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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 e ciently. 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 e ciently 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 di erent hardware platforms to show that the methods can scale to meet di erent 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 e ciently 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 su cient 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
di erent 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. Di erent LiDAR sensors have
di erent operating ranges, and so, the dimensions of the returned point clouds will be di erent. 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 di erent LiDAR sensors will provide
di erent 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 LIDAR on the vehicle, it is di cult 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

6



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, . 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 = fp;; pj+1; 10, 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 o set. 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 o set from each other by some vertical angular resolution,
. 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]
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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 (1)

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=02 Y@ z1) @ 205 Y2)

b=(@ z)X X)) (X XD@Z 22)

2
C=(X XD Y 2 YD X))

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
<

= Xy;2)2Pj D 3)

POy
This process is repeated for some number of iterations, N, and the plane parameters are chosen as the
parameters which yield the largest inlier set. That is, for some plane parameter space S 2 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 .
= arg max |lj 4
c s2S
d

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

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

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 di erent 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(log n) 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(jOj/ 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, jOj]
return node

Algorithm 2: Euclidean Cluster Extraction

Input: O, dg,
Output: C

c ;
Q ;
P
for p 2 O do
addpto Q
addpto P
for p;2 Q do
search for the set P¥ of point neighbours of Ppq within some distance d,
for p* 2 PX do
if pX < P then
L add p“to Q
add pXto P

if jQj > 0 then
addQtoC
Q ;

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, CM and a set of feature points
FM. First, a vector is computed between the model reference point and each feature.

vM=cM FM Q)
To make this vector invariant to rotaion and translation, it needs to be transformed in the coordinates

computed on FiM.
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Vi';VIL = Rg;L v (6)

Where Rg";l_ is a rotation matrix with each row representing a unit vector in the local reference frame
of the feature point FiM. Finally, each feature FiM is associated with it’s vector Vi';\"l_. Now that the
model is defined, the point cloud is searched for corresponding scene features (FJS $ FiM). 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 FiS and ViS.L.

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 di cult 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 di  culty 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 Cameras _°

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, Cy, can be defined in the LiIDAR coordinate system.

The ground truth regression target, by, 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, , the center position of the object in the LiDAR frame, (Xc;Yc), and the length, |, and width,

w, of the object.
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sin
cos
Xc

by = (N
Ye

From this vector, the matrix containing the corners of the bounding box, C; 2 R*2, can be computed.

Xe %(Icos +wsin ) Y %(Isin wcos )
1 . 1] o
Xc 5(lcos  wsin )y 5(Isin +wcos )
Ci= 3
Xe + %(I cos +wsin ) Y+ %(I sin Wcos )

XC+%(|COS wsin ) yc+%(|sin +Wwcos )

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 (1), right-most (r), top-most (t), and bottom-most (b) coordinates of C¢
are provided to the algorithm along with the output dimension, D,y. 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: fl;r; b;tg, Dy
Output: L,

if by t, then
L my b
mp t

else
my t
my b

X; = maxfdlye; Og

X2 = minfhryc; D0
for x 2 [X;; X2] do
if X < m;x then

yi  SegmentMin(ly; ly; by; by; X)

| Y2 SegmentMax(ly; ly; ty; ty; X)
else if X < m,. then

if mgy <myy then

yi  SegmentMin(by; by; ry; ry; X)
| Y2 SegmentMax(ly; ly; ty; ty; X)
else

yi  SegmentMin(ly; ly; by; by; )
| Y2 SegmentMax(ty; ty; Iy; y; X)

yi  SegmentMin(by; by; ry; ry; X)

| Y2 SegmentMax(ty; ty; Iy; Iy; X)
y1  maxfy;; maxfdoye; Ogy
y»  minfy,; minfbtyc; Doy 0o
fory 2 [y;;y.] do
| Lixyli=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, Gq, 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;.

L
sin
COS
Gl=1! b= x ©)

Ye

For a set of ground truth targets, T, 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(Xo; Yo; X1; Y1; X)
if Xo = X; then
L return by,c

else
if m > 0 then
L return b(yo + m(x  Xp))c
else
L return b(yo + m(x Xo + 1))c

end procedure
procedure SEGMENTMAX(Xo; Yo; X1; Y1; X)
if X = X; then
return dy, e

else
if m > 0 then

L return d(yo + m(x Xy + 1))e
else

L return d(yo + m(X  Xo))e

end procedure
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L
G= Gt (10)

t27
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.

Lecei(§:y) = (ylog(®) + (1 y)log(l 9)) 1)

where y = G!! is the ground truth classification tensor, and § = P'I! 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 1 X

Jace(Y;Y) = - Lece;i(9iiyi) = = Oilog(Fy+ (1 y)log(l  9i) 12)

i=1 i=1

Here, Y is the set of all predictions made during training, and Y is the set of all ground truths with
92 Y andy 2 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.

Je

x e E gle éé
Lecei(;y) = Y log PC—eVJ +( yo)loggl Pc—ey] (13)
c=1 =1 j=1

For the cross entropy function, Y is the ground truth class probability distribution, % is the predicted

probability distribution of one class, ¢, and p(y) = PCQTCT is the predicted probability distribution of
i

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

entropy cost function.

) x | X X o5
Jee(Y;Y) = yc log

1 o éé
- LeeiiyD = — Pﬁé"‘ (I yo) loggl Pe— B (14)
N ic Nt = i1 &% =1 &)

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 di erentiate 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
di cult 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.

15)

8
% Yc log(p) ye=1
Lce;i(P;Ye) = §

(1 yeo)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.

8
% log(p) Ye=1
:

Lece:i(p;Ye) = (16)
log(1 p) otherwise
For ease of notation, the focal loss function defines py(p; Yc).
8
%p ye=1
Pt(P;Ye) = § a7
1 p otherwise
This allows the cross entropy loss to be simplified in notation.
Lace:i(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.

Leri= (1 py) log(py) (19)

Finally, to get the focal loss in the multiple class case, the individual focal losses for each class can

be summed.

X
Leui = (I py log(py (20)

c=1

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, , can be tuned to vary the a ect of the modulation. With = 0, the focal loss
becomes the balanced cross entropy loss. The overall cost function for the focal loss is then defined
as follows.
. 1 X XX
JeL(Y;Y) = 0 Lrui = 0 (1 po) log(py) (21)
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, . 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.

8
2 . .
%(yzw 9 yi<
LsLii(f;y) = § (22)
29 yi 1 otherwise
T
Since this loss function is for the regression output, y = Gii2 Gii3 :: GI7 is the ground truth
T

regression target tensor and § = P2 pii3 .. pii7 is the predicted regression tensor. The

smooth L1 cost function is then defined as follows.

n lx IX 2
Jsui(Y;Y) = " Ls (9 yi) = - (yz Y)

i=1 i=1

. . . o1 . .
Hay vi )+ag vy @ HE v ) (23)

Here, the Heaviside function, H(X), is used to sum the loss function for the two possible cases, and
the input X is j§ yj. 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) = JrL(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 di erent vertical layers into di erent 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 | w h. The points within the point cloud are then discretized by some
chosen resolution, d; dy dp, representing a cell. The result is an occupancy tensor with dimension
dl| % % The normalized reflectance across all the length and width cells in a column is computed
and added as a channel on top of the occupancy tensor, which gives a final input shape, D;.

|

Di=g & (dﬂhﬂ) (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 800 700 36 and the

output dimension is 200 175 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, bij, 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, by, of the closest object.

2
sin
COS
.. Xij
bl =§ (26)
ye

w

| 9

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 di erence is that (Xy; yicj) 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, Cipj 2 R* 2, can be defined
which predicts the four corners of the bounding box in the cell frame.

Xicj %(I cos +Wsin yicj %(I sin Wcos
X¢ %(Icos W sin yicj %(I sin  + W cos

)

)
N N (27)
xg + %(Icos + W sin ye + %(I sin wcos )
x¢ +1(cos  wsin ) yd+1(sin +wcos )
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Figure 10: PIXOR Network Architecture

28



Each row in Cipj 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, (Xicj; ij) 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 and
Mii2 with size 41'1( dl. %) 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,
Ml has increasing values for increasing i, in steps proportional to the output discretization size, and
Mii2 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, X1 and Y can be obtained.
i — pmiil pii3

Y” = M” b.p. o8)

X =M pt
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 = bipjl ,
c'l = bipjz, wii = bipjs, and L = bipjé. 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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Gils = i %(Lij ci wi s
cilo = il %(Lij sii( wil gy
Cil7 = i %(Lij cil (wi sl
Cils = yii %(Lij st wii ¢l
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 Cp, meaning that for the output tensor, (C1!; C'?) represent
rear left corner predictions, (C'3; C'}*) represent rear right corner predictions, (C'13; 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;t
Output: Byax

Bmax ;
while jSj > 0 do
i S
add Bj to Bmax
for j 2 Bdo
if % >t then
| defete S
| delete S,
return Bpax
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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.

CANA . AN\A

loU = =
AlTA A+A ANA

(30)

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, t. 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 di erent
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 36 800 700 80.64
Conv. Block 1 2 32 800 700 143.360
Res. Block 1 3 96 400 350 161.280
Res. Block 2 6 192 200 175 161.280
Res. Block 3 6 256 100 87 53.453
Res. Block 4 3 384 50 43 9.907
Lat. Layer 1 1 192 50 43 1.651
Lat. Layer 2 1 128 100 87 4.454
Lat. Layer 3 1 96 200 175 13.44
Deconv. Block 1 2 128 100 87 8.909
Deconv. Block 2 2 96 200 175 26.88
Header Block 4 7 200 175 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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