approach to clustering in point clouds is the Euclidean cluster ex-
traction method. The Euclidean cluster extraction method begins by formatting the input point cloud,
O, into a k-d tree data structure [29], where k = 3 since the input point cloud is in 3 dimensions. This
structure is useful for object detection because the average search run time is O(logn) with a worst

case run time of O(n).

The k-d tree is a type of binary tree where each node represents a k-dimensional point. However,
instead of having the left node represent a smaller value than its parent and the right node represent a
larger value as with a binary tree, the k-d tree cycles through the dimensions used at each layer of the
tree. This means for the 3D case, if the root defines an x-axis aligned plane, then the child nodes will
be split based on the y-axis, the grand children based on the z-axis, before cycling back to the x-axis
for the great grand children, and so on. A 3-d tree can be constructed from O using the recursive

algorithm defined in algorithm 1.

Upon completion of this algorithm a k-d tree representation, O, is obtained from the input point cloud
O, with k = 3. Using this point cloud representation, the Euclidean cluster extraction algorithm can
be performed as defined in algorithm 2, adapted from [30], to obtain a set of point clusters, C, which

will represent the objects in the environment.

Now, a set of clusters, C, which represent objects in the environment is obtained. However, these
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Algorithm 1: 3-d Tree Construction

Input: O
Output: O

depth « get current depth
axis « depth mod 3
median < int(|O|/ 2)

sort O by axis

initialize new node in tree

node.location <« O[median]

node.left— 3-d tree construction for O on interval [0, median]
node.right « 3-d tree construction for O on interval (median, |O|]
return node

Algorithm 2: Euclidean Cluster Extraction

Input: 0, dy,
Output: C

Ce0
Q<10
Pe—0
for p € O do
addpto Q
add p to P
for p,e O do
search for the set P¥ of point neighbours of Dq Within some distance dy,
for p* € P* do
if p* ¢ P then
L add p* to Q
add p* to P

if |Q| > 0 then
add Qto C

L Q<10

return C
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clusters can be further refined. Additional parameters can be set in the Euclidean cluster extraction
algorithm to only add clusters to C if they contain at least some minimum, or at most some maximum
quantity of points. This allows the filtering of small clusters that can arise due to sensor noise, or
large clusters which are more representative of the environment (e.g. a tree, wall, etc.) but not the

objects of interest in the environment.

Together, the algorithms identified in this section are good at quickly identifying objects in point
clouds. However, they are more general object detectors and cannot detect specific objects unless
a detailed model is provided to compare each cluster against. Even then, the accuracy of the object
detection when a model is provided is not the greatest since this algorithm does not account for sensor
noise well. Furthermore, this method cannot solve the problem of object recognition, where an object
is both located and identified. To solve this problem, the clustering algorithm identified in this section

can be enhanced by coupling it with a method known as correspondence grouping.

2.2.2 Correspondence Grouping

Correspondence grouping is a type of point cloud clustering method where each cluster has a point to
point correspondence with a 3D descriptor that represents an object in the current point cloud envi-
ronment. There are two popular algorithms for correspondence grouping, 3D Hough voting [31], and
geometric consistency [32]. In this section, the 3D Hough voting methodology will be introduced
since it can perform well even for objects that are partially occluded, and is the default method used

by the popular point cloud library (PCL).

The 3D Hough voting algorithm works by voting for features such as edges and corners in the param-
eter space of the shape that is being detected using the generalized Hough transform (GHT). In GHT,
feature voting occurs for a specific position, orientation and scale factor for the shape or object being
sought. The method is described as follows for 3D point clouds. Assume a model exists of some
object to detect within a 3D point cloud with a unique reference point, C* and a set of feature points
FM_ First, a vector is computed between the model reference point and each feature.

v =cM-F¥ ®)
To make this vector invariant to rotaion and translation, it needs to be transformed in the coordinates

computed on F.
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VI =Ry, - VY (©)

L

Where Rg{ ; is a rotation matrix with each row representing a unit vector in the local reference frame
of the feature point F IM . Finally, each feature F lM is associated with it’s vector V% Now that the
model is defined, the point cloud is searched for corresponding scene features (F f o F lM ). This
is done by employing the previously defined Euclidean clustering algorithm, but with an additional

criterion that enforces each output cluster must have similar associations between F ,S and VfL.

With this, a specific model can be accurately identified in a 3D point cloud environment. This method
can be further refined to get a more precise pose of the object by employing a few iterations of the

popular iterative closest point (ICP) [33] algorithm between the identified scene cluster and the model.

The traditional point cloud object detection methodologies identified in this section are good at solv-
ing the general detection on average, but their performance is limited. For example, detections might
be missed in cases where the point cloud environment contains an object that is not well represented
by the model being used to identify those types of objects. This can often occur if an object is far
from the LiDAR when the point cloud is collected, resulting in a sparse representation of the object.
Furthermore, while the Hough voting method works better than geometric consistency in partially oc-
cluded environments, the performance is still limited. These types of issues are hard to solve because
they often have a small number of occurrences in a data set, and the characteristics of any single oc-
currence is often unique. That is, it is unlikely for two sparse object representations, or two possible
object occlusions to be the same, which makes it difficult for model based methods to perform the

detection task.
This is the motivation for pursuing a deep learning approach in the work outlined in this thesis. Since

large data sets can contain samples for most possible object representations, a deep neural network

can be employed to learn how to detect objects even in these edge cases.
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2.3 A Deep Learning Approach

2.3.1 Point Cloud Object Detection Networks

The previous section discussed traditional non-deep learning approaches to solving the object detec-
tion task in 3D point clouds. This section will identify existing deep learning architectures that are
capable of solving the detection task in real time, with a goal of finding an architecture that can be

modified to solve the object detection task in 2D point clouds as well.

Before discussing the various networks, it is important to identify how these networks are evaluated.
The most popular data set for evaluating point cloud object detection algorithms for autonomous
driving applications is the KITTI data set [34]. This data set contains thousands of point clouds of
various driving scenarios along with labels identifying all cars, trucks, busses, pedestrians, etc. in the
environment as well as the difficulty to detect these objects. These labels can be used to determine the
error of a network prediction, which is then used to update the weights of the network via backwards

propagation.

From an extensive study in [35], there are two main categories of deep learning methods for object
detection in point clouds, region based proposal networks and single shot networks. Region proposal
methods propose an initial set of candidate regions that could contain objects and then extract features
within these regions to determine specific labels for the objects contained. Single shot networks use a
single stage network to predict probabilities of the classes and use regression layers to precisely iden-
tify the bounding boxes that are paired with the class probabilities. Due to the single stage design,
these networks need minimal post processing and are able to run much quicker than region proposal
methods, making them a good choice for autonomous vehicles. Thus, this architecture is chosen as

the basis of this work.

There are three subcategories of single shot networks; discretization based methods, point based
methods, and bird’s eye view (BEV) based methods. The first object detection networks for point
clouds was a discretization based method, VeloFCN [36]. Here, a point cloud was converted into a
2D point map, and a 2D FCN was used to predict the bounding box of objects in the point cloud. Be-

ing the first of its kind, it only had a run time around 1 fps. A more recent and powerful discretization
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architecture is PointPillars [37] which uses PointNet [38] to learn features within vertical columns
(pillars) of a 3D point cloud. This method vastly improves on the detection perfomance of VeloFCN
and can achieve a 62 fps run time making it one of the fastest point cloud detection networks; how-

ever, due to its nature, it is dependent on a 3D input.

The second subcategory, point based methods, are a less popular approach to object detection in point
clouds. In these methods, the input to the network is the raw point cloud scan, which means that these
methods do not need much prepossessing. A notable point based method is the 3D single shot detector
(3DSSD) network [39]. This network removes traditional feature propagation layers that many other
networks employ, and uses a fusion sampling strategy for distance and feature predictions, which im-
proves its run time performance. The 3DSSD network then adds a candidate generation layer before
the header layer to identify bounds around the representative points in the point cloud. The 3DSSD
network out preforms the PointPillars network in terms of accuracy on the KITTI benchmark; how-

ever, its runtime performance is not as good at 25 fps.

Unlike the other methods, BEV-based methods can operate on either 3D or 2D inputs by their nature
since the input is flattened onto one plane. The PIXOR network [26] discretizes the input point
cloud into equally spaced cells that are then passed through an FCN. A prediction of the class of
object, its heading angle, center position, width and length are provided for each cell. Using non-max
suppression, a final best approximation for an object and it’s bounding box are provided. This method
achieves good performance on the KITTI benchmark while running at 29 fps. It is because of this
good performance and the ability for this architecture to be adapted to solve the object detection in
2D point clouds that makes PIXOR suitable choice for the basis of this research. Before doing an in

depth analysis on the PIXOR architecture, the next section will outline how to train a BEV network.

2.3.2 Training a BEV Network

The training environment for a BEV-based network like PIXOR is a supervised learning environment
where a point cloud is input to the network, and the output is compared against the known labels for
the input point cloud to compute the loss. Using an entry from the KITTI data set as an example,
the network is trained as follows. First, a text file for the label is parsed to load all the ground truth

information in the environment. This text file includes detailed information about the object, but for
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the purpose of training PIXOR, the important information is the object class, the bounding box coor-
dinates in the camera coordinate system, the 3D object dimensions, the 3D object coordinates in the

camera coordinate system, and the object yaw in the camera coordinate system.

Next, the ground truth information needs to be transformed from the camera reference frame to the

LiDAR reference frame. Figure 9 illustrates the frames of reference used in the KITTI data set.

Velodyne HDL-64E Laserscanner

Point Gray Flea 2
Video Gamems

Figure 9: KITTI Data Set Frames of Reference [8]

Since the BEV bounding box is in the LiDAR x-y plane, the transformation is simple and can be done
in two steps. First, a 90 degree anti-clockwise rotation about the camera y-axis is conducted. Now,
the carried x-axis overlaps with the LiDAR x-axis, and the carried z-axis overlaps with the LIDAR
y-axis. Thus, the carried x coordinate can be used as the LiDAR x-axis, and the carried z-axis can be
used as the LiDAR y-axis. Now the ground truth regression target, b,, and ground truth bounding box

corners, C;, can be defined in the LiDAR coordinate system.

The ground truth regression target, b,, for an object is a vector that contains information for locating
that object in the BEV LiDAR frame. This vector contains the sine and cosine values of the heading
angle, 6, the center position of the object in the LiDAR frame, (x.,y.), and the length, /, and width,

w, of the object.
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sin 8
cosd
Xe

b, = )
Ye

From this vector, the matrix containing the corners of the bounding box, C; € R*?, can be computed.

Xc — 3(lcos@ + wsinf) y. — $(Isind — wcos 6)

1 ; Legsi

Xe — 5(lcosf —wsin@) y.— 5(Isin@ + wcos6)
C, = (3)
X+ 3(lcos@ + wsin€) y. + 3(Isind — wcos 6)

| Xe + %(lcos@— wsin6) y. + %(lsin9+ wcos0) |

To evaluate the classification output of a network against the ground truth, the locations of the ground
truth objects need to be identified in the prediction space of the network. To do this, C; must be down
sampled by a factor of 4, and then discretized using the same resolution as the input point cloud. The
result will be the regions of the output space that are occupied by a ground truth object. The output
space can then be iterated and the coordinates of the points contained within the object regions can

be saved following the method defined in algorithm 3.

The algorithm works as follows. First, some setup steps are performed. A set containing the down
sampled, discretized left-most (I), right-most (r), top-most (¢), and bottom-most (b) coordinates of C;
are provided to the algorithm along with the output dimension, D,. Next, the bottom and top-most
coordinates are checked to determine which one is closer to the left most coordinate. Then, the left-
most coordinate and right-most coordinate are clamped to the dimensions of the output space. Now

the main logic of the algorithm can be performed.

Each vertical column of cells in between the left-most and right-most is iterated. If the x-coordinate of
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Algorithm 3: Classification Target Generation

Input: {/,r,b,t}, D,
Output: L,

if b, <t, then
m; < b
L my <t
else
my <t
L my < b
x; = max{[[,], 0}

X2 = min{l.rxJ»Du,x}
for x € [)C],Xz] do
if x < m . then

y1 < SegmentMin(ly,l,, by, by, x)
| 2 « SegmentMax(ly, 1y, 1,, ty, x)

else if x < my, then
if myy, <mpy then

yi < SegmentMin(b,, by, 1y, 1y, X)
| y2 <« SegmentMax(l,, Iy, t.,t,, x)
else
vi < SegmentMin(ly,l,, by, by, x)

| Y2 & SegmentMax(ty, ty, ry, Iy, X)

else
yi < SegmentMin(by, by, 1y, 1y, X)

| Y2 « SegmentMax(ty, ty, ry, Iy, X)
y1 < max{y;, max{[b,], 0}}
y2 « min{y,, min{|¢,], D, ,}}
for y € [y1,y2] do
| Lixyl=1
return L,
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the column is less than the x-coordinate of the first midpoint, then the y-coordinate region of interest
is the vertical range of coordinates, [y;, y»], between the two line segments from the left-most point
to the bottom-most point, and the left-most point to the top-most point at the current x-coordinate.
If the x-coordinate of the column is greater than the x-coordinate of the first midpoint, but less than
the x-coordinate of the second mid point, then there are two cases. If the first mid point is lower
than the second midpoint, then the y-coordinate region of interest is the vertical range of coordinates
between the two line segments from the bottom-most point to the right-most point and the left-most
point to the top-most point at the current x-coordinate. If the first mid point is higher than the second
midpoint, then the y-coordinate region of interest is the vertical range of coordinates between the two
line segments from the left-most point to the bottom-most point, and the top-most point to the right-
most point at the current x-coordinate. Finally, if the x-coordinate of the column is greater than the
x-coordinate of both the x-coordinates, then the y-coordinate region of interest is the vertical range
of coordinates between the two line segments from the bottom-most point to the right-most point
and the top-most point to the right-most point at the current x-coordinate. The output of the algo-
rithm is then a map of coordinates in the output space that label the ground truth classification target,

L,. The algorithms to find the y-coordinate region of interest for each case are provided in algorithm 4.

Now that the classification target is defined for one object, it is possible to define the ground truth
tensor, Gy, for that particular object. The ground truth tensor has the same dimension as the network
output. The first two dimensions in this tensor encode spatial information, and the last dimension

represents the vector that concatenates the classification target, L,, with the regression target, b;.

i ij .
sin 6
cos @

Gi=Liob = x )

Ye

w

l

For a set of ground truth targets, 7', such as the labels provided by the KITTI data set, the overall

ground truth tensor, G, can be defined as the union of all the specific ground truth tensors, G,.
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Algorithm 4: Line Segment Minimum/Maximum y-Coordinate

procedure SEGMENTMIN(X, Yo, X1, Y1, X)
if xo = x; then

L return |y |

else
m Yi—Yo
X1—X0
if m > 0 then
L return [ (yo + m(x — xp))]
else
L return | (yo + m(x — xo + 1))]

end procedure
procedure SEGMENTMAX(Xg, Yo, X1, Y1, X)
if xp = x| then
return [y ]
else
m e« U=
X1—X0
if m > 0 then
L return [(yo + m(x — xo + 1))]
else
L return [(yg + m(x — xp))]

end procedure
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G= UG, (10)

€T
To evaluate the network prediction, P, against the ground truth, G for a single input, multiple loss
functions are used. PIXOR uses the focal loss function [40] to evaluate the classification output. This
function is an extension of cross entropy loss. In the case where there is only one class of objects to

detect, the binary cross entropy can be used, which is defined as follows.

Licei(3,y) = =(vlog(®) + (1 — y) log(1 - 3)) 1)

where y = G'! is the ground truth classification tensor, and § = P"/! is the predicted classification
tensor. Since this is the binary classification case, y can only be either 0 or 1. The binary cross entropy

cost function for the data set with size #n is then defined as follows.

. 1 v 1 v
Jpce(Y,Y) = p Z Lpcei(iyi) = - Z(Yi log(®:) + (1 = y;) log(1 - 9)) (12)
i=1 i=1

Here, ¥ is the set of all predictions made during training, and Y is the set of all ground truths with
$ € Y and y € Y. For the case where multiple classes are being identified, the binary cross entropy

loss function can be extended to compute the loss for C classes.

c Se Se
Lezi(.3) = —Z(yclog(e—y% g —y»log(l - z: ]) (13)
j=1¢"’

Y
=1 1€

For the cross entropy function, y. is the ground truth class probability distribution, ¢ is the predicted

probability distribution of one class, ¢, and p(¥) = is the predicted probability distribution of

&
l

the model for all classes. The cross entropy cost function takes the same form as the binary cross

entropy cost function.

C n f',- }A’c
Z ()’c 10g[ c ej’.f] + _)’c)l()g(l - Zce ef'f]] (14)

c=1 i=1 j:l j=1

:I'—‘

) 1 )
Jee(Y,Y) = - ZLCE,i(Yi’Yi) =
3

The focal loss is then an extension of either the balanced cross entropy or binary cross entropy loss
function. The balanced cross entropy loss introduces a hyperparameter, «, to balance the importance
of positive and negative examples in the training set. However, by itself, this balancing parameter

does not differentiate between easier and harder to classify samples in the data set. The focal loss
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function adds a tunable modulating parameter to down weight easy samples and focus training on
difficult samples in the data set. In a point cloud data set, the easy examples can be considered
objects that are close to the LIDAR and are represented by a dense point cloud, while hard examples
are further away and sparsely represented. The focal loss for the multiclass classification problem is
defined as follows, first express the binary cross entropy loss as a piecewise function depending on

the ground truth probability for a single class, y..

=y log(p) ye=1
Lpcei(p,ye) = (15)

—(1 —y.)log(l — p) otherwise

For a single class, y. can only take on values of 0 and 1, so the above simplifies to the binary case.

—log(p) ye=1
Lpcei(p,ye) = (16)

—log(l — p) otherwise

For ease of notation, the focal loss function defines p,(p, y.).

p Ye = 1
pi(p,ye) = (17)

1 —p otherwise

This allows the cross entropy loss to be simplified in notation.

Lecei(p,ye) = Lcei(p) = —log(py) (18)

Now, the binary focal loss function can be defined as an extension of the binary cross entropy loss by

adding the balancing hyperparameter and the modulating parameter as follows.

Lgrri = —a(l - p)” log(p:) 19)
Finally, to get the focal loss in the multiple class case, the individual focal losses for each class can

be summed.

(1= p)” log(py) (20)
1

C
~£FL,1’ =—a

C

As p; approaches 1, the modulating factor goes to 0 and the loss is down weighted for well classified
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examples, allowing the network to focus training on the examples that are not well classified. The
hyperparameter, y, can be tuned to vary the affect of the modulation. With y = 0, the focal loss
becomes the balanced cross entropy loss. The overall cost function for the focal loss is then defined

as follows.

n C

N 1<
@Yy =~ 3 Lpi === 3 (1= p) log(p) @)
i=1

i=1 c=1
Upon evaluating the classification output of the network, the regression output of the network is
evaluated. The regression output is evaluated using the smooth L1 loss function, which was first
introduced in fast R-CNN [41]. The smooth L1 loss is similar to the L1 loss function, however it
adds a hyperparameter, 8. If the L1 component is less than the beta term, the smooth L1 loss function
replaces the component with a quadratic term to smooth the loss when it is close to 0. This allows the
loss to continue to converge after the network has already learned some features. The smooth L1 loss

function for one sample is defined as follows.

G-»*

R 2 DA) -Y | < IB
Ls11i(,y) = (22)
[y —y| - % otherwise
T
Since this loss function is for the regression output, y = [Giﬂ G'3 ... G| is the ground truth
T
regression target tensor and y = [Piﬂ Pi3 Pi./'7] is the predicted regression tensor. The

smooth L1 cost function is then defined as follows.

IR N 0
Jsu(¥,Y) = = G yi) = =
sr1( ) n;-fsu,(y i) N 28

1
H(§ =1 =) + (15 =31 = )1 = H(§ =y = B)) (23)

i=1
Here, the Heaviside function, H(x), is used to sum the loss function for the two possible cases, and
the input x is [J — y|. Now, all the loss functions required to train the network have been defined.
The overall cost function for the network can be setup by combining the focal cost function and the

smooth 11 cost function.
J(P,G) = Jp(P,G) + Js1(P, G) (24)

With the training process for a BEV network like PIXOR well defined, the overall architecture of the

PIXOR network can be explored.
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2.3.3 PIXOR

The PIXOR network works by taking an input point cloud and representing it as a bird’s eye view
by discretizing points in different vertical layers into different input channels. This allows for the 3D
information to remain, but now, 2D convolution operations can be conducted on each channel which
greatly improves performance compared to 3D convolutions. An additional channel is added to the
input where each cell in this channel represents the sum of the reflectances of the column of cells

below it.

The input of the network is defined as follows by [26]. Assume there is some input point cloud with
the physical dimension / X w X h. The points within the point cloud are then discretized by some
chosen resolution, d; X d,, X dj,, representing a cell. The result is an occupancy tensor with dimension
di[ X 3= X ;’—h. The normalized reflectance across all the length and width cells in a column is computed

W

and added as a channel on top of the occupancy tensor, which gives a final input shape, D;.

l w h
Di= —x—x(—+1 25
d;xdwx(dh+ ) (25)

The PIXOR architecture uses a resnet [42] backbone before passing through a fully connected header
layers. Before the input passes through the backbone, it passes through two convolutional layers with
32 channels, kernel size of 3, and stride of 1. After these layers are the residual blocks. There are 4
residual blocks with 3, 6, 6, and 4 layers in each block, respectively. The first convolutional layer in
each residual block uses a stride of 2, which creates a 16 times down sampling factor for the back-
bone. After passing through the residual blocks, the network up-samples the feature map with two
deconvolutional layers, the output of which are added element wise with lateral layers that branch
after the last three residual blocks, similar to U-Net [43]. Thus, the output is down sampled 4 times

from the input and has dimension.

The header network of PIXOR has two outputs, a classification output and a regression output. The
goal of the classification output is to predict the locations and labels of objects in the output space.
The goal of the regression output is to predict feature maps that more precisely define the bounding
box of the object. The header network consists of 4 convolutional layers, with an output that produces

a 1 channel classification prediction and 6 channel regression prediction. The classification layer uses
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a sigmoid activation function, and the regression output uses a ReL.U activation function. This com-

pletes the PIXOR architecture, a diagram of the network is illustrated in Figure 10.

As mentioned previously, the PIXOR network has 7 total output channels, 1 classification and 6 re-
gression with each channel being 4 times down sampled from the input. Following the KITTI data
set format, each point cloud has a length of 80 meters, width of 70 meters and height of 3.5 meters.
Thus, for a resolution of 0.1 meters in all directions, the input dimension is 800 x 700 x 36 and the

output dimension is 200 X 175 x 7.

For the classification channel, each cell represents the probability of an object being located in that
area. For the regression tensor, each column along the third dimension represents a vector, b;,’ for the
corresponding cell area that refines the bounding box prediction. The indices i and j are the spatial
indices of the cell from which the regression vector can be found. The regression vector at a particular

cell tries to predict the values of the regression target, b,, of the closest object.

sin @
cosf
I R

b = - (26)
v
w

l

The elements of the regression vector for a cell are very similar to the elements of the regression target
vector in Equation 7. The only difference is that (xij , yij ) do not locate the center of the object in the
LiDAR frame, but rather, locate the relative center of the object in the specific cell frame. However,
the transformation from the cell frame to the LiDAR frame can be performed for give cell indices i
and j. From this predicted regression vector a predicted corner matrix, Cj,j € R*?2, can be defined

which predicts the four corners of the bounding box in the cell frame.

xi:j— %(lcos9+wsin9) yi.j— %(lsinQ—wcosé’)
ij_ 1 : iJ_ 10y

o |xd —3(cos@—wsin®) y. — 5(Isinf+ wcos6)

cl=| B 27

x + 3(cos@+wsind) y/ + L(Isin—wcos6)

»xi:" + %(lcos@ — wsin6) yi:i + %(lsin@ +wcosb)|
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Figure 10: PIXOR Network Architecture
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Each row in C‘f,j represents a corner of the object, starting at the rear left corner of the object for the

first row, proceeding anti-clockwise about the object to the front left corner in the fourth row.

Combining the classification and regression outputs, the overall output can be interpreted as the prob-

ability of the existence of a specific bounding box, C, for each vertical column of the output tensor.

Once a prediction has been made by the PIXOR network, the output needs to be further processed to
better interpret the result. The first step in post processing is to decode the network output to identify
the corners of the bounding boxes in the frame. Recall the regression prediction from Equation 26.
The regression output predicts the relative center position, (xi.j , yi’ ) that each cell is to the center of
the bounding box. This encodes more precise positional information on top of the spatial information
that is obtained from the indices of the output cell. The goal is to convert the regression output tensor
into a tensor containing the entire bounding box information. To do this, two mesh tensors, M’ i1 and
M2 with size 41'1( di[ X dﬁ) are created with the same cell discretization as the output. The mesh tensors
correlate their index values to positional information in the LiDAR reference frame. For example,
M has increasing values for increasing i, in steps proportional to the output discretization size, and
M7 is the same but along the j index. By performing an element wise addition between the mesh
tensors and the relative center position components of the regression tensor, tensors containing the
center position of all estimated object centers, X/ and Y/ can be obtained.
Y = M7 @ b
(28)
XU = M7 o b

From these two center position tensors, a corner tensor can be created where each cell in the output
predicts the location of a corner for the closest object. To simplify the following notation, S Z = bi‘,jl ,
C;j = bﬁ;jz, Wi = b;js, and L'/ = bﬁ',jé. These values represent the sine, cosine, width, and length
tensors from the regression output, respectively. Note that in the following context, @ and ® represent

element wise operations.
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Note that each operation on the above tensors is element-wise. Also note that the vector along the
third dimension in C can build the matrix C,, meaning that for the output tensor, (C'/!, C'/?) represent
rear left corner predictions, (C'/3, C'/*) represent rear right corner predictions, (C¥3, C'/®) represent

front right corner predictions, and (C/7, C'/®) represent front left corner predictions.

Each cell in the output tensor, C, represents a bounding box prediction. Even if cell indices i and j are
only taken for regions where the classification prediction is above some minimum threshold, since a
single object can be represented by multiple cells, there will be too many predictions. To solve this
issue, non maximum suppression is conducted on the predictions to choose the best bounding box for

each object. Non maximum suppression is defined in algorithm 5.

Algorithm 5: Non Maximum Suppression
Input: B, S, ¢
Output: B,

Bmux — @

while |S| > 0 do
I« Sl

add B; to B,,ux
for j € Bdo

L if 208/ 5 ¢ then

B/UB;

L delete S;

| delete S
return B, ,
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The algorithm works by comparing the intersection over union (IoU) of all the bounding box predic-
tions. The intersection over union is the ratio of the amount two objects overlap to the total area of
the two objects. In the bird’s eye view prediction, the IoU is a comparison of two areas, A; and A, of

two boxes.

_AlﬁAz _ Al NA (30)

IoU = =
© A]UA2 A1+A2—A]nA2

Non maximum suppression takes a set of bounding boxes, B, sorted by a corresponding set of scores
representing the probability of each bounding box, S, and a minimum overlap threshold, ¢. Each box
is iterated based on the score, and the bounding box with the highest score is added to the output.
Then, the intersection over union between every other box is compared against the highest scoring
box. If each IoU is above the minimum threshold, then it is deleted since the highest scoring box is
already found. Boxes that are lower than the minimum threshold most likely correspond to a different
object. The set of boxes is iterated until all the scores have been parsed, resulting in the best matching

predictions for every object.

While the PIXOR network is good at detecting objects within point clouds, it is not without its chal-
lenges. One issue with the PIXOR network is it was designed for large scale autonomous vehicles
equipped with 3D LiDARs. Thus, it was not designed for object detection in 2D point clouds. Fur-
thermore, although it is a very fast network, it was still designed to be operated on powerful equipment

and is not suited well for smaller robots with less computational power.

Another issue with the PIXOR network is due to the nature of making predictions in a static time
interval. Since there is no temporal knowledge of objects in the environments, some objects are pre-
dicted with a 180 degree heading angle error. This error stems from the symmetry of the object, that
is, for rectangular shaped bounding boxes, there are two possible heading angles. The 3D PIXOR
network can partially mitigate this issue since real world vehicles have other features that can help
indicate the heading angle, however, the issue can still persist in certain cases. Also introduced by
making predictions in only a single frame is a problem where sequential predictions tend to oscillate
due to small errors in the predicted center position. This oscillation oscillation can be removed by

filtering techniques, but this means adding another post processing step.

Inspired by the PIXOR network, the next section proposes a new architectures that can solve the
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aforementioned challenges by making the network more scalable and by extending the network to

take time series data as an input.
2.4 Newly Proposed Deep Learning Approaches

24.1 PIXOR2D

As highlighted in the first chapter, the motivation for scaling the PIXOR network to operate in 2
dimensions is so that it can operate on lower cost 2D LiDAR sensors, and on devices with less com-
putational resources. From the architecture shown in Figure 10., it is possible to calculate the memory
usage of the 3D PIXOR network. Table 1. summarizes the memory requirements of each block of

the 3D PIXOR network.

Table 1: Memory Requirements of 3D PIXOR Network

Block Name Layers | Output Channels | Output Dimension | Memory Usage (Mb)
Input 1 36 800x700 80.64
Conv. Block 1 2 32 800x700 143.360
Res. Block 1 3 96 400x350 161.280
Res. Block 2 6 192 200x175 161.280
Res. Block 3 6 256 100x87 53.453
Res. Block 4 3 384 50x43 9.907
Lat. Layer 1 1 192 50x43 1.651
Lat. Layer 2 1 128 100x87 4.454
Lat. Layer 3 1 96 200x175 13.44
Deconv. Block 1 2 128 100x87 8.909
Deconv. Block 2 2 96 200x175 26.88
Header Block 4 7 200x175 3.92
Total - - - 669.174

While the total memory requirement may not seem like much, it should be remembered that neural
networks require contiguous memory to ensure the fastest forward pass time. This can be a significant
requirement for a small robot running on a total of 4Gb of memory, such as a robot using an Nvidia
Jetson TX1. Even if a robot is capable of running the full 3D PIXOR network, it will likely need to
run many other algorithms in parallel, such as those for localization and mapping, navigation and path
planning, data collection, and more. Each of these will also have their own memory requirements,
especially if they are also deep learning approaches, so it is important to minimize the memory cost

of a deep learning algorithm if possible.

For a 2D implementation of PIXOR, the input channel size is reduced to 1 planar channel, with the
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Figure 11: Modified 2D PIXOR Network

33



option of adding an additional channel if the 2D LiDAR being used returns reflectance or intensity
information as well. Since the input to the network is greatly reduced, there is a smaller spatial region
in which features can be learned. Due to this, it makes sense to add a scaling parameter, 7, that can
linearly reduce the quantity of channels in each block between the input and header. This greatly
improves the memory cost of the 2D PIXOR network over the 3D PIXOR network. This modified

PIXOR2D architecture is illustrated in Figure 11.

The memory requirements of the 2D PIXOR network are provided in Table 2. A scale factor of n = 1
is the minimum possible scaling, but it is recommended that a scale factor of n = 2 is used minimum.
To obtain the same breadth of channels as the 3D PIXOR network, a scale factor of n = 8 should
be used. From this table, it can be seen that scaling the breadth of the PIXOR network down greatly
improves the memory cost of running the network. Reducing the scale factor of the 2D PIXOR

network from 8 to 2 has little affect on the performance, as will be demonstrated in Chapter 4.

Table 2: Memory Requirements of 2D PIXOR Network

Block Name Layers | Output Channels | Output Dimension | Memory Usage (Mb)
Input 1 1 800x700 2.24
Conv. Block 1 2 4n 800x700 17.92n
Res. Block 1 3 12n 400x350 20.16n
Res. Block 2 6 24n 200x175 20.16n
Res. Block 3 6 32n 100x87 6.682n
Res. Block 4 3 48n 50x43 1.238n
Lat. Layer 1 1 24n 50x43 0.206n
Lat. Layer 2 1 16n 100x87 0.557n
Lat. Layer 3 1 12n 200175 1.68n
Deconv. Block 1 2 16n 100x87 1.114n
Deconv. Block 2 2 12n 200175 5.04n
Header Block 4 7 200x175 3.92
Total (n = 2) - - - 155.674

24.2 Extending PIXOR with Recurrent Layers

While PIXOR is good at identifying bounding boxes in a static frame, predictions in sequential frames
tend to oscillate around a central position. Predictions fluctuate due to sensor noise within each Li-
DAR scan, resulting in small positional error in the bounding box prediction. This error is isotropic,

and so, in sequential frames, the bounding box appears to oscillate as can be seen in Figure 12.

This type of motion can be filtered using recursive Bayesian estimation techniques such as Kalman

34



=0 =1 =2 =3

Figure 12: Oscillating Bounding Boxes in Sequential Predictions

filtering, but this would be an additional post processing step. To solve this problem in the same
pass that the predictions were made, the PIXOR network was expanded to take a time series of point
clouds as an input. This modification also allows the PIXOR network to estimate the velocity of
objects since the time between sequential LIDAR frames is close to constant. To make meaningful
predictions given the time series input, the PIXOR network was expanded by adding recurrent lay-
ers. There are many types of recurrent layers that could be employed such as gated recurrent units
(GRUs) [44] and long short term memory (LSTM) [45] layers. However, these architectures require
a flattened input. Since the spatial information is the most important for the predictions, the ConvL-
STM [46] layer was chosen. The key difference between a ConvLSTM layer and a traditional LSTM

layer is that in the ConvLSTM layer, the gates that control the LSTM have their inputs convolved first.

iy = 0(Wy * X + Wy hymy + by)

Ji = oWy s xp + Wypx by + by)
¢; = fico1 + i tanh(Wye  x; + Wye % hy_q + b.) (31)

01 = 0(Wyo # X + Wi % hyy + by)

h, = o, tanh(c;)

Here, i;, f;, 0, are the input, forget and output gates, respectively. ¢, and ¢,_; are the current and pre-
vious cell states, and £, is the current hidden state. W and b represent weight and bias matricies for
the different operators, and x; is the current input. The ConvLSTM layers were introduced after the
header network since the goal of the recurrent layers are to smooth out the predictions made once the
spatial features have been extracted. The new architecture uses a time series length of 7, however,
many other time series lengths are suitable as well. The new output contains 10 channels, 1 classifi-

cation channel and 4 regression channels for the predictions at time steps ¢ — 1 and ¢. The reason for

predicting the bounding boxes at ¢ — 1 is so that the difference can be measured between time steps
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to estimate the bounding box velocity. Figure 13. illustrates the newly proposed architecture for the

recurrent PIXOR model.
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Figure 13: Recurrent PIXOR Architecture

Training the recurrent network is straight forward, as the loss can be computed the same as previously
introduced, but aggregating over the amount of predicted frames. Thus, the loss functions remain the

same, but the cost functions add another summation term as follows.

T n C
Tr Y = =2 7 3 (1= p log(p) (32)
=1 i=1 c=1
A RO ) S ) 1 .
Jsn(Y,Y) = ﬁz TH(|y—Y|—ﬂ)+(|y—Y|— 5)(1 —H(y -yl -5) (33)
=1 i=1

Here, T is the size of the time series being predicted. From Figure 13., T = 2, but this network can be
trained to predict any length of time series, however, the accuracy will reduce the further a prediction
is made from the last known time step. This new adaption of PIXOR is named PIXFOR for its ability

to predict future oriented bounding boxes, and its performance is assessed in Chapter 4.
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2.5 Section Conclusions

This chapter introduced point clouds, and how to detect objects contained within them. Traditional
approaches to the object detection task were explored before moving on to more novel deep learning
approaches. The PIXOR network was selected as deep learning architecture basis for this research

due to it’s fast run time, and it’s ability to be adapted to 2D and 3D point clouds.

There are two key novelties introduced in this section. A new PIXOR network architecture is pro-
posed that can work using the input from a 2D LiDAR, with appropriate scale factors being proposed
to reduce the memory requirements so that this 2D architecture is better fit for smaller autonomous
systems. Then, this network architecture is extended by adding recurrent layers to smooth predictions
and also estimate the velocity of objects. The power of this new recurrent PIXOR model, named
PIXFOR, is demonstrated further in the next chapter as its ability to track objects in point clouds is

explored.

37



3 Object Tracking in Point Clouds

3.1 Object Tracking Overview

Object tracking usually consists of two sub processes; data association and track management. Data
association is the process of associating groups of data at a current data step with identified data in
previous data steps, and track management is the task of managing these associations throughout a
time interval. In its most basic form, this means giving each object a unique identifier during the first
frame that the object is detected, and re-associating this identifier with the correct object in future
frames. In point clouds, tracking can be segmentation based, in which each point in a dynamically
changing cluster is tracked, or object based, where the features of the point cluster, such as a bound-
ing box, are tracked. In most cases, object tracking is built to be integrated with, or on top of, object

detection to solve the detection and tracking of moving objects (DATMO) problem.

There are many categories of solutions to the DATMO problem, but for the LiDAR based DATMO
problem, most approaches fit in two categories; detect before track and track before detect as iden-
tified in [22]. As the name suggests, detect before track approaches perform the object detection
task first, and use the result to perform track management. The track before detect approach tracks
individual points or regions in the point cloud and then identifies relevant objects from the tracks.
In most cases, the detect before track approach is an object-based DATMO approach, and the track
before detect approach is a grid-based DATMO approach, as identified in a 2019 review of DATMO
methods [47]. While deep learning methods have been used to solve parts of the DATMO problem,
such as the object detection task, to the best of the author’s knowledge, there is no such deep learning
approach to solve the DATMO problem from end to end. The next section of this chapter will explore
some of the existing methods and identify their strengths and weaknesses. The following sections
will identify two new solutions to the DATMO problem, with the latter being a novel end to end deep

learning approach.
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3.2 Approaches to the DATMO Problem

3.2.1 Kalman Filtering

Before discussing approaches to the DATMO problem, it is important to introduce the Kalman filter
[48] as it is an important step in many DATMO approaches. Kalman filtering is a method where
a state vector is estimated using a time series of measurements that are combined with noise and
unknown terms. The Kalman filter algorithm is as follows. Given a state vector from a previous time

step, xx—1, and control input vector, i, the linear state space model of the system can be defined.

Xk = Akxk_l + Bkuk + Wi (34)

7 = Crxp + vi (35)

In this state space model, the matricies Ay, By and G, represent the state transition model, control
input model and observation model of the system, respectively. The vectors wy and v; are the process

noise with covariance Q; and observation noise with covariance Ry, respectively.

Once the linear state space model defined, the first step of the Kalman filtering process is to predict
the a priori state Xyx—; and covariance matrix Py—1. The a priori state is the prediction given the
state space model, but it is not yet corrected based on the measurements and the a priori covariance

matrix describes the accuracy of the state prediction.

Kuk-1 = ArZr—tjp—1 + Bruy (36)

Puic1 = AkPioipe1Af + Ok (37

Here, %;_1j—1 and Py_jy—; are the state estimate and covariance matrix from the previous time step,
updated using measurements up to and including the previous time step. Once this prediction step is
complete, the next step is to update the prediction based on the measurement information, by prop-
agating the uncertainty information encoded in the covariance matrix. To do this, the measurement
pre-fit residual, yy, is first determined by finding the difference between the observation and optimal

forecast.

Vi = 2% — Crlipt (38)

This value is also referred to as the innovation. Similarly, the pre-fit residual covariance matrix (or
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innovation covariance matrix), S, is computed from the propagated covariance matrix.
G ~ AT
Sk = CkPk‘k_ICk + Ry (39)

from the pre-fit residual and pre-fit residual covariance matrix, the optimal Kalman gain, K; can be
computed. The Kalman gain provides information on how the predicted state should be updated by

minimizing the pre-fit residual error.

Ky = Piy1CL S = Prper €T (Cr Py CT + Ry)™! (40)

With the Kalman gain determined, the state estimate and estimate covariance matrix can be updated,
yielding an a posteriori which are then also used to repeat the process again for the next time step as

the a priori.
X = Xie—1 + Kk (41)

P = (I — K Cr) Py (42)

The final state estimate covariance matrix, Py should be smaller than the state prediction covariance
matrix, Py—1. This indicates that there is a higher confidence of the final state estimate, &y, than in

the state prediction, fgj—1.

The Kalman filter is great at estimating problems that can be described by linear state space models.
However, object motion often has nonlinear components. Thus, to solve the tracking problem in most

cases, the extended Kalman filter is often required.

3.2.2 Extended Kalman Filter

The extended Kalman filter (EKF) is a nonlinear version of the Kalman filter. Instead of requiring a
linear state space model, the EKF only requires the state and observation models to be differentiable.
In this nonlinear version of the Kalman filter, the state model and observation model are defined as

follows.

X = f(Xp—1, up) + wy (43)

7 = g(xx) + vk (44)

Here, the variables are the same as the Kalman filter, and f and g are non-linear, differentiable func-
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tions that describe the system. Following the same process as the linear Kalman filter, the next step

after defining the system models is to predict the future state and covariance.

Kik-1 = [ R 1k-1, i) (45)

Pyi-1 = AcProip1 A} + Ok (46)

This time however, the state transition matrix, Ay, is defined as the Jacobian of f.

L= (47)

Ox R 1k—1,Uk

Again, the update step follows the prediction step and continues to have the same form as the linear
Kalman filter. This time, the measurement pre-fit residual is determined using the nonlinear function,

g, and the innovation covariance is also determined.

Yk = 2k — 8(Rug—1) (48)
§k = ékPk\k—lC‘]Z + Ry 49)

Similar to the state transition matrix, for the EKF, the observation matrix, Cy, is defined as the Jaco-
bian of g.

~ 0

Co=22 (50)
Ox k-1

Once these initial steps are completed, the rest of the EKF is the same as the Kalman filter. The

Kalman gain, K} can be determined following Equation 40., and then the a posteriori state estimate

and covariance can be computed following equations defined in Equation 41.

3.2.3 Data Association Techniques

The data association step is employed before the tracking phase and is responsible for deciding which
data clusters need to be tracked, and how they are associated with data clusters from previous time
steps. A simple method for data association is the global nearest neighbour search algorithm. In this
algorithm, a data cluster at time step k is associated to the nearest data cluster at time step k — 1 based
on the Euclidean distance. Based on information acquired from previous measurements of tracked
objects in the environment, the result from the nearest neighbour can be used to determine the proba-
bility that a measured cluster belongs to a specific target. This probability can be used with methods
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like multiple hypothesis tracking (MHT) to generate hypotheses, or the joint probabilistic data asso-

ciation filter (JPDAF).

Multiple hypothesis tracking is a type of probabilistic filtering approach to the tracking problem where
multiple association hypotheses between measured data clusters are maintained. This approach fits
into the object-based DATMO approach since it is the clustered data which is being tracked. The first
approach to multiple hypothesis tracking is designed for the more general task of tracking multiple
targets in any type of clustered data set [49]. For a data set k, this method generates a set of hypothe-

ses, QF that associate the set of measurements, Z* up to and including the current measurement, Z(k).

Z(k) = {zk),i = 1,2,.., I}
ZF =z, Z(2), ..., Z(k)} (€29)
Q= {Q, j=1,2,..0)

When a new measurement, Z(k + 1), is made, a new hypothesis Q1 s formed. To do this, the hy-
pothesis Q¥ = QF is initialized where Q' represents the hypothesis after the ith measurement. Then,
a new set of hypotheses, Q, are formed for each prior hypothesis Q;". This new set represents the
joint hypothesis that .(._23.‘1 is true, and that measurement Z;(k + 1) comes from a particular target with

a unique identifier.

The problem with this method is that the quantity of hypotheses grows with every time step due to
new possible hypotheses being created as new targets are initiated with each measurement on top
of all the previous hypotheses. Thus, this method needs to be combined with hypothesis reduction
techniques, otherwise the computational cost is not feasible. The easiest way to reduce the number
of hypotheses is to choose the hypothesis with the most likely data association. Once the hypotheses

are reduced, Kalman filtering can be used to estimate the state.

Another approach for performing data association and filtering is the Joint Probabilistic Data As-
sociation Filter [50]. Unlike MHT, the JPDAF method does not suffer from the set of hypotheses
expanding at each time step. In the JPDAF method, the measurement update of the tracks takes into

account all possible assignments of data clusters.
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Ji
PZISH) =n ) BPZ)SH (52)

=1
where P(Z;|S¥) is the probability that data cluster Z, is from target k, ﬁ’; is the probability that mea-
surement j belongs to target k, J, is the set of data clusters at the current time step ¢, and 7 is a

normalization constant.

The probability ﬁ’j‘. that measurement j belongs to target k is obtained by summing over all feasible

events, y, where the joint event occurs.

5= POdY o) (53)
X

1 xjx occurs
Wje(x) = (54)
0 otherwise
Here, Y* is the set of all data vectors and y = LJJJ.’z1 X jk is the evaluation of all the events where

measurement j originated from target k. Like MHT, once the measurement data is associated by the

JPDAPF, it needs to be tracked, usually by a Kalman filter.

3.2.4 Occupancy Grid and Obstacle Map Approach

The occupancy grid approach, also sometimes called an occupancy map, represents the environment
as a discretized grid of cells which are each tracked. These grid cells are at a resolution smaller than
any object in the environment and thus, an object is tracked by aggregating the tracked grid cells that
it intersects. One such occupancy grid approach constructs a static obstacle map (SOM) [22] based
on the motion of points in the point cloud relative to the ego vehicle. In this approach, the static
obstacle map is predicted by comparing the points in the current grid to their location in the previous
grid. To calculate the probability of the j-th grid being static at the current time step, the distance to
the four nearest grids, [/1, l», I3, l4], at the previous time step are used. The predicted probability is the
weighted average of the four previous grids which have a midpoint distance less than \/idg,,-d, where

dgria 1s the discretization size of the occupancy grid.
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Once the SOM is predicted, the geometric model free approach (GMFA) presented in [22] constructs
correspondences between the non-static points in consecutive scans to update the SOM. Once corre-
spondences are created, clusters of points are matched using ICP, and then the states of these clusters

are tracked using an EKF.

3.3 The Detect While Track Approach

3.3.1 Problems with Traditional Approaches

As identified previously, there are two categories of approaches to the DATMO problem, detect before
track and track before detect. Both of these categories use a data association step to identify which
data clusters need to be tracked at the current time step, then usually, a Kalman filtering approach
is used to estimate the state of the tracked objects. The problem with these two categories is that
ordering the detection and tracking tasks creates an implicit delay since one task requires the output

of the other to solve the DATMO problem.

This delay can be accommodated for by ensuring the use of efficient algorithms for both detection
and tracking such as the approach in [23]. In this method, the data association problem is solved
using a nearest neighbour search, and then an efficient 1-shape feature extractor [51] is used to predict
vehicle bounding boxes. Finally, an unscented Kalman filter (UKF) is used to estimate the state of the
vehicles. The nearest neighbour search, L-shape extractor, and UKF are all very efficient algorithms
which allow for a fast run time, however, the cost of this efficiency is the accuracy of the method.
The drawback of the L-shape extractor is it depends on an L-shape in the environment, but there are
scenarios where a point cloud of an object is not represented by an L-shape. Such a case is when
the heading angle of the LiDAR is completely parallel or perpendicular to an object. In this case, the
shape of the point cloud is an I-shape. Furthermore, the nearest neighbour search algorithm has the

potential to merge predictions in cases where two clusters are in close proximity.
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Figure 14: Intersection Scenario Example Depicting Prediction Errors of the Nearest Neighbour
Search and L-Shape Feature Extractor

Figure 14. illustrates the issues that can arise when using the nearest neighbour search and L-shape
feature extractor to solve the DATMO problem. In the figure, QCarl is the ego vehicle which made
the LiDAR measurements. The black boxes represent the ground truth bounding boxes. The colourful
boxes represent the predicted bounding box from the L-Shape tracker. The time series of events are
described as follows: a) the L-Shape tracker works well. b) QCar2 is perpendicular to QCarl, and
the L-Shape tracker cannot accurately predict the bounding box of QCar2 because the point cloud
of QCar2 forms an I-shape. ¢) QCar2 fully occludes QCar3 d) QCar3 re-enters the LiDARs view,
but is still partially occluded by QCar2. QCar2 and QCar3 are close enough that the L-Shape tracker
predicts that both QCar3 and QCar?2 are one vehicle. e) QCar3(formerly pink, now blue vehicle) is no
longer occluded by the orange vehicle, but it has not been tracked for so long that a nearest neighbour
search algorithm believes it must be a new vehicle. It should be noted that the vehicle labels and

heading velocity are added in manually for this illustration.

Changing the parameters of the nearest neighbour search to use a smaller Euclidean distance can alle-
viate the issue at t = 3 where the bounding box combines two clusters into one prediction. However,

this can have the unintended effect of creating two predictions for one object if the object is suffi-
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ciently large. This is why it is better to generate multiple hypothesis or use a JPDAF approach, since
these methods can propose better associations for the tracks. The issue of the I-shape feature can
be solved by using an object model approach to determine bounding boxes, but due to variations in
vehicle shapes in the real world, it is difficult to design an all-encompassing model. A neural network
however, can be trained on many real world scenarios and can converge on a best bounding box for a

given point cluster.

In a model based tracking (MBT) approach [21], a probabilistic measurement model is used to as-
sociate data and then the tracks are maintained using the MHT framework proposed in [52]. This
more sophisticated tracking model greatly improves on a nearest neighbour approach. The GMFA
approach from [22] then improves on the results from MBT using the static obstacle map, yielding
a higher F; score. However, due to the nature of the GMFA method, while objects can be tracked,
a bounding box is not provided. Furthermore, in [22], some cases are identified where GMFA and
MBT cannot detect or track an object due to the nature of the track before detect approach requiring
consecutive scans to make a prediction. Thus, a better solution to the DATMO problem should use a
probabilistic data association method with the ability to detect objects, even if they only appear in a

single frame.

3.3.2 Improving Traditional Approaches with PIXOR

One way to improve on these traditional approaches it to combine them with a convolutional neural
network, such as the 2D PIXOR network proposed in Chapter 2., to improve on the object detection
component. The benefit of such a method is that the object detection can be run on a GPU while the
tracking algorithms can run on a CPU, allowing the detection and tracking tasks to execute simulta-

neously. This novel method is called a detect while track (DWT) approach.

The DWT approach builds on [23] for the tracking approach. As with any tracking solution, the goal

is to find a set of tracks, N, where each n € N represents a tracked vehicle where the track is the

following state vector.
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n=\¢ (57)
VX

vy

L w J
Here id is a unique identifier for this track, x and y denote the center position of the track, 8 is the
orientation of the track, which points in the heading direction, vx and vy are the velocity components
of the track, and w is the rotational rate of the track. Next, a mapping function, f, is defined which

maps a track, n, to a tracked measurement, .

£ NK) = Z(k) (58)

where Z(k) is the measurement containing the set of point clusters at some time step, k. For a 2D point
cloud input, these clusters are obtained using the adaptive breakpoint detection (ABD) algorithm [53].
The ABD algorithm segments the input point cloud into a set of clusters at a certain time step, Z.
Next, for a known set of tracks at the previous time step, Ni—; and some euclidean threshold, D, the
tracks can be recursively updated using a nearest neighbour search algorithm to obtain a set of naive

tracks.

S = aI:g IZniHIIZ = fu-Dll, N = flu-pIl < D (59)

A new naive track is created for every cluster, £, that is not mapped to a track in the above update
function. The reason for calling these naive tracks is because they are not necessarily the final tracks
used by DWT, but are rather a starting set of hypotheses. These hypotheses will later be evaluated
to determine a true track. Finally, the L-Shape feature extractor proposed by [51] is applied on each
{ € Z; to get a set of L-shapes, L;. The state of these L-shapes is then tracked by either a EKF, or a

UKF following [23].

The approach thus far is congruent to [23]. The difference however, is that the tracks identified thus
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far are only hypotheses. At the same time that these tracks are determined, the 2D PIXOR network
also process the input point cloud. The output of the network is a set of bounding boxes at the current
time step, By, which can also be used to generate a set of hypotheses. Thus, the final step of this
approach is to evaluate each hypothesis to determine the best fit for the set of tracks at the current

time step, Ng.

To reduce the hypotheses, a candidate proposal system is employed as a post processing step. The
candidate proposal system begins by assuming there are some number of ground truth objects to be
tracked in the current frame. These objects are denoted super candidates, S. Suppose there is a set of
naive tracks, Ny and a set of bounding boxes, By, where each b, € By is the regression vector defined
in Equation 26. at the current time step, k. Next, an empty set of candidates, Cy is initialized for the
current time step to represent the hypotheses. The first step of the candidate proposal algorithm is
to iterate over n € Ny and b, € By to find which clusters are contained within a bounding box. A
candidate is created for each of these cases, with the position set to the center of the bounding box. A
candidate is also created for each cluster that is not contained within a bounding box, using the center
position and velocity vector of the cluster to define the candidate position and orientation. Finally,
candidates are also created for each bounding box prediction that does not contain a naive tracked

cluster.

For these generated candidates, clusters contained within bounding box predictions have the highest
probability of being a true track, bounding boxes with no contained clusters have the next highest
probability, and clusters not contained in bounding boxes have the lowest probability. It should be
noted that candidates created from bounding box predictions that do not contain clusters have no
tracking information at this time. Now, the hypotheses can be reduced. In most cases, there should be
as many distinct hypotheses remaining as there were tracks at the previous time step, however, this
may not be the case such as when new objects enter the frame, or existing objects leave. Regardless,
the first step in reducing the hypotheses is to compute the IOU between all the super candidates at the

previous time step, six-1 € Sk and all the candidates at the current time step, c;x € Cy.

ik-1NC;
JoU = Skt Cik (60)

Sik—1Y Cjk
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For a LiDAR with a sufficiently high scan rate, an object should not move much in one time step.
Thus, super candidates at the current time step are chosen as the candidates which maximize this

I0U.

Sik—1 N Cjk
Six = argmax ————, S Ncjp >0 61)
cueCe  Sik—1Y Cjk

Algorithm 6: Candidate Matching Algorithm
Illpllt: Ck, Ck—la Sk—l’ D
Output: S,
for Sik-1 € Si-1 do
find c;x € Cy with largest IOU with s;;_
if largest IOU > O then
Sik < Cjk
| mark s;;—; as tracked

for Sik-1 € Skfl do
if ;41 is not tracked then
find ¢ € Cy that is closest to s;4—; within threshold D
if ¢ is found and has id known by s;;—; then
L Sik < Cjk
else
L evaluate initial conditions

for Cik-1€ Ckfl do
if ;i1 is not tracked then
find c;x € Ci with largest IOU with ¢
if ¢ is not tracked AND 10U > 0 then
L add Cjk to Sk

return S;

When a candidate is matched to a super candidate and it has a naive track, then the super candidate
adds the id associated with the naive track to a set of known ids. If not all super candidates from the
previous time step are matched, Then a nearest neighbour search is conducted between the unmatched
previous super candidates and current candidates to find objects that may have moved too quickly in
one frame. If this nearest neighbour search finds a candidate, and the candidate has an id that is in
the set of known ids for the super candidate, then the candidates are matched. If this fails, then it
is assumed that the object has left the frame of view. The last step is to check the IOU between all
remaining candidates at the current time step with all unmatched candidates from the previous time
step. In cases where the IOU is large, it is likely that the object that was proposed in the previous
time step is a new object to be tracked, and a new super candidate can be created. Finally, initial
conditions can also be passed to propose where super candidates could be on the first time step. This

candidate matching algorithm for hypothesis reduction is summarized in algorithm 6. This completes
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the methodology of the DWT approach. Figure 15. Illustrates the DWT process as a block diagram.

Detect While Track Approach Legend
Object Detection Framework X. - Current Point Cloud
&
5 P, - Filtered Bounding Boxes
L1y| pixoron | 2*y| Non-max o )
"1 Suppression Z - Measured Point Clusters
Ly -L-Shape Features
X, Tracking Framework N, - Current Tracks
| |, Foint Cy, - Current Candidates
Clustering - 511 - Previous Accepted Candidates
z Ly | unscented Ny
& Kalman Filter S, - Current Accepted Candidates
L-Shape
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Candidate Proposal System
v v
Cy .
Candidate
—+» Compute IOU B3 Creation
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Gt Associate Known ID
| | ssociate Known D)
™ Tracking
JY Update Super > &
Candidates . &
Initialize Super
Candidates

Figure 15: The Detect While Track Block Diagram

An in depth analysis of the performance of the DWT approach is provided in chapter 4. While the
DWT approach works well to solve the DATMO problem, it does have some flaws. Since it uses a
multiple hypothesis tracking approach, it has the potential to increase the amount of candidates that
are proposed in each time step, particularly in noisy environments. The number of proposed candi-
dates can be limited to ensure run time does not increase, however, this could impact the accuracy of
the method. Furthermore, since the DWT approach only uses a single frame for the bounding box
predictions in the 2D PIXOR component, it suffers from the oscillation issue identified in Chapter
2. which slightly decreases performance. In the next section, a pure neural network approach is pro-
posed to solve the DATMO problem from end to end in a single pass using the PIXFOR architecture

proposed in Chapter 2., an approach that can alleviate these afformentioned issues.
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3.4 PIXFOR for DATMO

As shown in in the previous chapter using a recurrent model for object detection can improve the
detection performance. However, the recurrent model of PIXFOR allows for even more powerful
predictions. Since it is trained on time series data, the recurrent model can also make projections
about the future states of objects. By slightly changing the architecture to expand the output and
changing the training goal, it is possible to have the PIXFOR network solve the DATMO problem in

a single forward pass.

Before discussing the modifications to the training regime and architecture, the assumptions of using
PIXFOR for the DATMO problem need to be identified. The primary input for PIXFOR to make
object detection predictions is a time series of point clouds. Specifically, these point clouds pass
through the 2D PIXOR network and then the classification output passes through a recurrent block as
identified in Figure 13. The key assumption to solve the tracking problem using this architecture is
that a time series of tracks are also passed to the network that identify the objects in the point cloud
time series input. This time series of tracks needs to have a one to one correspondence with the time
series of point clouds. For most cases, this time series of tracks can be generated from PIXFOR itself,
as the current prediction can be propagated to the next time step to represent a previous prediction.

However, the issue of initial conditions arise.

An easy solution to this problem is to use the DWT method to generate this initial set of tracks since
DWT does not require a time series. Once the 7 time steps required for the PIXFOR network are
acquired by DWT, then the overall method can switch to PIXFOR for the remaining tracks. Alterna-
tively, an empty point cloud can be passed for the first 7 time steps, however, this could cause brief

prediction errors in the transient between switching from empty to non-empty point clouds.

Another assumption required is that there is a maximum number of objects that can be identified
within one frame. This number can be chosen by the user of PIXFOR, however, it cannot be changed
after training. The reason of this is due to the way tracking predictions are made. Each track is given
a unique id, and the PIXFOR network tries to predict the unique track as a multi-class classification
problem. The network uses the loss function defined in Equation 32. to train the network, in which

the total amount of classes needs to be static. Therefore the track prediction tensor needs to be static
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and the PIXFOR network can only predict a set finite amount of tracks. For this work, the maximum
value is set to 20, which is more than the possible amount of QCars that could fit within the frame of

a single LiDAR scan.

With these assumptions identified, the new network architecture can be defined. Following Figure
13., the first modification is to the amount of input channels to the recurrent block. Since the network
needs a time series of the previous tracks as well, another channel is added that represents a 2D map
of the track identifications at each time step, N,. Since this input is added to the recurrent block, it
needs to be down sampled to have the same dimension as the classification prediction, which is the
other channel. In this representation, each cell in the 2D track map represents a normalized identifi-

cation number up to the maximum number of possible tracks in a single frame, 71,4,

N[ij = k , hE€E [O, nmax] (62)

Minax
The goal of PIXFOR is then to propagate these ids to the correct objects in the future predictions.
Since this version of PIXFOR uses multiple classes to represent the different tracks, there are two
ground truth tensors that need to be used to train the network. The first of which is the same ground
truth tensor, G, from Equation 9. The second ground truth tensor, G, has 3 dimensions and represents
the multiple class ground truths. The first two dimensions represent the spatial location, similar to
Equation 9. The third dimension represents the specific class index. This tensor is a boolean tensor,
and only indicates the presence of a class at a certain location.
1 N =k

(63)
0 otherwise

Due to this change, the output channel dimension of the recurrent block needs to be expanded to ac-
count for the multiple class channels at each time step. The overall PEIXFOR architecture for DATMO

is illustrated in Figure 16.

The classification output has 63 channels, 21 channels for each of the 3 time steps that are predicted.
20 of these channels represent the ids of the tracked object, and 1 channel is used to represent no
tracked object at a specific location. The output contains predictions for the current and two future

time steps.
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Figure 16: PIXFOR Architecture for DATMO

The training regime for this network is simple. A time series of point clouds with length 10 is used to
train the network at each step. The first 7 frames of the time series are shown to the network, and the
goal of the network is to predict the last 3 frames. These predictions can then be compared to the real
last 3 frames to compute the loss. The loss functions used are the same as Equation 32. and Equation
33. for the classification and regression losses, respectively. This completes the modifications that

need to be made to the PIXFOR architecture to allow it to solve the DATMO problem.

3.5 Section Conclusions

This chapter introduced the problem of object tracking and outlined traditional approaches to this
problem. After identifying these traditional approaches, two novel methods for solving the DATMO
problem were proposed. The first approach combined the 2D PIXOR network identified in Chapter
2. with traditional object tracking approaches to improve on the traditional approaches. The second
approach is a pure deep learning approach that is the first to solve the DATMO problem in a single
forward pass. In the next chapter, qualitative and quantitative analyses are done on the DWT method

and PIXFOR method for DATMO to evaluate their performance.
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4 Results

4.1 Data Environments and Metrics

4.1.1 Simulation Environment Introduction

The PIXOR2D, and PIXFOR methods introduced in this thesis were each trained and validated in
a simulation environment before being implemented on real hardware. The DWT method, however,
was only trained and validated in a hardware environment. The PIXOR2D network, and therefore the
DWT method that builds upon it were trained and validated in an intersection scenario containing 4
QCars. This scenario was simulated in ROS using Gazebo using the same environment introduced
in [54]. In this simulation, the ego vehicle is equipped with a 2D LiDAR modeled after the Rplidar
A2. There are slight discrepancies between the simulated sensor and the real hardware, but they are

negligible.

Figure 17: 4 Car Intersection Scenario Simulation

In the simulation, each QCar enters the intersection in a random order, and randomly chooses whether
to go straight or make a turn. As each QCar passes through the intersection, the 2D LiDAR collects
the point cloud data at a rate of 10 Hz. Once all the QCars have successfully exited the intersection,
the simulation resets and another iteration begins. Using ROS, the topic from each LiDAR sensor is
time synchronized with the vehicle pose topic from Gazebo for every LiDAR scan. The Gazebo pose
information is then used as the ground truth for training the PIXOR2D network. Figure 17. shows a

top view of the intersection simulation environment in Gazebo.
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Due to the nature of the intersection environment, the vehicles in this scenario would often move
slow. To better test the performance of PIXFOR for velocity predictions, a highway scenario was
used, again using ROS and Gazebo. In the highway scenario, 6 QCars are initiated in random lanes
of a 3 lane highway, each with random velocities. One QCar acts as the ego vehicle which is recording
point cloud scans from its LIDAR. Once the ego vehicle reaches the end of the highway, the simulation
resets and another iteration begins. The LiDAR data and ground truth pose from Gazebo are saved as
described above. Figure 18 shows the highway simulation environment in Gazebo. The white objects
are models of the QCars, and the one that has the white bounding box is the ego vehicle from which

the data is collected. The blue lines are a visualization of the LiDAR scans from each QCar.

Figure 18: 6 Car Highway Scenario Simulation

4.1.2 Hardware Environment Introduction

As mentioned in Chapter 1., the experimental platform on which data was collected is the Quanser
QCar, which is paired with the Optitrack system to obtain ground truth information. By placing visual
markers on the QCars, the Optitrack system is able to track a rigid body of the QCar with a positional
accuracy of 3 x 10~ m and a angular accuracy of 0.05°. When running an experiment, the ground
truths are obtained from Optitrack, and are time synched to the LIDAR scans from the QCar. This
is done through a server which streams the pose obtained, as well as the time the measurement was
made, from Optitrack directly to each QCar. A ROS node on the QCar then parses the streamed data
and converts it to a timestamped pose ROS topic. This ROS node also listens to each LiDAR scan
measurement that the QCar makes, and associates the Optitrack pose and LiDAR scan which share
the closest timestamps. The streaming server sends messages at 100 Hz on average, which means
that the average temporal error between the Optitrack measurement and the LIDAR measurement is
0.01 £ 0.005 s. The top speed of the QCars in the following experiments is 2 m/s, this means that the

largest expected error due to temporal desynchronization is 3 x 1072 m.
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The experimental testing environments aim to emulate the simulated environments closely. A 4-way
intersection scenario and a 2-lane highway scenario were created. The intersection scenario is almost
identical to the simulation environment, however, the highway scenario has one less lane. Figure 19.
shows the intersection environment where 4 QCars, each mounted with the rectangular bounding box,
are about to begin navigation. This is the scenario which is used to evaluate the PIXOR2D and DWT
methods. Each QCar enters the scenario, and randomly chooses to turn left, turn right, or go straight.
LiDAR scans and Optitrack poses were collected for over 40 intersection scenarios to validate the

methods in the following sections.

Figure 19: Intersection Experimental Environment with 4 QCars

Figure 20. shows the highway environment with a QCar. Each car goes around the closed highway
loop at a random initial velocity, only adjusting velocity to avoid collisions. LiDAR scans and Opti-

track poses were collected over hundreds laps of this highway scenario.

The hardware experiments performed in throughout the following section were conducted on two
platforms. The first platform is the QCar itself, which is equipped with an Nvidia Jetson TX2. The
second platform is a more powerful Nvidia Quadro RTX 4000 GPU with an Intel Xeon Silver 4210
2.20 GHz CPU. The first platform is to show that the methods developed in this thesis are indeed
capable of scaling to meet the constraints of hardware with less computational power. The second
platform is to show how the methods developed in this thesis can operate on more powerful hardware,

and allows the methods to be compared state of the art methods more fairly. The predictions of the
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Figure 20: Highway Experimental Environment

methods defined in this thesis are deterministic, and so, they do not need to be compared across
different hardware. Instead, the comparison between the different platforms is purely in the run time
cost. The final subsection covering experimental results performs a run time analysis of the methods

proposed.

4.1.3 Data Quality

The deep learning approaches introduced in this thesis as well as the results outlined in this chap-
ter are trained and evaluated on data sets collected within custom designed simulation and hardware
environments. To ensure the PIXOR2D, and PIXFOR networks can make meaningful predictions
that can generalize to many scenarios, a high data quality needs to be ensured for both training and

validation data sets.

For the static point clouds used as an input to the PIXOR2D network, they key information that need
to be captured by the labels within the data sets is the bounding box information. For the simulation
environment, this can be easily obtained by using ROS to fuse the pose information of each object in
the environment with the LiDAR scans from each QCar, as outlined previously. Since this is done all
within one ROS environment, the synchronization between the LiDAR scans and pose information is
instantaneous, allowing for perfect bounding box definitions within the simulation environment. For

the hardware environment, ROS is also used to combine the LiDAR scans with pose information that
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is streamed from the Optitrack system. However, since this is done by a separate system, there is a
time delay that adds some imperfection to the ground truth bounding boxes as outlined in the previ-
ous section. In most cases, these errors are negligible, however, there are some cases such as when
a QCar is moving quickly, or when the QCar wifi connection is weakened where this error could be
more significant. Thus, to ensure that quality data is maintained, all collected data is parsed manually.
In this process, each point cloud is visualized first without any bounding boxes identified, and manual
predictions are made to identify bounding boxes. Then, the ground truth information is highlighted.
If the ground truth information is largely skewed from the manual predictions, such as ground truth
bounding boxes being plotted over regions of the point cloud where there are no visible points, then
the specific data entry is removed from the data set. This is done before any training or validation to

ensure there is no bias in how the data is removed.

For the time series of point clouds that are used as an input to the PIXFOR network, the key informa-
tion is not just the bounding box information of LiDAR scans, but also the time difference between
each LiDAR scan. Like with the static point clouds, the simulation environment for the time series
of point clouds can capture the bounding box information instantaneously. One issue of the simu-
lation environment that is not representative of a real sensor however, is that each LiDAR scan that
is recorded has a uniform time step between the previous scan. This is why it is important to train
models both on simulated data sets and hardware data sets. In the hardware environment, the time
step between each scan varies, but the average rate is 10Hz. This variance in time step can be large
depending on how long the QCar has been running. Thus, to ensure a consistent time step, a data

series is only collected if the time step between each point cloud in the series is 0.1 + 0.05 seconds.

4.1.4 Evaluation Metrics

One way to evaluate the performance of a neural network is to measure the precision and recall. The
precision, or the positive predictive value, is the fraction of correct predictions that the network makes
over the total number of predictions made by the network. For a set of predictions, ¥, and a set of
ground truths, Y, the precision, P can be computed as follows.

¥ Ny
P="
Y|

(64)

It should be noted that the precision can also be expressed as the ratio of true positives, |7 P|, to the

sum of the true positives and false positives, |F P).
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|TP|

T TP+ |FP] 65)

The recall, or sensitivity of the network, is the fraction of correct predictions the networks make over
the total number of items in the ground truth set. The recall, R, can then be computed as follows.

¥ Nyl
R =
Y]

(66)

It should also be noted that the recall of the network can be expressed as the ratio of true positives to
the sum of the true positives and false negatives, |FN]|.

ITP|

= 67
ITP| + |FN| (67)

By taking the product of the precision and recall, the average precision (AP) is found, which is a
common metric for evaluating the performance of a network. Another way of combining the precision
and recall to evaluate the performance of the network is the F; score, which is twice the product of

the precision and recall over the sum.

AP = PR (68)
2PR

F, = 69

1= 5o R (69)

The F; score is one of the most common methods to evaluate the detection performance of a neural
network. It is also a good metric to use to evaluate the tracking performance, as is done in [22].
However, it should be noted that there are some other tracking metrics such as the multiple object
tracking accuracy (MOTA) and multiple object tracking precision (MOTP) that are also commonly
used. The MOTA is a metric which evaluates the false predictions made on a specific frame, by
comparing the quantity of false positives, false negatives, and ID switches, |IDS|, to total ground
truths, |GT)|.

FN| + |FP| +|IDS
moTA = 1 - EMFIFPL+ DS (70)
IGT|

An ID switch is a special case of a false positive prediction where two objects have their IDs swapped,
usually when they come within close proximity with each other. The MOTP is a metric which eval-
uates the localization accuracy of a prediction by determining the average bounding box overlap, d,

for a specific frame, i. In this sense, it is very similar to the intersection over union metric.

1 n
MOTP=— ) d; 71
TP Zl] (71)
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4.2 Simulations

4.2.1 PIXOR2D Results

As mentioned in Chapter 2., the PEIXOR2D network has a tuning parameter, n, that can be adjusted
before training to set the breadth of the network convolutions layers. The results shown in this section
will be for a tuning factor of n = 8, called the heavy” network, and a tuning factor of n = 2, called the
“light” network. Both of these networks were trained on a data set consisting of 6916 2D point clouds

and validated on a data set consisting of 4830 2D point clouds of the 4 QCar intersection environment.

Sometimes it is difficult to determine whether a prediction made by a network should be considered
a true positive or a false positive. This usually occurs when a prediction partially overlaps the ground
truth object, but does not entirely overlap the object. Often, the IOU value of the overlap is used,
and if it is above a threshold, then the prediction can be considered a true positive. The KITTI data
set [34] suggests that a 70% overlap (corresponding to an IOU value of 0.538) is a good threshold to
use when evaluating object detection networks. Table 3. shows the results of the light and heavy 2D

PIXOR networks for various IOU thresholds.

Table 3: 2D PIXOR Network Detection Performance

Network | IOU(% Overlap) | Precision | Recall AP F Score
Heavy 0.333(50) 0.952 0.902 | 0.859 0.926
Heavy 0.538(70) 0.877 0.832 | 0.730 0.854
Heavy 0.666(80) 0.801 0.759 | 0.608 0.779
Light 0.333(50) 0.966 0.889 | 0.859 0.926
Light 0.538(70) 0.902 0.830 | 0.749 0.865
Light 0.666(80) 0.812 0.748 | 0.607 0.779

It should be noted that the distinction between true positive and false positive detections can affect
the error measurement. For stricter IOU thresholds, the average positional error appears better since
non-representative predictions are ignored. In real world use, it is not possible to evaluate the IOU of
predictions since the ground truth is unknown; however, predictions with low IOU thresholds usually
have low classification output values returned by the header network. Thus, it is possible to filter
most of the poor predictions by only considering predictions above a certain classification value. The
graphs depicted in Figure 21. show the distribution of position errors for the heavy and light net-
works, Figure 23. and Figure 22. show the yaw errors of the light and heavy networks, respectively.

The graphs depict the errors for the three different IOU cases listed in the table above.
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Figure 21: Position Errors for Light and Heavy 2D PIXOR Network on Simulated Data
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Figure 22: Yaw Error of Light PIXOR2D Network
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Figure 23: Yaw Error of Heavy PIXOR2D Network
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For the heavy network, the average positional error for the 50% IOU condition is 4.54 x 107> m. The
light network has an average positional error of 2.15 x 1072 m for the same IOU threshold. The aver-
age yaw error for both networks is large, but this is mostly skewed due to a large number of outliers.
The outliers creating this large yaw error stem from a flaw in the 2D PIXOR network when predicting
shapes with rotational symmetry. Since the bounding boxes are symmetrical, it is sometimes difficult
for the network to accurately predict the orientation, since there are two possible configurations. As
such, many predicts fit an accurate bounding box, but have a 180 degree yaw angle error since the
network predicts the wrong heading direction. This error can be resolved by using a non-rotationally-
symmetric bounding box, such as an isosceles triangle shape, or by using time series data to enhance

the predictions, as is done in the DWT and PIXFOR methods.

4.2.2 PIXFOR Results

The PIXFOR network was trained separately for each scenario. For the highway scenario, the PIX-
FOR network was trained on 3001 time series, each containing 10 temporal frames for a total of
30010 point clouds. The PIXFOR network was then evaluated on a separate 2826 time series, also
containing 10 temporal frames for a total of 28260 point clouds. For the intersection scenario, the
PIXFOR network was trained on 3000 time series, each containing 10 temporal frames for a total of
30000 point clouds. The PIXFOR network was then evaluated on a separate 3000 time series, also
containing 10 temporal frames for a total of 30000 point clouds as well. As identified in Chapter 2.,
the first 7 frames are the input to the network, and the last 3 frames contain the ground truth informa-

tion which the network is trying to predict.

The focus of the highway simulation is to evaluate the velocity predictions of the PIXFOR network.
Since most of the simulations consist of vehicles moving with a constant heading angle, the yaw an-
gle error is not evaluated for this simulation. Figure 24. shows the position error at the current time
step, and 2 future time steps of the PIXFOR network for the highway simulation. In this simulation,

a single time step has the duration of 0.067 seconds.

For the current time step, the average position error is 1.77 X 1072 m and for the future time step, the
average position error is 2.72 x 1072 m. Figure 25. shows the velocity error of the PIXFOR network

at the current time step. The average velocity error is 9.30 x 1072 m/s. This error is heavily skewed
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Figure 24: PIXFOR Highway Current and Future Time Step Position Errors

due to the large number of outlier predictions, as seen in the above figure. Many outliers can easily be
filtered out when running the network in an inference mode, since many of these velocity predictions

suggest the other QCars are moving faster than possible.
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Figure 25: PIXFOR Velocity Error
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The focus of the intersection simulation is to provide a more difficult environment to better evaluate
the current and future position errors for the PIXFOR network. Figure 26. shows the position error
at the current time step as well as 2 future time steps of the PIXFOR network for the intersection

simulation. Like the highway simulation, the time step of this simulation is 0.067 seconds.
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Figure 26: PIXFOR Intersection Current and Future Time Step Position Errors

For the current time step, the average position error is 2.96 x 1072 m and for the future time step,
the average position error is 4.67 x 1072 m. Figure 27 shows the yaw angle error distribution of the
PIXFOR network at the current and future time steps. As seen, there are still a few outliers around
a 180 degree error due to the rotational symmetry, however, the quantity is greatly reduced now that
a time series of point clouds is considered. Adjusting for these outliers, the average yaw error at the
current time step is 8.02 degrees, and the average yaw error at the future time step is 8.71 degrees.

The PIXFOR tracking performance is summarized in Table 4., which shows the current time step per-
formance, and Table 5. which shows the future time step performance. The tracks column represent
how many ground truth objects could be tracked at the specific time step. The predictions column
represents how many predictions were made by the network at the specific time step. The matched

column represents how many of the predictions were correctly tracked at the specific time steps.

From the above tables, the PIXFOR network successfully tracked 94.3% of all objects, and 96.4%
of the predictions made were valid at the current time step for the highway simulation. Similarly,

the PIXFOR network successfully tracked 94.7% of all objects and 94.2% of the predictions made
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Figure 27: Yaw Error of Current and Future PIXFOR Network Predictions
Table 4: PIXFOR Tracking Performance at ¢ = 0
Scenario Tracks | Predictions | Matched | Precision | Recall | F; Score
Highway 6808 6661 6421 0.964 0.943 0.953
Intersection | 6732 6762 6372 0.942 0.947 0.944
Table 5: PIXFOR Tracking Performance at ¢ = 2
Scenario Tracks | Predictions | Matched | Precision | Recall | F; Score
Highway 6707 6734 6115 0.908 0.912 0.910
Intersection | 6656 6794 6025 0.887 0.905 0.896




were valid at the current time step for the intersection simulation. For 2 time steps in the future, the
PIXFOR network successfully predicted the future location of 91.2% of the objects, and 90.8% of
the predictions made were valid. Similarly, the PIXFOR network successfully predicted the future

location of 90.5% of the objects, and 88.7% of the predictions made were valid.

4.3 Experimental Verification

4.3.1 PIXOR2D Results

The results in this section are from a separate PIXOR2D network was trained on hardware data. In
this hardware data, the QCars have a large rectangular mounted box, mimicing the shape of a truck. In
these tests, a small point cloud sampling size of 760 points per scan is used, which is why the larger
box is required. A data set of 5318 point clouds of various intersection scenarios was collected to
train the network, and a data set of 1332 point clouds was collected to validate the network. Table 6.
shows the results of the light and heavy 2D PIXOR networks for various IOU thresholds on hardware

data.

Table 6: 2D PIXOR Network Detection Performance on Hardware

Network | IOU(% Overlap) | Precision | Recall | AP | F) Score
Heavy 0.333(50) 0.959 0.962 | 0.923 0.960
Heavy 0.538(70) 0.922 0.925 | 0.853 0.923
Heavy 0.666(80) 0.852 0.854 | 0.728 0.853
Light 0.333(50) 0.962 0.942 | 0.906 0.952
Light 0.538(70) 0.902 0.883 | 0.796 0.892
Light 0.666(80) 0.783 0.767 | 0.601 0.775

Figure 28. shows the positional error of the heavy and light 2D PIXOR networks on the hardware
validation data set. Figure 29. and Figure 30. show the yaw errors of the light and heavy 2D PIXOR

networks on the hardware validation data set, respectively.

Under the 50% IOU condition, the average positional error for heavy network condition is 2.74cm and
the light network has an average positional error of 3.37cm. Like the simulation tests, the average yaw
error for both networks is large due to the large number of outliers. As with the simulation results,
the yaw error stems from a flaw in the 2D PIXOR network when predicting shapes with rotational
symmetry. An interesting thing to note is that the heavy network performs better for the hardware
validations, but the light network performs better for the simulation validations. It is difficult to iden-
tify the reason for the difference in performance between the simulation and hardware environments

since the simulation environment contains more data than the hardware environment.

68



Quantity

Quantity

1000

Light Network Position Error (50% Overlap)

Heavy Network Position Error (50% Overlap)

90

1400

1200

1000

400

o
Error (m)
Light Network Position Error (70% Overlap)

35

Error (m)
Heavy Network Position Error (70% Overlap)

90
1400

1200

1000

35

o o o o

Error (m)
Heavy Network Position Error (80% Overlap)

600 Z 800
s
5
3
600
400
400
200
200
o- o
Error (m)
Light Network Position Error (80% Overlap)
85
1400
1000
1200
800
1000
600 Z 800
=
5
3
600 -
400
400
200
200
o4

Error (m)

34

Error (m)

Figure 28: Position Errors for Light and Heavy 2D PIXOR Network on Hardware Data
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Figure 30: Yaw Error of Heavy PIXOR2D Network on Hardware Data

71




4.3.2 DWT Results

The DWT results in this section use the same hardware data sets from the previous section, how-
ever, instead of being validated on random samples, the DWT method needs to be validated on a
sequence of point clouds. The training and validation data sets were taken from over 40 different
intersection scenarios. The 1332 point clouds from the validation data set contain 4693 ground truth

objects. Table 7. shows the tracking performance of the DWT method at two different IOU thresholds.

Table 7: Tracking Results of DWT
IOU | Ground Truths | Tracked Objects | Correctly Tracked | Precision | Recall | F; Score
50% 4693 4281 4235 0.989 0.902 0.943
70% 4693 4281 4144 0.968 0.883 0.924

The tracking performance of DWT is very good, and it does not drop tracks as easily as other meth-
ods. For example, Figure 31. shows the same exact intersection scenario from Figure 14., but using

the DWT method instead of the tracking method proposed by [23].
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Figure 31: DWT Method Solving Bounding Box Shape and Merging Issues

In Figure 31., the black boxes represent the ground truth, and the magenta line represents the ground
truth heading. The blue boxes represent the predicted bounding box, and the green line represents

the predicted heading. The provided labels are a result of the tracking algorithm and are not added in
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post for illustration. As seen in b) and e), the proposed method can predict a suitable bounding box
where the L-Shape tracker fails. Further, d) illustrates that the DWT algorithm solves the problem
of merging multiple objects into one prediction. ¢) still shows no prediction for where QCar3 should
be; however, this prediction is impossible since QCar3 is fully occluded by QCar2, and it is not rep-

resented by any points in the point cloud.

Figure 32. shows the positional error of the DWT method after validating on three full intersection
crossing scenarios. The average positional error of this method is 9.11cm. Since it uses a combination
of the 2D PIXOR network and Kalman filtering techniques based on naive tracks, the positional error
is slightly worse than just using the 2D PIXOR network. This is because it can continue to predict
bounding boxes on frames where the PIXOR network alone may drop a prediction, however, these

bounding boxes are not as accurate.
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Figure 32: Bounding Box Center Position Error of DWT Method

Despite this slight increase in positional error, the benefit of the DWT method is in it’s ability to
solve the large yaw errors that arise in the 2D PIXOR network due to the rotational symmetry of
the bounding boxes. Figure 33. shows a yaw error analysis of the DWT method on the same three
full intersection scenarios, which is greatly improved over the 2D PIXOR network. The average yaw

error of the DWT method is 4.23 degrees.
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Figure 33: Bounding Box Yaw Error of DWT Method

4.3.3 PIXFOR Results

At this time, the only hardware envrionment on which the PIXFOR network has been evaluated is
a highway scenario. In this scenario, the PIXFOR network was trained on 1357 time series, each
containing 10 temporal frames for a total of 13570 point clouds. The validation was conducted on

433 time series, also containing 10 temporal frames for a total of 4330 point clouds.

Figure 34. shows the position error at the current time step beside the position error for 2 future time
steps of the PIXFOR network. For the Rplidar-A2, the time step between scans is not constant, but is
approximately 0.1 seconds on average. For the current time step, the average position error is 2.96cm
and for the future time step, the average position error is 4.02cm. The hardware performance of the
PIXFOR network is slightly below that of the PEIXOR2D network, but it should be noted that the
available training data is much more limited compared to the PIXOR2D network. Figure 35. shows
the yaw error distribution of the PIXFOR network at the current time step and 2 time steps in the
future. Compared to the simulation results, the hardware network has almost no outliers. This is be-
cause the hardware environment uses an isosceles triangle shaped bounding box, which does not have
the issue of pertaining to rotational symmetry. The average yaw error is 6.44 degrees at the current

time step, and 7.21 degrees at the future time step. As more training data can be collected for the
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hardware scenario, it is likely that the hardware performance of the PIXFOR network will approach
the theoretical performance that is achieved in the simulation results. At this time, the velocity pre-

dictions of the PIXFOR network have not been evaluated on hardware data.
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Figure 34: PIXFOR Current and Future Position Errors

The tracking results of the PIXFOR hardware highway tests are summarized in Table 8., which shows

the current time step tracking performance, and Table 9. which shows the future time step tracking

performance.

Table 8: PIXFOR Tracking Performance at t = 0

Scenario | Tracks | Predictions | Matched | Precision | Recall | F; Score
Highway 982 912 884 0.969 0.900 0.933

Table 9: PIXFOR Tracking Performance at ¢ = 2

Scenario | Tracks | Predictions | Matched | Precision | Recall | F; Score
Highway 980 932 874 0.938 0.892 0914
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4.4 Run Time Analysis

A run time analysis was performed on the PIXOR2D and PIXFOR networks to show that the proposed
methods are capable of operating in real time, even on hardware with less computational resources.
For this test, all networks are trained with a scaling parameter of n = 2, and Nvidia TensorRT [55] was
used to compile the models running on the Nvidia Jetson TX2 to improve its inference performance.

Table 10. shows the run time performance of both networks on both hardware.

Table 10: Run Time Analysis of PIXFOR and PIXOR2D Networks

Hardware Network | Forward Pass (ms) | Post Processing (ms) | Total (ms)
Quadro RTX 4000 | PIXOR2D 17.8 21.7 39.5
Quadro RTX 4000 | PIXFOR 354 39.2 74.6

Jetson TX2 PIXOR2D 54 353 40.7
Jetson TX?2 PIXFOR 12.6 121.8 134.4

As seen in the above table, compiling a model with Nvidia TensorRT can greatly improve the forward
pass time of a network, even if the network is running on a less powerful GPU. However, the CPU of
the Jetson TX2 is not as powerful as the Intel Xeon Silver, and so, the post processing time is signif-
icantly reduced. As previously shown, the PIXFOR algorithm is capable of accurately predicting 2
time steps in the future. For the Rplidar-A2, the scan rate is 10 Hz (0.1 s per scan). This means that 2
time steps in the future occurs 0.2 seconds in the future. Since the total delay of the PIXFOR network
is below this threshold, the network can provide useful information, even on the less powerful Jetson

TX2.

4.5 Comparison with State of the Art Methods

When compared to other DATMO methods, such as the model based tracking approach outlined in
[21], and the geometric model free approach outlined in [22], it can be seen that the DWT and PIX-
FOR methods preform well. Table 11. compares the DWT and PIXFOR methods to these state of the
art methods. It should be noted that the data sets for each method are not the same, but the environ-

ments of the data sets used for DWT and PIXFOR aimed to emulate those in GMFA and MBT closely.

As can be seen, the PIXFOR method out preforms the other methods, however, it has not yet been
validated on as large of a data set. However, the DWT method is a close second, and it has been

validated on a sufficiently large data set.
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Table 11: Object Tracking Results of DWT, PIXFOR and other DATMO Methods

Method | Ground Truths | Tracked Objects | Correctly Tracked | Precision | Recall | F; Score
MBT 4455 3646 2918 0.800 0.655 0.720
GMFA 4455 4396 3994 0.909 0.897 0.902
DWT 4693 4281 4144 0.968 0.883 0.924
PIXFOR 982 912 884 0.969 0.900 0.933
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5 Conclusions and Future Work

5.1 Conclusions

This thesis proposes two new methods of solving the detection and tracking of moving objects prob-
lem that are capable of operating on both small scale and large scale autonomous systems. The first
method, detect while track, combines a deep learning convolutional neural network approach with a
more classical Kalman filtering and hypothesis tracking approach. The second method, PIXFOR, is
a pure deep learning approach based on convolutional neural network and long-short term memory
recurrent neural network architectures. The theory behind these two approaches are outlined in Chap-

ters 2. and 3.

Using a small scale autonomous vehicle as a validation platform, both methods, as well as an in-
termediary method, PIXOR2D, are tested in simulated and real world environments, as described in
Chapter 4. While the 2D PIXOR network predicts bounding boxes well, it has issues predicting the
yaw angle if the object has rotational symmetry. The detect while track and PIXFOR methods solve
this problem by considering a time series of point clouds instead of static point cloud. However,
the detect while track method’s reliance on a combination of the 2D PIXOR network and classical
approaches solves this issue at the cost of an increased positional error. The PIXFOR network on the
other hand is not only able to solve this yaw angle issue, but it also improves on the positional error

of the bounding boxes while being able to track up to 20 moving vehicles.

The provided simulation and experimental results verify the DWT and PIXFOR methods. The DWT
method was experimentally validated on over 40 intersection scenarios involving 4 vehicles. The
PIXFOR method was validated in both a simulation and experimental intersection and highway en-
vironments. Furthermore, the PIXFOR network and 2D PIXOR network that underlies the DWT
method were analyzed on a Nvidia Jetson TX2 to validate the run time performance on a less power-
ful computer that powers many small robots. The results from the tests demonstrate that the proposed
methods have better F'; scores than some state of the art methods, and are capable of running effi-

ciently on less powerful hardware.
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5.2 Future Work

The work completed in this thesis serves as a starting point for the application of deep learning tech-
niques to the problem of detection and tracking of moving objects. While the methods demonstrated

solve this problem well, there are still some aspects that could use further development.

The focus of this work was developing solutions to the detection and tracking of moving objects prob-
lem that are suitable for 2D point clouds. With a few modifications, the DWT and PIXFOR methods
proposed can also be implemented for 3D point clouds. It would be good to evaluate 3D versions
of these methods not only on the KITTI data set, but also the NuScenes data set [56] and Waymo
data set [57] as well. These data sets contain 3D LiDAR data from real world driving scenarios and
thus contain more noise than the data sets collected in this thesis, and so, modifications to the DWT
and PIXFOR methods may also need to consider preprocessing techniques to improve signal to noise

ratio.

Another future area of development that could enhance this work is to make the deep learning more
generalized to all scenarios. However, the convolutional long-short term memory network architec-
ture of the proposed PIXFOR method takes a long time to train for each scenario. Furthermore,
training a generalized network that is capable of operating in all scenarios would require much more
data, further increasing the training duration. Modern network models such as transformers [58] have
greatly improved on LSTMs in making predictions for natural language processing, and are suitable
for training on very large data sets. More recently, transformer models have been used for the task of
object detection [59] and multi object tracking [60], however, at the current state, transformer models
are not as powerful as deep convolutional models when it comes to these tasks. Shifting the PIXFOR
approach to a convolutional transformer network could improve on the training duration while also

being a powerful object detection and tracking model.

Furthermore, shifting PIXFOR to a transformer model could make it an applicable precursor to other
areas of autonomous driving. The ability for the network to make future predictions can assist in
solving the decision making problem. This can be seen in recent work where the attention mechanism
was applied in tandem with deep reinforcement learning to have a vehicle learn when to make a lane

change maneuver [61]. While this work uses image data, it is easy to see how a transformer version
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of PIXFOR could serve as a backbone for a deep reinforcement learning network to learn a lane

changing policy using point cloud data.
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