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Abstract

The last decade has seen a significant expansion of the application of ConvNet models
to many important tasks, especially for applications where it is necessary to perceive and
categorize the surrounding environment as scanned by sensors. This includes areas of
application such as drones, mobile devices, and especially autonomous driving. In au-
tonomous driving, the detection of vulnerable road users such as cyclists and pedestrians
is critical for the safe operation of vehicles. These vehicles may be given a degree of control
over their driving inputs. Additionally, detecting other road vehicles is essential for the
safe operation of vehicle features. The availability of increasingly capable devices (espe-
cially GPUs) for developing such models has meant that power limits and computational
complexity are less of a concern than outright detection capability. However with compute-
restricted platforms, this becomes an issue since restrictive power limits or computational
capability place tight restraints on the allowable ConvNet models that can be employed.
We introduce two models that look at pedestrian detection in 2D, and car and cyclist
detection in 3D, running on embedded platforms with restrictive power constraints. We
show how they can be optimized to their respective task and outperform competing mod-
els while being significantly faster. In the case of the 3D model, we show how competing
approaches on the same model misidentify the weaknesses of the model, that we leverage
as strengths. Our improvements allow the model to consume point clouds in real-time
with higher detection performance and a far faster rate, on an embedded platform, than
directly competing models. Our work does not preclude low-level optimizations such as
precision calibration (quantization), layer fusion or memory optimization. We then extend
the well known KITTT dataset by hand, providing fine semantic segmentations for its Car
class while using the data to perform an analysis of an existing LiDAR and image fusion
model. This analysis shows how the choice of feature fusion for our target architecture can
drastically alter model performance. We leverage these insights to propose a further mod-
ification to PPslim called PPslimg. This updated model fuses ground plane estimations
and exceeds the performance of a competing approach for the same model, that relies on
fusing computationally expensive semantic segmentation features.
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Chapter 1

Introduction

1.1 Overview

An embedded system is defined as a computer system (combination of processor, memory
and input/output peripherals), with software, that is designed to perform a dedicated
function [111]. Such systems are today ubiquitous in mobile phones, drones & Advanced
Driver Assistance Systems (ADAS) while being characterized by their resource constraints
[5] [58]. These constraints include limitations on total power consumption which ultimately
come down to constraints on computational power (both circuitry & capability of that
circuitry) and memory. To enable more capabilities & features on such systems, these
systems must run carefully optimized algorithms, models of the problem or environment
and software packages so as to minimize power consumption, computational requirements
and memory footprint. For example in the case of ADAS [120], features can include lane
departure, blind spot warnings as well as collision detection & avoidance software that
requires rapid processing to achieve safe operation. In the case of phones and drones,
battery life is an additional constraint while trying to be lightweight and at the same time
controlling movement, navigation, managing communications as well as processing inputs
received from attached sensory devices.

The expansion of features and capabilities has come with the development of more
capable sensors for scanning the surrounding environment. The use of sensor depends
on the specific application, as well as costs, but the sensors themselves can broadly be
categorized as:

e Cameras: One (monocular) or multiple (stereo) cameras are now quite common on



phones, drones and vehicles. Their ubiquity is in large part to their cheap cost and
the rich amount of information they can provide about the immediate environment.
Their main drawback when extending to 3D use is their low accuracy relative to
other possible sensors (such as Light Detection and Ranging (LiDAR)).

RAdio Detection And Ranging (RADAR): RADAR operates by emitting radio
wave signals and measuring their return based on time. Various ranges of RADARs
exist depending on application with short range RADARSs useful for collision avoid-
ance (ranges in the tens of meters) over a wide area. A useful property of RADARs
is the ability to measure object speed due to the Doppler effect of reflected waves,
as well as penetrating fog, rain and snow where camera systems may not be able to
see [50].

LiDAR: Very capable for highly accurate, sparse, spatial localization of the sur-
rounding environment. They work by emitting laser light and capturing its reflection
from the scene through a receiver. The received light is typically represented as a
point cloud, indicating at least the spatial position of each return. The dimensionality
of the LiDAR can vary from 1D to 3D, however more recent "4D" LiDAR produces
not only a point cloud, but also velocity information (so called Doppler LiDAR) [2].
A wide variety of LIDAR types exist [92], and there are various ways to classify them.
We could for example classify them based on the measurement strategy of its imag-
ing system, where LiDARs are broadly based on the Time of Flight /ToF principle of
determining distance based on the measurement of travel time between emitter and
receiver. However the specific measurement strategy may not explicitly rely on time
of flight to determine range. The measurement strategies include:

— Pulsed: Measures the roundtrip delay between source and target to determine
distance (explicitly relying on traditional time of flight). A signal is typically
modulated with a pattern during transmission so that it can be checked for
arrival back at the receiver. A typical range resolution of 1.5cm can be observed
and is well suited for outdoor environments.

— Amplitude Modulated Continuous Wave (AMCW): Works by measuring
the phase shift between a reflected and emitted signal to determine distance.
AMCW LiDARs work well in indoor environments.

— Frequency Modulated Continuous Wave (FMCW): Relies on measuring
a frequency difference or beat frequency, between outgoing and incoming beams.
This difference is proportional to range. An advantage of the FMCW approach
is its ability to measure velocity of non stationary targets, based on the same



frequency difference coupled with additional measurements of the difference be-
tween the transmitted and detected signal. Another benefit of this strategy is
its excellent depth resolution relative to the other measurement strategies.

An alternate way to classify LiDARs is by scanning strategy, including:

— Mechanical: These LiDARs use a rotating assembly to produce one or more
rotating beams around a mechanical axis. They provide a wide Field Of View
(FOV), covering up to 360°. However their mechanical construction and moving
parts mean possible reliability issues in addition to size and expense.

— Solid-state: These LiDARs have no rotating mechanism, allowing for increased
reliability in harsher environments. In contrast to rotating scanners, these usu-
ally have a more limited FOV and possibly a reduced range.

* Microelectromechanical systems (MEMS): These scanners adjust beam
position using tiny mirrors that vary in orientation with stimulus, allowing
for the resulting beam to be directed to specific scene points.

* Optical Phased Array (OPA): Uses an array of light-emitting elements
with varying phase to steer the direction of the resulting laser beam.

x Flash: Generates an optical pulse that floods the scene, with the returning
light captured by a 2D receiver array. The resulting 3D point cloud can
be obtained from this pulse. The measurement range depends on emitter
power level.

e Acoustic: This category includes ultrasonic and sonar sensors. Sonar sensors use
sound propagation and its reflections for performing detection and determining ranges,
usually underwater. In the case of sonar at frequencies above audible (20 kHz-+), ul-
trasonic sensors can also be used for object detection and distance measurements.
These sensors are typically found for parking and short range applications.

Complex applications serviced by resource constrained embedded systems with multi-
sensor inputs necessitates the use of highly optimized models that provide users the best
performance, safety capabilities and features within the envelope of the systems capacity.
To describe the effectiveness of a model executing on such a system to achieve a task,
it is useful to consider the efficiency of that model. For this thesis, this consideration is
specifically within the context of a special class of models called a Convolutional Neu-
ral Network (ConvNet) [63] applied to object detection. These models can be trained
end-to-end, which means given inputs and desired outputs, they can be adjusted using a
straightforward algorithm to better represent the association between inputs and outputs



through a process called supervised learning [7]. This is attractive in the case of models
for use on embedded systems where there are potentially many constraints on the model
and algorithm used. Within a particular compute and parameter envelope, maximizing re-
source usage for the same overall architecture would usually be expected to lead to higher
model capacity. However reducing compute and parameters while showing resilience to in-
put variation, maintaining or improving performance and all without removing the wrong
components of the model (by misidentifying its limitations) is a challenging task with no
well-defined recipe in the search for more computational efficiency.

The term efficiency is a fundamental concept in the sciences and engineering. As a noun
it is defined as "the ratio of the useful energy delivered by a system to the energy supplied
to it" [77]. So we can see efficiency, essentially, as a measure of how effectively a system
converts its input to generate an output. In our case we focus specifically on computational
efficiency, where for less input (power), our level of output (detection performance) is a
result of a better use of available resources. ConvNet’s are models that we wish to physically
implement in an efficient way to solve a task such as classifying its inputs or localizing some
object of interest in the same input. To understand what we mean by "an efficient way"
we must consider the implementation of such a network. Any physical implementation
of such a model has practical considerations whose deployment will be limited by power
consumption, computational complexity (the use of available circuitry to perform basic
mathematical operations or move blocks of bits) and memory usage (mainly quantity of
volatile memory used directly for executing operations but also non-volatile long term
storage). Lower levels of expenditure of power, computational complexity or memory
usage to achieve the same level of performance will therefore mean a more efficient neural
network model.

What remains then is to define "level of performance", which we can do by referring
to established measures of performance in the tasks we're interested in; a higher level of
performance means a better value in the respective metric (either higher or lower depending
on the metric and context). In the context of this thesis, the task of interest is object
detection and the "levels of performance" we focus on are how well using an established
metric the resulting model finds objects of interest. Then for models which have lower
computational complexity, use less memory or requires less power while maintaining the
same level of output (better value with respect to a performance metric) are considered to
be more efficient. We then must show this efficiency is durable and can be achieved with
resilience in model input, unlike some competing approaches that remove portions of the
same model in the quest to also improve efficiency or, merge expensive to compute inputs
in a way that does not fully leverage the information content in those inputs.

While automated searching of efficient ConvNet models is possible using Neural Archi-
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tecture Search (NAS) [121], its application has a high computational cost. This still leaves
room for manual ConvNet architecture optimization to try to maximize efficiency.

1.2 Problem Statement

ConvNet-based detector models tend to be large and computationally expensive to push
state-of-the-art boundaries in performance. While such advances are important, they sac-
rifice speed on embedded platforms meaning they run slowly or not at all depending on the
target platform. The high computational cost of automated searching for new architec-
tures means there is still room for manual modification of existing architectures for higher
computational efficiency while maintaining detection performance. This is especially true
if some existing approaches misidentify bottlenecks of existing models. The focus of this
thesis is on proposing modifications to existing 2D and 3D neural network-based object
detectors to make them more efficient for use on embedded systems.

1.3 Contributions

The contributions of this thesis can be summarized as follows:

e The proposal and evaluation of a low computational complexity, 2D image-based
object detector that performs coarse pedestrian detection and compares favourably
with competing approaches but also being able to operat on a low power automotive
processor.

e The proposal and evaluation of extensions to an existing 3D object detector, Point-
Pillars [62], that drastically reduces its computational complexity while maintaining
its performance. The proposed model, PPslim, achieves state of the art performance
on the KITTI dataset [37] for its level of computational complexity and operating
speed relative to competing approaches, while running on an embedded platform.

e The construction of detailed semantic segmentation annotations for the Car and
Truck classes in the KITTI dataset. The constructed annotations are used to eval-
uate an alternative feature fusion approach for the PointPillars model, that is ex-
perimentally shown to outperform a competing fusion approach proposed by the
PointPainting [! 10] modification to the PointPillars model.



e The proposal and evaluation of an extension to the original PointPillars model, PP-
slimg, that performs feature fusion to improve 3D object detection performance on
KITTI. This extended model exceeds the detection performance of PointPainting,
while being much simpler computationally and maintaining the speed of our pro-
posed PPslim model.

1.4 Outline
The chapters of this thesis are arranged as follows:

e Chapter 2: Provides an introduction to neural networks (specifically convolutional
neural networks), their optimization and important applications (like object detec-
tion). More specific details on building more efficient network structures, especially
in the context of 2D detectors (and also 3D), are explained to allow understanding
of proposed ideas and explanations in later chapters.

e Chapter 3: Proposes a modification to the SqueezeNet 2D object detection model, fo-
cused on fast execution on a low powered device on a standard pedestrian benchmark.
This work was published in a workshop for IEEE CVPR [109].

e Chapter 4: Proposes a modification to the PointPillars 3D object detection model,
PPslim, that focuses on fast execution on a low powered device for the KITTI Cy-
clist and Car classes. The proposed model maintains performance with extreme
computational complexity reduction even before standard optimization techniques
are applied. For its computational complexity, the model exceeds competing models
in terms of its detection performance and drastically reduces their runtime on an
embedded platform. The model is also resilient to input resolution changes, unlike
competing PointPillars modifications that remove specific components in an attempt
to improve model speed.

e Chapter 5: Describes an extension of the KITTI dataset which provides detailed
semantic segmentation annotations for the Car and Truck KITTI classes. This data
is used to show via experiments a better fusion strategy for image and LiDAR data
fusion compared to an extension model for the PointPillars architecture. Based on
this analysis, an extension to the PointPillars architecture is proposed that performs
feature fusion, while improving its performance for the classes of interest, outper-
forming the PointPainting architecture even with that model having a significant



advantage of additional complexity in computing semantic segmentations from RGB
images and fusing them with LiDAR data. Based on these results, an extension to
our PPslim model is proposed that performs ground plane fusion in order to obtain
a detection performance improvement with almost no additional cost in execution
speed.

Chapter 6: Concludes the thesis with a summary of concepts and contributions while
describing areas of future research.



Chapter 2

Background

This chapter presents background material necessary as context for the work in this thesis.
A progression is maintained starting with first principles regarding neural networks and
their optimization. The discussion then shifts to the construction of efficient structures,
which leads into the utilization of structures for specific purposes such as classification,
segmentation and detection. An emphasis is made on the background for 2D detection
due to its prominence in application for 3D detection. The chapter concludes by looking
at details of the datasets and hardware utilized for the work in this thesis.

2.1 Artificial Neural Networks

Artificial Neural Networks (ANNs) are biologically inspired models that emerged from the
work of McCulloch and Pitts on simplified neural models [76]. ANNs importance in the
field of machine learning was solidified with the later development of the backpropagation
algorithm [93], which allows their weights to be adapted to a target problem, and the
universal approximation theorem, that showed them to be universal approximators capable
of representing any function (with certain assumptions on activation function) using a
hidden layer of units or neurons. In practice, these networks contain several layers of
hidden units (shown in Figure 2.1) and use non linear activation functions. The activation
functions are necessarily non-linear to allow representing complex non-linear relationships
from input to output.



Input Hidden Hidden Cutput
Layer Layer 1 Layer 2 Layer

Figure 2.1: Fully Connected Neural Network

Each connection has an associated real or complex valued parameter called a weight.
The values at input units depend on the current input, but the value at each hidden or
output layer unit depend on multiplying the activation of a unit from the previous layer
(L-1) with the weight of the connection leading to the unit in the current layer (L). If
we represent the inputs at layer L-1 as vector x;_1, connections weights as matrix Wp_q,
activations at layer L+1 as vector a; and activation function with vector input o, we
obtain the layer output vector yy.:

aj = WL—le—l (21)
Yr, = UL(CLL) (22)

The input includes an extra unit with constant value 1 that multiplies by a weight unit
called the bias to adjust the activation. The Fully Connected (FC) nature of the network
means for layers of size N, there will be N? parameters per layer and 2 x N? Floating Point
Operations (FLOPs) (equivalently N2 Multiply-Accumulate Operations (MAC) where each
MAC is two FLOPs).

The choice for activation unit can depend on application, for example due to certain
non-linearity properties (tanh) or the ease of network quantization (Swish [$7]), but will
generally be non-linear. One of the most commonly used activation functions due to its
simplicity is the Rectified Linear Unit (ReL.U), where the output is given by:

ReLU(z) = max(0, x) (2.3)
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2.2 ConvNets

ConvNet models (or CNNs) are a special type of ANN popularized by LeCun et al. [(4]
and were inspired based on the earlier work of Fukushima on the Neocognitron [35]. The
Neocognitron model was based on the biological idea of organized, alternating structures of
cells in the visual cortex where simpler cells extract features and more complex cells pool
those features. With increasing depth, more complicated features could then be represented
based on a combination of simpler features from the previous layer.

146x146x3 Cl:4 @ 140x140 Sl: 4@ 70x70 C2:20@ 66x66 82:20@ 33x33 Output: 29x29

|._._..
=l —
Convolution Subsampling or Fully connected

max-pooling  or convolution

: Subsampling or
Convolution .
Input max-pooling

Figure 2.2: Example ConvNet With Image Input Layer, Intermediate (Convolutional (C)
or Subsampling (S) Layers) and Output Layer [107]

With ConvNet’s (an example is shown in Figure 2.2), their structure consists of a se-
quence of feed-forward layers of feature maps with varying numbers of channels. One can
think of these feature maps as a variation of the fully connected networks described in Sec-
tion 2.1 that, for C units in a single layer, could interpret their dimension as being 1x1xC.
If we add more units separately around each individual unit the feature maps become
HxWxC where H & W are the feature maps height and width respectively. Operationally,
the main difference when comparing with fully connected networks are the shared weights
used by ConvNet’s where each feature map in a convolutional layer uses a separate set of
weights to connect to all of the feature maps at the previous layer (what is called a recep-
tive field). The same set of weights (or kernel) for a feature map is used at all positions
within that feature map (weight sharing), as shown in Figure 2.3 and Figure 2.4. This
allows for a significant reduction is model parameters relative to a fully connected network
while the increase in dimensionality produces an increase in computational complexity
(more multiplications and additions needed). Other layer types are possible in addition to
convolutional layers. For example max-pooling layers compute the maximum activation

10



within their receptive field to produce their output while average-pooling layers compute
an average. These pooling layers typically include a stride size greater than 1 (step size of
the receptive field, where a stride greater than 1 means downsampling) which makes the
network more resilient to small variations in the input (both at the individual layer level
and at the network input level).

Feature map at layer L-1 Feature map at layer L

Figure 2.3: A position at a feature map at layer L has a receptive field over an area in all
feature maps at previous layer L-1 [107]
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.ot .q LRI '* et Feature map at layer L+1
- M . - - N . . -
N .t .'/i'
Fa I} _. * 'I| ..
Feature map at layer L

Figure 2.4: Each receptive field is actually just connections to discrete positions in feature
maps at the previous layer [107]

Since each feature map has its own set of weights, each can learn its own spatial
filters to apply to the previous layer. The earlier layers are larger (in size, typically not
in channels) and represent low level, more fine-grained details of the input. Since layers
deeper in the network input from previous layers, the representation at each layer builds
from the previous. To keep computational complexity reasonable and to allow for more
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input variation without changing the output, deeper layers typically downsample their
input where adjacent outputs in a feature map represent a step size greater than one in
the previous layer. This means at the same time, the spatial resolution decreases. That
means additional feature maps must be added to help preserve the information from the
previous layer, leading to smaller feature maps but more numerous in number.

The spatial filters or kernel (E) for a feature map are typically M*N*K + 1 in size
where M & N are the height and width of the filter and K is the number of feature maps
at the previous layer. The extra parameter corresponds to a bias term that gets added to
the operation. For a feature map at layer L that produces output O and takes its input
from layer L-1, the discrete convolution is defined as:

M—-1N-1 K
O(i, 4, 1) = D3> I(i+m,j+n,k)- E(m,n, k1) (2.4)
m=0 n=0 k=0

In practice, the weights in the kernels throughout the network are learnable parameters
that are adjusted during training on a dataset composed of input images and corresponding
ground truths. The specific task determines what kind of ground truths are necessary and
also determines the structure of the loss layers (layers that compare the predictions gener-
ated by the network to the ground truth) of the network. For example cross-entropy may
be used for classification or mean squared error for regression. In the case of classification,
cross-entropy (CE) loss is the more appropriate measure since it gives a measure of how
well the predicted probability distribution aligns with the true distribution (it expresses
the amount of "surprise" given the assignment of probabilities to actual labels). The ex-
pression for CE is shown in Equation (2.5) for a single example "i". There y; is the ground
truth label while g, is the predicted label:

Legs = —(yilog(9;) + (1 — i) log(1 — 9;)) (2.5)

We can see that in the case of a negative target label, even moderate predicted probabil-
ity values (g;) will mean that when there are many negative examples, the sum of the total
CE contribution from negative examples will be large. Even if those examples should not
be weighed exactly equally in terms of importance (positive examples like objects versus
negative such as background) or in terms of their difficulty (positive or "rare" examples as
"difficult" versus negative or background examples as "easy"). For this reason, a modified
version of CE called Focal Loss [67] exists specifically for object detection and, is designed
for scenarios of unequal weighting between positive and negative examples as well as heavy
imbalance between easy and hard examples (or put another way between numerous and
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rare classes respectively). For a binary classifier, we can use the equation shown in Equa-
tion (2.6). There is a focusing parameter 7, « is a balancing factor for the true class, 7,
is the estimated probability of the true class label for that example. Here v is meant to
adjust the loss based on the example difficulty while « is for the relative weighting between
positive and negative examples. The affect in the case of, for example, anchor boxes as
used by a 2D or 3D object detector is to reduce the focal loss for negative and/or easy
examples depending on the selection of o or «. For example with values of a=0.25 and
~v=2, a low probability easy, negative example can have its CE loss reduced by a factor of
500 or more from the total loss contribution, allowing more such examples to be tolerated.
If such an example turns out to have high probability, it would still have a large CE (albeit
reduced). In the case of a=1 and =0, the expression reduces to the original expression
for CE given in Equation (2.5).

Lpri = =yl = ;)" log(¥;) + (1 — ) (1 — ) ()" log(1 — 4;)) (2.6)

Traditionally, binary focal loss is stated for the i-th example as:

Lrr = —ay(1 — p)"log(p) (2.7)
0 ify=1

p=1" 7 (28)
1—g ify#1
ify=1

a, =1 nY (2.9)
l—a ify#1

On the other hand, the prediction of continuous values means a more appropriate loss
function is Mean Squared Error (MSE) (also called L2 loss), where larger deviations from
the ground truth are penalized a lot more. The expression is given by Equation (2.10):

N
1 ~ \2
Lyise = N ;(yz — ;) (2.10)

The degree of the power used in the loss equation can be represented by p with the
loss type written as Lp. L1 loss for example is less sensitive to outliers compared to L2
loss. For some models, Smooth L1 loss [10] (shown in Equation (2.11)) is preferred when
performing bounding box regression. Smooth L1 tries to combine the advantages of both
L1 and L2 loss. So outlier sensitivity is reduced beyond a threshold (keeping error from
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getting out of hand by too much) while maintaining it for values within the threshold. The
function is also not discontinuous like .1 meaning some special checks don’t need to be
added in the gradient computations for smooth L1 while its gradients will vary smoother
without suddenly jumping between +/-1.

Smoothy;(z) = (2.11)

0.522 if |z <1
|z| — 0.5 otherwise
The loss function can be thought of as creating an error surface over the weight space
of the network. If the network weights are represented as a real vector, then given the
training set (or a subset of it) the loss function computes a real valued number for those
weights. The set of all losses computed over any possible combination of weight values
is the error surface, with hills, valleys and plateaus similar to a landscape (albeit in a
much higher dimensional space). The gradient at a point on this surface is then a way
to move in the weight space such that the error decreases the most. The computations
at the loss layer are used to compute these necessary changes for all network weights,
using back-propagation. The resulting weight changes can then be applied to the original
weights in the negative direction (direction of maximum decrease of the loss) as a form
of hill-climbing called gradient descent. By selecting small batches of examples for back-
propagation, instead of the entire dataset, we can reduce computational complexity while
maintaining the efficiency of performing batch computations (as well as obtaining a better
estimate that just a single sample for the true gradient).

Various approaches exist to compute more effective gradients depending on the task.
The simplest approaches are to scale by a constant learning rate n or a learning rate
n(e) that changes with training epoch e, with the rate decreasing as the network nears
convergence. To avoid traversal issues in error space areas having high curvature or small
gradients, a momentum term can be added that balances the gradient from the previous
step with that of the current step [33]. More computationally complex approaches have also
been proposed and include first order approaches such as Adam, RMSProp and AdaGrad,
as well as more computationally complex second order approaches such as the Levenberg-
Marquardt algorithm.

e Adaptive Gradient (AdaGrad) [27] focuses on adjusting the scale of learning rate
updates depending on frequently (small updates) and infrequently (large updates)
changing parameters. It is better suited for sparse data due to its quick shrinking of
gradients (at which point the model stops learning).
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e RMSProp [50] uses an (exponentially decaying) moving average of squares of past
gradients to perform a normalization of the learning rate for each weight. This is in
an attempt to make the step sizes in each direction of the weight space more uniform,
and to resolve one of the major shortcomings of AdaGrad.

e Adam (Adaptive Moment Estimation) [59] is a very popular optimizer. It
combines an exponentially decaying average of standard gradients (like what can
be used with regular gradient descent through momentum) with an exponentially
decaying average of squared gradients (as seen with RMSProp).

e Levenberg-Marquardt algorithm [!1]| adjusts the learning rates based on the cur-
vature along each dimension of the weight space, switching between gradient descent
or alternatively either a Hessian (second order derivatives of the loss with respect to
the weights) or a Gauss-Newton approximation (H ~ JT.J) of the Hessian depend-
ing on a trust region around the current location in weight space. In practice, the
Gauss-Newton approximation is preferred over computing the actual Hessian due to
the Hessian’s computational complexity.

2.2.1 ConvNet Model Structures

This section outlines the historical development of basic ConvNet structures and ideas to
organization that have been developed over time and are seen in object detection models
that use ConvNet’s (some of which are investigated in this thesis).

The original AlexNet network proposed by Krizhevsky et al. [(1] for the 2012 ImageNet
competition was the first successful application of a ConvNet to a large scale, realistic
dataset for classification. With over a million training examples and 1000 object classes,
the ImageNet competition was a significant step forward in terms of dataset scale. This
competition had been running for 2 years prior with very modest improvements each year.
This was due to winning entries relying mainly on hand crafted solutions which were not
trained end to end. In 2010 and 2011, the top-5 classification error rates (in terms of
accuracy) were 28.19% and 25.77% respectively (5 allowed predictions per example) which
AlexNet lowered to 16.42% in 2012. However, the resulting model was quite large with
62M parameters and a model size of 250MB. Since then it has been shown that AlexNet
was extremely over-parameterized [13]. This over-parameterization is due to the models 3
fully connected neural layers which comprise 94% of the total number of parameters in the
model. It has been experimentally shown that approximately 90% of these fully connected
parameters can be ignored while achieving the same level of classification performance.
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Although AlexNet was revolutionary, its large size was very much the result of a re-
liance (at the time) on fully connected layers to perform classification. This pattern had
originated in 1998 with Yann LeCun’s LeNet-5 network [63] which performed the same task
but at a much smaller scale in the context of image classification. However, in 2013 the
Network in Network (NiN) architecture [66] introduced a specialized structure combined
with global average pooling layers as a replacement for fully connected layers. Fully con-
nected layers, while computationally cheap relative to convolutional layers, are extremely
storage intensive due to the lack of weight sharing as compared to convolutional layers.
The idea with global average pooling is to create a single feature map per target class for
classification. Thus, for each of K NxM feature maps in a layer of size NxMxK, we com-
pute an average of each feature map to build a new layer which is 1x1xK. The introduction
of global average pooling, combined with the innovation of using 1x1 convolutional layers
(feature pooling) meant the resulting model only needed 7.5M parameters (29 MB) and
achieved almost the same Top-1 ImageNet performance as AlexNet (39.2% vs 40.7% top-1
error respectively) while taking half as long to train. This was the first significant result
in the improvement of model efficiency since AlexNet.

In each subsequent year, the error rate fell dramatically as candidate submissions in
the ImageNet competition switched to some form of end-to-end trained, convolutional
based models. In 2014, the winning entry was GoogLeNet, or as it’s also known Inception
V1 [104], which leveraged the innovations from NiN with some of its own to lower the top-5
error to 6.67% when used in an ensemble (the base model had a top-5 error of 10.07%).
Inception V1 was 22 layers deep and used branches which forked off the main network
and contained fully connected layers, but these were only used during training in order
to stabilize it and to help mitigate the problem of vanishing gradients. This is shown in
Figure 2.5 with the right-most branch, beginning with an average pooling layer. After
training, these branches were removed.
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Figure 2.5: Inception V1 Architecture with branches

It is important to distinguish here between linear and non-linear fully connected layers.
Linear fully connected layers have a linear activation function at their output. This means
there is no benefit to stack such layers, since the transformation they represent can be
collapsed into a single transformation layer. However, by adding a non-linearity at the layer
output, we can introduce a non-linear dependence between a layers inputs and outputs,
meaning stacking successive layers does make a difference. The sole fully connected layer in
Inception V1 is a linear fully connected layer (Figure 2.6) and was used to help in transfer
learning to new datasets. However this came at the cost of an extra 1M parameters and
the original paper noted that replacing this layer with an average pooling layer actually
improved performance by 0.6%.
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Figure 2.6: Output stage for Inception V1

An additional novelty introduced by Inception V1 was the Inception module, which
borrowed the idea to an extent from the modular architecture of NiN. The core of this
idea was to save parameters and computational cost by using small filter kernels (1x1,
3x3 and some 5x5). Especially numerous was the use of 1x1 kernels to ’bottleneck’ the
representation which was fed through 3x3 and 5x5 filters. A bottleneck occurs when the
number of filters used by a layer is more than the number of channels in that layer. By
applying 1x1 convolutions with a relatively small channel dimension to the input of the
module, the representation from the previous layer was in a way ’squeezed’ from a larger
number of channels to a smaller one. Applying a subsequent 3x3 or 5x5 kernel was then
less expensive because it was over a smaller number of channels. The stacking of Inception
modules (Figure 2.7) of a similar structure reduced the need to hand tune the layout of
each layer.
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Figure 2.7: Inception Naive (a, top) and Efficient (b, bottom) Module Stacking

A similar concept of a channel bottleneck and repeatedly stacked modules was shown
in the SqueezeNet model [53]. This model has 22 layers, the majority of which was a stack
of 8 'fire’ modules (Figure 2.8) with the same structure. This structure had 2 layers, the
first of which was a ’squeeze’ layer which applied 1x1 convolutions to the module input
but contained a smaller number of channels than the input. This created a ’bottleneck’
for the incoming representation, which occurs by reducing the number of channels seen
by the subsequent layer in the module. The ’squeeze’ layer was followed by an ’expand’
layer which used both 1x1 and 3x3 kernels producing a minimum of 4x more channels for
both. The output layer was a global average pooling layer to conserve parameters. This
structure produced a relatively small model of only 4.8MB, with 1.25M parameters (50x
smaller than AlexNet) and matched or exceeded the performance of AlexNet on ImageNet.
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Figure 2.8: SqueezeNet Fire Module

The Inception architecture has also pioneered the exploration of separable filters in
CNNs [105]. Separable spatial filters are spatial filters whose structure can be expressed
as the product of 2 1-dimensional filters. This product produces a spatial filter which is
constrained in its rank (the matrix expressing the filter has rank 1) however there is a
savings of parameters in the process. This savings is because 2 1D filters (for example 1xN
and Nx1) require 2N parameters while an NxN 2D filter requires N? parameters. The 1D
filters are applied in sequence, first convolving the input with the 1xN filter followed by a
convolution with the Nx1 filter. This combination gives an effective receptive field of NxN
after both filters are applied.

The receptive field of a larger convolution can be approximated by repeated convolu-
tions of smaller receptive field sizes. For example, a 5x5 convolution can be replaced with
two 3x3 convolutions. Another variant of convolutional layers is that of depthwise separa-
ble convolutions, as shown by the Xception [17] and MobileNet style [15] networks. Here
‘separable’ is not in the previously mentioned spatial sense but along the depth dimension
of a layer. A depthwise separable convolution consists of 2 stages (layers); a depthwise
convolution followed by a point-wise convolution (regular 1x1 convolution). The depthwise
convolution in the first stage has the same number of output channels as input channels,
and each output channel applies 1 convolutional filter to 1 channel in the input (at the
corresponding depth). Thus for an input to a layer of HxWxC, if we take C as the number
of input channels and D as the number of output channels, the depthwise convolution has
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a KxKx1xD kernel (each KxK is applied only to 1 corresponding channel in the input by
each of the D output channels) instead of the KxKxCxD kernel found in a regular convolu-
tional layer. This is a considerable saving in parameters and computation, and constitutes
the ‘depthwise separable’ part of the name of this operation since each channel only ‘sees’
one channel from the previous layer (hence separable). Depthwise convolutions themselves
are simply a special case of the more general group convolutions [61] [51] where a filter
kernel of dimension KxKxCxD is only applied to C/N input channels. Thus each output
channel D is computed from C/N channels in the input. In the case where the number of
groups equals the number of channels (C=N), each output channel is computed from only
1 channel of the input and a group convolution reduces to a depthwise convolution. Group
convolutions have been used to improve the efficiency of a popular type of convolutional
model called Residual Networks.

Further improvements on ImageNet performance have come as a result of refinements

to the Inception architecture [105] [103] and the introduction of feed forward connections
with the ResNet architecture [16] which allows one to bypass the problem of vanishing or
exploding gradients when build neural networks with many layers [51]. These refinements

have focused mainly on classification performance and not on the reduction of overall
computational cost (Table 2.1), although the exploration of group convolutions (especially
to ResNet models) has created the ResNeXt variant of these architectures |1 15] which offer
the same performance at a reduced computational cost and increased performance.
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Model Task | Input | Mparams | GFLOPs
AlexNet Cls | 341x341 58.25 1.56
InceptionV2 Cls | 336x336 12.75 3.6
ResNet-18 Cls | 336x336 11.25 4.2
ResNet-50 Cls | 336x336 26.75 7.8
ResNet-101 Cls | 336x336 47.25 15
RexNeXt-50-32x4d Cls | 336x336 26.25 15
MobileNetV2 Cls | 336x336 3.5 1.05
SqueezeNet Cls | 336x336 1.25 0.64
DenseNet121 Cls | 336x336 7.75 6.5
SSD-MobileNet Det | 336x336 5.5 1.5
RFCN-ResNet50 Det | 300x425 30.5 15.6
YOLOv3 Det | 416x416 61 65
YOLOv4 Det | 416x416 64 61.5
FCN16s Seg | 384x384 514 125
DeepLabV2-ResNet-101 | Seg | 336x336 505 155

Table 2.1: Summary of various classification (Cls), detection (2D) and segmentation net-
works (Seg) with their model parameters (expressed in millions of params or Mparams)
and computational complexity in GFLOPs.

When considering a neural network, there are various types of optimizations that can
be added that help improve a network or its training process. This includes, for example,
the optimization approaches described in Section 2.2 such as adaptive first & second order
learning rates, learning rate schedules (to work in conjunction with the optimizer), gradient
clipping (for stability), network initialization (better training starting point) or using mini
batches. However there are some other very important techniques that merit mention:

¢ Regularization is a broad set of techniques to help reduce over-fitting and improve
the generalization ability of a network. By introducing a penalty, for example to the
loss, a constraint is imposed on the learning process. This can include for example
L1 and L2 regularization through weight decay |7] to ensure weights either decay to 0
as a way to enforce sparsity (L1 regularization) or to shrink weights more evenly but
not necessarily abring them to 0 (L2 regularization). Other forms of regularization
include early stopping of training to prevent over-fitting or dropout [101], where con-
nections, activations or entire feature maps are randomly deactivated during training
to prevent co-dependence and to improve generalization.
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e Batch Normalization (BN) [55] performs a normalization of the input (previous)
layers inputs by learning and applying a mean and variance over the batch dimension
of the input. These running statistics are meant to stabilize and speed up training by
allowing higher learning rates and possibly mitigating the impact of bad initialization.
This can have a regularizing affect to reduce over-fitting by introducing noise into
the training process but this is not its primary function. Various other types of
normalization exist such as layer normalization ||, instance normalization [106] and
group normalization [114].

2.3 ConvNet Model Applications

This section looks at applications that leverage insights from the construction of efficient
or specialized structures of ConvNet models (as described in the previous section). These
applications include object detection (both 2D and 3D), point cloud processing and se-
mantic segmentation. In our review of applications, we do emphasize 2D detection since
the PointPillars model that is a major focus of this thesis, operates largely in the 2D Birds
Eye View (BEV).

2.3.1 2D Object Detection

To understand 3D ConvNet detection models, it is important to first review 2D ConvNet
detection models as 2D models are broadly used within 3D detectors and also are one of
the central parts of the 3D PointPillars model.

2D detectors can generally be categorized based on whether they use a proposal net-
work directly for classification and detection (so called single shot detectors) or use a multi
stage detection process with a proposal network to select regions interest for further post-
processing. Multi-stage detectors include approaches such as OverFeat [96], Regional Fully
Connected Network [19], Faster R-CNN [91] (along with its predecessors Regional CNN
(R-CNN) [39] and Fast R-CNN [10]) and Mask R-CNN [17]. Mask R-CNN is mentioned for
completeness but is not investigated as part of this thesis since its main purpose is to add
semantic segmentation capability to Faster R-CNN models. Approaches which don’t have
separate stages, called single-shot detectors, include Single Shot Detector (SSD) [70] and
its variants Tiny SSD [112], Deconvolutional Single Shot Detector (DSSD) [34] and Deeply
Supervised Object Detector (DSOD) [97] as well as You Only Look Once (YOLO) [88] and
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its variants YOLOv2 [29], YOLOv3 [90] and YOLOv4 [5].

The earliest successful attempts at ConvNet detectors were multi-stage architectures
and appeared around the same time in 2013. The two most significant early approaches

appeared around the same time in 2013. OverFeat |96], proposed by Sermanet et al., won
the ImageNet 2013 visual recognition challenge in the localization task while Region-based
CNNs (R-CNNs), proposed by Girshick et al. [39], improved the state of the art Mean

Average Precision (mAP) on the Pascal Visual Object Classes (VOC) dataset [30] by over
30%. The OverFeat model performs classifications on a sliding window, obtaining confi-
dences of object classes which are then used to predict bounding box locations relative to
the sliding window. OverFeat was quickly superseded by variants of R-CNN (it was out-
performed by over 7% in mAP by R-CNN using a similar training and evaluation process
in a post-competition test) in terms of speed and performance.

In the case of an R-CNN, the computation is summarized in Figure 2.9. The starting
point is to generate crops of the input image (region proposals) using a selective search
algorithm. This algorithm generates window crops by grouping pixels in the image based on
intensity, color and other features. A large number of regions proposals can be generated by
this algorithm per image, with thousands of proposals needed by R-CNN to obtain good
performance. Proposals are then warped to a standard size and run through a feature
extractor CNN network up to a desired layer (for example a fully connected layer after the
convolutional layers). The resulting activations are then used as a feature vector for that
proposal. The feature vectors for each proposal are then classified using a class-specific
(including a background class) linear Support Vector Machine (SVM), and the proposal
region position and size are adjusted using a separate (class specific) linear regressor for
localization. The addition of an SVM meant it was not end-to-end trained. The feature
extractor, SVM and localization regressor were not end to end trained. This meant that
training the SVM classifier and bounding box regressors required significant storage cost
(100’s of GB) since region proposals for images in the training set needed to be pre-
computed first. Due to the large number of proposals, there would be a high degree of
overlap between them. Since computation was not shared, a separate inference would occur
for each proposal meaning that the inference time for a single image was several seconds
even on a high end GPU.
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1. Input Image Proposals Features Regions

Figure 2.9: R-CNN detection pipeline [39] (scene image from [30])

The two main shortcomings of R-CNN, that proposals were generated using a hand
crafted algorithm and that the detector was not end-to-end trained were addressed by
two subsequent papers. First, Fast R-CNN [10| made the pipeline (with the exception of
the proposal stage) end-to-end trainable by using the concept of Region of Interest (Rol)
pooling as shown in Figure 2.10. A layer in a feature extractor is first selected to be the
layer where the Rol pooling is applied and a fixed grid size HxW is chosen. Given a region
proposal on the input image, we project the proposal region to the feature layer in our
feature extractor. We then overlay an HxW grid on this region of the feature layer and
apply max pooling to the activations inside each gridbox. This yields a fixed HxW output
grid regardless of the size of the proposal regions. The remaining task is to apply additional
layers to generate a final Rol feature vector which we feed to 2 separate output branches;
classification and localization regression.
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Figure 2.10: Fast-RCNN detection stage with Rol pooling [10] (scene image from [30])

The classification stage is simply a softmax, having replaced the R-CNN SVM while
the localization is performed with a regression layer which generates (per-class) offsets and
scales for the corresponding Rol regions offset and scale relative to the top left corner
of the image. A multi-task loss was introduced to simultaneously optimize classification
and regression with a single loss function, allowing (almost) complete end-to-end train-
ing. These optimizations brought a training speedup of 9-18x and inference speed-ups of
80-146x for the networks tested (AlexNet variant and variants of VGG16) on a high end
GPU. Softmax for classification was shown to outperform the SVM for Fast R-CNN (but
not for R-CNN), allowing the authors to drop the SVM. The multi-task loss function al-
lowed optimization of classification and detection simultaneously, without having to resort
to separate optimizations for each (SVM for classification and least squares for localization).

The proposal of Faster R-CNN by He et al. [91]| overcame the remaining limitations of
Fast R-CNN, with the introduction of the Region Proposal Network (RPN) to replace the
selective search function. The RPN in this paper is at the output of a Fully Convolutional
Network (FCN), which is a type of CNN popular for semantic segmentation [71]. The
RPN is responsible for generating and ranking ‘anchors’ (rectangular regions) to propose
the ones which most likely contain an object. The network structure downstream of the
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proposed regions remains the same as Fast R-CNN, namely the ROI pooling and branches
for classification and regression. The RPN begins by looking at the feature map activations
at the last convolutional layer of the FCN. Each position in the feature map (the layer has
dimensions HxWxC) can be seen as corresponding to a position in the original input image.
Adjacent positions in the feature map will not be adjacent in the input image, because of
the size difference between the input and the feature map, and there will be a scaling factor
q which represents the relative difference. The input image size will then be qH x qW x
3, and q will represent the stride between each spatial position on the input image which
corresponds to adjacent, respective positions on the feature map. The first stage of the
RPN uses the HxWxC layer activations and applies an n x n x p kernel to it to generate
an intermediate layer (in the paper a 3x3 kernel is used with p varying depending on the
architecture; 256 for ZF and 512 for VGG-16). Depending on the structure of the FCN,
including its depth and stride sizes, different effective receptive field sizes are possible based
on the size on the n x n kernel. For example, the original VGG-16 network used by the au-
thors, using a 3x3 kernel meant an effective receptive field on the input image of 228 pixels.

Each position in the input image is treated as the center of a set of anchor boxes.
Anchor boxes are selected based on size and aspect ratio of the objects one expects to find
in the ground truth dataset. For example car and pedestrian bounding boxes will have
different sizes (car bounding boxes will tend to be bigger at the same distance) and aspect
ratios (car box aspect ratios will typically be > 1 while person boxes will tend to be < 1).
Implicitly, the selection of anchors will select for a default distribution of possible physical
distances of classes within the scene. The selection would typically occur based on the
training dataset (assuming the dataset is representative of what you are trying to detect),
for example by clustering box sizes into one or more groups per class and then selecting
a representative box for each cluster. In the original paper, the authors proposed 3 scales
and 3 aspect ratios, giving k = 9 anchor boxes for each position. The intermediate layer
is then branched. One branch is dedicated for classification and, for each of the k anchor
boxes, two feature maps are computed using a 1x1 convolutional kernel. The two feature
maps represent the ‘object’ and ‘not object’ classes. The second branch is for localization
and is meant to compute the manner in which the anchor box is to be deformed to obtain
the ‘true’ bounding box for an object. For each of the k anchor boxes, four feature maps
are computed representing the horizontal & vertical shift as well as change in height and
width for an anchor box. The result is that there is a (4+2)*k channel output following
the intermediate layer which is responsible for determining classification and localization
regression for the input relative to a set of default anchor boxes. In order to eliminate pro-
posals with a high degree of overlap, a Non-Maximum Suppression (NMS) stage is applied
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to proposal regions based on the ‘objectness’ class scores and using an IoU threshold of
0.7. The result is a set of N proposals ranked in terms of their ‘objectness’. The user can
select the number of proposals they desire based on run-time and performance constraints.
The work in the Faster R-CNN paper showed as few as 300 proposals could be used at
run-time to obtain the best results and subsequent comparative work with other detectors
discovered as few as 30 proposals [52] could be used, while maintaining only a very small
drop in mAP on the PascalVOC and COCO datasets.

Regional Fully Connected Network (R-FCN) were proposed by Dail et al. [19] to over-
come what the authors called an unnatural pairing between the ResNet architecture [10]
and Faster R-CNN. Unlike the architectures used for the original Faster R-CNN paper,
ResNet is almost a fully convolutional architecture, with pooling operations being very
rare relative to convolutional operations. This is to preserve the spatial dimension of fea-
ture maps for residual connections, however it also introduces a problem when considering
ResNet for detection. In a CNN, the convolutional layers of the network are equivariant
w.r.t the network input because the convolutional operator itself is equivariant to trans-
lation. On the other hand, the max pooling operations in a CNN allow for the network
to become translation invariant to some degree since they are invariant to small deforma-
tions within their receptive field. With the removal of most pooling operations (ResNet),
a problem may be encountered when building a detector since a detector needs to have
a degree of translation variance so that it is not too sensitive to position changes (but
not so insensitive as to have too much translation variance, in a sense a kind of sweet
spot). In such a case moving an object inside a candidate proposal box should produce a
changing response related to the change in overlap between the object and the proposal box.

The solution up until this point had been to insert the Rol pooling at some intermediate
layer within the ResNet architecture and continue with training the remaining stages of
Faster R-CNN. However this meant removing layers which contribute to ResNet’s excellent
performance and introduces a number of layers which must now use available computation
for region specific tasks. To alleviate these issues, the authors proposed R-FCN, which
introduces a layer of feature maps after the last convolutional layer in the network (in the
paper an additional 1x1 convolution layer was added with half the number of channels)
that compute position sensitive scores for detection (Figure 2.11).
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Figure 2.11: R-FCN for object detection, including the score maps and 3x3 (k x k in
general) Rol pooling for C+1 classes (+1 for background) [19]

The score maps are position sensitive, in that for each class there are k? feature maps
with each feature maps responsible for a corresponding region within the 2D k x k area.
The Rol pooling operation is then applied per class over the Rol region (size h x w) in
the score maps, pooling the activations by averaging them over the h x w region into a k
x k grid (each gridbox is approximately (h/k) x (w/k)). This gives an Rol pooled output
of k x k for each of the C+1 classes, which is then averaged (for simplicity) for each class
and followed by a softmax for classification. This operation is performed for each region
proposal. Regression in R-FCN is handled in a similar way, but is class independent, with
4k? score maps which are Rol pooled in the same manner. The k% are then averaged
producing a 4 dimensional vector t = (tx, ty, tw, th) which parameterizes the proposed
bounding box. The authors show that when applied to ResNet-101 and Pascal VOC, a
performance increase of 7.7 mAP can be achieved relative to Faster R-CNN and a similar
result to Faster R-CNN on the MS COCO dataset but running 2.5x faster. We can see
that the primary difference between Faster R-CNN and R-FCN are the positive sensitive
score maps. Unlike Faster R-CNN, which generates proposals and extracts features for
Rol pooling from the same layer (to save computation), R-FCN adds intermediate layers
between the feature extraction layer used for proposal generation and the layer where crops
are taken (score maps). This can have an advantage in cases where the number of classes
is reasonable.
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In the case of single-shot detectors, SSD and YOLO are the most popular and their
variants are state of the art in single-shot detection. Due to the lack of an explicit region
proposal stage, these detectors instead only use a collection of regular grids over multiple
scales to perform classification and localization. This is different from R-CNN and R-FCN
based detectors, which use a proposal stage which first decides an ‘objectness’ score for
proposed regions and for those regions which meet a minimum ‘objectness’ score will post-
process those regions further to determine their actual class and true location. In the case
of single shot detectors, classification and detection is performed directly from the outputs
of the feature extractor. In this sense, YOLO is a little bit different from SSD since it
does compute an ‘objectness’ score at the same time as the location and class scores over
a regular grid.

YOLO was proposed by Redmon et al. [38] around the same time as Faster R-CNN,
and although there are some similarities between these methods, YOLO is a single-shot
detector. With YOLO the input image is split into an S x S grid (Figure 2.12), and each
position in the grid is assigned B bounding boxes. A bounding box is simply 5 predictions,
consisting of the (x,y) coordinates of the center of the box (relative to its gridbox), the
width and height, which are normalized to be between 0 and the width & height of the
image respectively, and finally a confidence score. The confidence score is in a way similar
to the object/non-object classification performed by an RPN which performs object/non-
object classification for proposal regions. In the YOLO paper, the authors train on Pascal
VOC and used a 7x7 grid (S=7) with B=2 bounding boxes per grid cell. Since Pascal VOC
has 20 classes, there are 5*B+20 feature maps to predict, which gives a 7x7x30 output.
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Figure 2.12: Detection process for the YOLOv1 architecture (scene image from [30])

The confidence score is defined as Pr(Object) * IOU}“/* where the Intersection Over
Union (IOU), also called the Jaccard Overlap, is computed between a ground truth bound-
ing box and the predicted box. This modification to Pr(Object) occurs either at training
time or at "test time" (as stated by the authors), when the ground truths are known and
the true IOU can be computed between prediction and ground truth. At inference time,
the raw value of Pr(object) is used without the IOU modification. A ground truth box is

assigned to a gridbox based on whether the center of the ground truth is in that gridbox,

31



with the target confidence score set to the IOU value (as the probability of an object) or
0 if no ground truth box is centered in that gridbox. This means YOLO has difficulty
distinguishing many objects close together (ex. a crowd of people) when the selected grid
is too coarse, requiring careful tuning of the grid relative to the task. Finally, each grid cell
(regardless of the number of boxes) has C class conditional probabilities Pr(Class;|Object)
for each target class. Multiplying the confidence with the class conditional probabilities
gives Pr(Class;|[IOUU"), the class specific confidence scores for each box. The confidence
and class conditional probabilities together encode the probability of a class being in the

box and how well the bounding box for a cell predicts an object.

For training the YOLO detection model the authors first construct a custom classifica-
tion network which has 20 convolutional layers, followed by max-pooling, a fully connected
layer and softmax. This network is similar to NiN (and also to subsequent VGG and
SqueezeNet networks), with alternating 1x1 and 3x3 convolutional layers. It is also sim-
ilar to Inception V1 (GooLeNet) in that pairs of 1x1 followed by 3x3 layers are stacked
repeatedly in parts of the network (a module style approach). The network is trained in a
framework called Darknet and so the network is called simply Darknet. After pre-training
and removal of classification related layers, Darknet has an additional 4 convolutional lay-
ers added, followed by a fully connected layer, followed by a YOLO specific layer which is
7x7x30. The overall model is shown in Figure 2.13.
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Figure 2.13: YOLOv1 Architecture [35]

The Darknet classifier is trained at 224x224, however the detector is trained at a higher
resolution (448x448). The subsequent YOLOv2 paper shows that several mAP points
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of performance can be gained by fine-tuning the classifier at 448x448 for a short time
before training the detector. During detector training, the authors use a multi-part loss
similar to Fast and Faster R-CNN which computes loss for classification and box regression
simultaneously.

Several variants of YOLOv1 have appeared, starting with YOLOv2 which adds a num-
ber of iterative changes to improve YOLOv1. These include a modified classification archi-
tecture, Darknet-19, batch normalization for all layers and the mentioned higher resolution
fine-tuning for detection. However, the most noticeable change is that of anchor boxes sim-
ilar to that used with other detectors, including R-CNN variants as well as SSD (YOLOv1
did not use anchor boxes and regressed box dimensions directly). However, the authors
explicitly investigate determining a more optimal selection of anchor boxes with which to
initialize the detector. In particular, they use k-means clustering of the Pascal VOC and
COCO datasets to find anchors. They cluster based on IOU between a centroid and ground
truth boxes, defining the distance:

d(box, centroid) = 1 — IOU (box, centroid) (2.12)

This distance is different than the standard Euclidean distance, where larger boxes
generate larger errors than smaller boxes. The authors found that, as expected, clustering
by IOU does improve the average IOU of the resulting clusters. For 5 clusters this is
an improvement of 2 IOU relative to Euclidean distance which for 9 clusters, there’s an
improvement of almost 7 IOU relative to the hand chosen anchors used in Faster R-CNN.
The number of clusters still needs to be hand chosen, which they fix at 5, which means
there are 5 anchors per position in the detection feature map.

Another improvement in YOLOvV2 is that of multi-scale training. For YOLOv2, the au-
thors briefly fine-tune the classifier at 448x448 however they train the detector at various
resolutions. Every 10 batches, the authors random change the image dimension follow-
ing multiples of 32 between 320 and 608; the smallest image is 320x320 and the largest
608x608. The final network is therefore trained at a number of resolutions instead of a
single resolution, allowing one to select the input resolution based on a speed vs. accu-
racy tradeoff. Following YOLOv2, Redmon introduced YOLOv3 which was an incremental
improvement over YOLOv2. This included a different base architecture with residual con-
nections (Darknet-53) and a feature pyramid for prediction at 3 different scales (feature
maps of different sizes). A YOLOv4 variant was subsequently released [3] that again im-
proved the Darknet backbone with CSPDarknet53, a different activation function from the
standard ReLLU and some additional training augmentations. The relative complexity of
YOLO variants (Table 2.1) and their specialization for feature-rich image detection tasks
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means they were not relevant for this thesis, although we do discuss them further in the
context of 3D detection in Section 2.3.3.

In addition to YOLO and its variants, SSD has been the other dominant one-stage
CNN detector architecture. The "SSD"-ness of the approach mainly refers to the selection
of feature maps and how they are grouped together to make a prediction (classification
of a box and regression of its position and size). SSD is used as part of the baseline
PointPillars model. In the case of the original SSD [70], the detector is constructed by
selecting a set of intermediate layers in a feature extractor CNN. The number of layers
selected depends on the scales one is interested in detecting objects over (it is dataset
and target task dependant). For example, selecting a layer where feature maps are 19x19
means a finer scale (finer grid of boxes) than selecting a layer where feature maps are
2x2. Therefore, the selection is largely dependant on the expected input size (for example
300x300). An example is shown below in Figure 2.14, with an input image having 2 ground
truth bounding boxes. Two grids, 8x8 and 4x4, are shown for perspective and demonstrate
the importance of scale where the finer scale is more suited for smaller objects and the
coarser scale is more suited for larger objects. This also contrasts SSD with the original
YOLO algorithm, which used a single scale feature map for detections.
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Figure 2.14: SSD grids (8x8 and 4x4) overlaid on an image with 2 ground truth boxes
(scene image from [30])

Having selected a set of layers, a position in any feature map in a particular layer cor-
responds to the center of one of the boxes in the grid. Thus the (i,j)’th activation in an
8x8 feature map at layer L is the (i,j)’th grid box center in the 8x8 grid. Each of these
grids has a number of default anchor boxes applied to it, which vary in their scale and
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aspect ratio. If there are C classes (+1 for background) to be detected and there are K
anchor boxes for a single feature layer, then for each of the K anchor boxes we will need
to predict C+1 classes and 4 box offsets (2D position, width and height) relative to the
original anchor box. That means for an MxN feature map, K(C+1+4) channels (P) with a
total of MNK(C+1+4) activations will occur at a single scale. Each of the selected feature
extractor layers is branched from and a convolutional layer having a 3x3xP kernel (that
layer has P channels) is applied to generate the SSD detection layer for that particular grid
size. The anchor boxes in SSD are similar to Faster R-CNN anchors but are applied to fea-
ture maps at different depths (resolutions) in the network. An example of these branches is
shown below in Figure 2.15, where the filter kernel dimensions for each detector branch are
shown (with the background dimension omitted). Note that additional layers for coarser
grids can be added post-hoc, meaning they need not have been in the original base feature
extractor. The final stage after generating classifications and box regressions is to apply
NMS to combine predictions.
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Figure 2.15: SSD VGG-16 architecture with detection branches [70]

The training strategy for an SSD network is to match each ground truth box with its
set of default boxes across all detection branches. The default box with the highest IOU
is matched first, followed by any ground truth boxes with a Jaccard overlap greater than
0.5. This allows multiple, overlapping default boxes to participate in the computation of
the loss function and also to find the best fit for a object. However it also means multiple
detections will likely occur per object, which necessitates the used of NMS to select a
single ‘best’ prediction. Default boxes which don’t match any ground truth boxes are
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assigned to the ‘background’ class. During training, most default boxes will be negative
(will not overlap with any ground truth boxes in an image). This creates a significant
imbalance between positive and negative examples for each frame and must be balanced
with hard negative mining. As such a ratio between positive and negative examples must be
picked (the original paper used a ratio of 3:1 for negative to positive examples). Negative
examples are sorted in decreasing confidence and then selected based on the number of
positive examples.

2.3.2 Point-Cloud Processing

A cloud of 3D points can be represented as a size N list of tuples with tuple having 3
real coordinates representing the XYZ position of that point. The resulting list of tuples
can be seen in 3D as a sparse point cloud, representing locations where some return was
observed from the environment (for example a return from a LiDAR sensor). Prior to the
development of end-to-end machine learning models for feature extraction from such clouds,
these representations were largely processed to produce either hand crafted features (Spin
Images (1999) [57]), visual similarity measures (2003) [12], shape classification (2007) [69],
Point Feature Histograms (2009) [94], and volumetric representations that included early
3D ConvNet models (2015) [74].

The PointNet model, shown in Figure 2.16, was proposed by Qi et. al. [35] as a way
to avoid expensive 3D convolutions, while encoding geometric data from a point cloud
in a direct way, allowing global and localized classification of points while preserving the
permutation invariance of the clouds. This invariance comes from the fact that point
clouds are inherently unordered, and a permutation of the points yields the same structure.
When input to a network, it is desirable to have the network treat the permutations in
an identical way. A key insight for PointNet is the use of the max-pool function which,
regardless of the point order, produces the same output at that layer. This was the key to
the authors work, where they mathematically prove that PointNet with max-pooling can
act as universal approximators for set functions. Given any function that inputs a set of
points and produces a fixed-size output, there is a PointNet (or PointNet-like) architecture
that uses max pooling that can approximate this function to any desired level of accuracy.
The original PointNet inputs an Nx3 matrix of points and passes these points through
several fully connected layers to finally compute a global feature representing the input.
The original PointNet has 2 distinct outputs: k global scores as a prediction for the entire
cloud (using the global feature result) and a separate branch of NxM scores where M is
the number of per point class scores for each of the N input points. This latter output
provides a kind of localized or segmentation score of each point in the cloud.
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Figure 2.16: Overview of the PointNet architecture. The input to PointNet is an Nx3
point cloud (N 3D points). Here "mlp(X;,X5,....,X ;)" are J fully-connected (multi-layered
perceptron) layers. There are k total "global output scores" that represent object classes
that we want to generally classify for a cloud. There are an additional M, "localized output
scores" that are set for each of the N points in the cloud. These localized scores represent
part classes, where each of the M components classifies a different part.

To extend the PointNet model to capture local structure, the PointNet+-+ model was
proposed [36] which applied PointNet on nested partitions of the input cloud. This intro-
duced a hierarchical approach to processing the point cloud and allowed the simultane-
ous capture of local and global features. Although an improvement to PointNet, for our
purposes, only a part of the PointNet model is sufficient to encode input features while
minimizing the amount of computational complexity. Therefore, only a stripped down
version of the "Classification Network" portion of PointNet is used within PointPillars,
retaining one or two FC layers, the critical max-pooling operator and one more FC layer
after max-pooling.
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2.3.3 3D Object Detection

In this section we cover 3D detectors that rely on the usage of ConvNets. The task of
3D detection is not necessarily restricted by the sensor used (Section 1.1). For example,
it can be performed by multi-camera setups that estimate depth to feature points or in
more extreme (but rare) scenarios by single camera (monocular) setups [16]. Estimated
depth can then be projected to a 3D cloud, in an approach called Pseudo-LiDAR [117].
Other sensor readings, such as from RADAR or ultrasonics, can also be processed to
yield point clouds, although with ultrasonics this is more rare due to their range and
specific application. This means that models that are shown in this thesis to be trained on
LiDAR-based data are not necessarily restricted to being trained and/or tested only with
LiDAR-based point clouds.

3D Object Detection models have evolved significantly in the last decade, mainly driven
by the increasing use of ConvNets and end to end training pipelines. These developments
have been driven in part due to the increasing maturity of 2D detectors as described in
Section 2.3.1 where 2D detectors first matured to give reasonable 2D performance (R-CNN,
SSD) and were then repurposed for 3D detection. When moving to 3D however, the dense
image based features available for purely 2D-based detection are replaced with sparse point
cloud data that must be represented and processing efficiently to prevent possible artificial
limitations of sensor ranges or reducing feature resolution , below acceptable levels, in an
already sparse modality. Prior to the ConvNet era, 3D detection relied on hand-crafted
features [32] [95] extracted from images & depth maps (and to some extent point clouds)
possibly with a combination of traditional classifiers such as SVMs or decision trees. With
hand crafted features, the feature extraction may be less computationally intensive and the
interpretability may be higher, however scaling to larger datasets and real world scenarios
becomes harder due to varying scenes, levels of lighting (in the case of camera usage for
3D detection), object occlusions (and variability); this is especially true for unseen, out of
sample data. With the use of ConvNets, hand crafted features became much less important
(with the exception of hand crafted meta parameters).

MV3D [15] was one of the early successful ConvNet-based approaches that fused Li-
DAR point clouds in the BEV with Red/Green/Blue Colored (RGB) images. This was
followed by VoxelNet [119] which grouped point clouds into a dense 3D grid of regions
called voxels and used 3D convolutions for feature extraction on this 3D grid giving a
large jump in performance (at high computational cost due to the expensive 3D convo-
lutions). To mitigate the cost of 3D convolutions, specialized sparse convolutions were
introduced by SECOND [116] to offset some of the computational cost of 3D convolutions,
where relative spatial positioning of points was maintained to allow selection of neighboring
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points for convolutional operations. However, the introduction of PointNet (described in
Section 2.3.2) to represent point clouds in a learnable way opened new research areas by
providing a method that didn’t require hand crafting features to encode the information
in a point cloud. That meant it would be up to the network to find better representations
for groups of cloud points as part of the learning process. This paved the way for the
introduction of models like PointPillars [62]. This approach uses "pillars" where only 1
subdivision in the vertical direction is made, meaning a voxel will extend indefinitely in the
vertical direction (within an overall predefined bounding volume). The traditional voxel,
of which there may be many in the vertical direction along a column, therefore becomes
a "pillar" and there are no voxels/pillars stacked on top of each other as there would be
with methods like VoxelNet. The pillars are still packed side-by-side which when viewed
from above the scene (above the point cloud), which from that view can be seen as a 2D
grid. With a PointNet encoder deciding on the best feature representation for input 3D
(LiDAR) points, the resulting 2D grid meant a 2D detector could now be used (such as
SSD) in the BEV to generate 3D box predictions instead of a specialized 3D detector.

The sparse feature density of point cloud data also has implications regarding feature
map resolution and the density of anchor boxes. Sparse features mean a higher feature
map resolution is needed to ensure proper localization of predicted 3D boxes. The larger
feature maps in turn need to contain enough ground truth anchor boxes to regress to. In
the case of SSD, the use of focal loss to help with dense anchor box predictions makes
SSD ideal for a feature-sparse detection task where a less dense representation, such as
with YOLO, may in fact struggle due to its sparser grid representation. For example, the
Complex-YOLO model [100], including its YOLOvV3 [38] and YOLOv4-based [75] variants,
struggles even in the BEV-only 3D task on the KITTI dataset. This is even with those
models large total computational complexity and parameter advantage.

2.3.4 Semantic Segmentation

Semantic segmentation involves labelling all pixels in an input image with one or more
classes. Initial work in this area focused on image processing techniques (edge detection,
thresholding) but gave way to hierarchical approaches using ConvNets. For example, Fully
Convolutional Networks (FCNs) [71] applied pixel wise segmentation over an input image,
with high parameter savings by using only convolutional layers (no FC layers). The authors
introduced upsampling using transpose convolutions and skip connections for retaining
low level features while at the same time having limited context of the overall scene.
The DeepLab series of models [13] [33] [11] were a noticeable improvement that addressed
capturing larger fields of view and information from multiple scales, with the introduction of
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atrous convolutions (also referred to as dilated convolutions, where the "dilation" involves
spreading the convolutional kernel over a larger area of the input) and a novel Atrous
Spatial Pyramid Pooling layer. The use of CRFs for post processing was computationally
intensive, trading speed for increased segmentation performance.

2.4 Computer Vision

This section describes the background material for understanding the sensor configura-
tion and available data structures for the KITTI dataset, discussed in Section 2.5.2. For
completeness, additional details are presented regarding stereo calibration and correspon-
dence, as they help frame the explanation regarding the transformation of KITTI data
across coordinate frames.

2.4.1 Camera Calibration

Cameras are complex systems, with lenses and image sensors that must be modelled in
a manageable geometric form to allow for inferring its details. The ideal pinhole camera
model, shown in Figure 2.17, is an idealized model meant to provide a simplified view of
the image formation process. For a 3D point P in the camera coordinate frame given by
[X,Y, Z]T (relative to center of projection O), we can take the point and scale it using a
non-negative parameter A such that it falls onto an image plane at point ¢ = [u,v, 1]T.
Any 3D point with Z # 0 can be projected in this way, and we have:

P =)\q (2.13)
X U
Y] =X|v (2.14)
A 1

40



P=(X.¥.2)
-

Center of
Projection

ko

| Optical Axis

Image Plane

Figure 2.17: An illustration of the pinhole camera model for a 3D point P as it projects to
point q on the image plane

With the ideal pinhole model, the world coordinate frame also has its origin at the
center of projection O. The coordinates u, v are given by u = f % and v = f % However,
the camera and world coordinate frames need not correspond in general. Under the general
pinhole camera model, these frames can vary. There the point P can be seen as point Py
in the world frame and P¢ in the camera frame, where under a rigid body transformation
determined by rotation R € R3*3 and translation T' € R3, we have the relationship:

Pe=RPy+T (2.15)

Since the point Pg is relative to the camera frame, we can expand it using Equa-
tion (2.13) to give:

Ag=RPy+T (2.16)

Here the rotation R and translation T define the extrinsic parameters of the camera that
orient it with respect to the world frame. Unlike the ideal pinhole model, the generalized
model doesn’t assume that the center of projection O coincides with the center of the image
plane. It also doesn’t assume the measurement scale along the image plane is the same as
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the world frame. These differences (and others) can be accounted for by a set of parameters
called the intrinsic parameters that can be summarized in a matrix Kjpiinsic € R>*® as
shown in Equation (2.17), with Equation (2.16) rewritten as Equation (2.18).

é S Cu fu S Cy,
Kintrinsic — 0 eiu Cy = 0 f'u Cy (217)
0 0 1 0 0 1

The parameters shown in the intrinsic matrix as part of Equation (2.17) can be sum-
marized as follows:

e Imaging sensor pixel sizing (e, and e, ). These are the horizontal and vertical physical
sizes of a unit cell of a sensor (dimension of each pixel, typically in pum), allowing
different pixel densities along each sensor dimension.

e Physical focal length (f). This is the distance from the lens to the image sensor. It
determines the field of view and magnification of resulting images. When the sizing
terms e, and e, are applied, we end up with 2 different effective focal lengths (f, and
fv) measured in pixels along with image width and height.

e Skew (s). This value helps adjust when the x & y axes of the image sensor are not
perpendicular (some shear angle is present between them).

e Principal points (¢, and ¢,). The principal points are the location of intersection
for the optical axis of the camera (determined by its lens system) with the imaging
sensor. They’re important since depending on the camera manufacturing process
(and quality control), the optical axis may not be at the center of the imaging sensor.

The components of the intrinsic matrix can be determined through a calibration process
[14] [118], where a pattern with known geometry, such as the regular grid pattern of
a checkerboard, is captured from the camera at a number of ranges and poses. These
variations are then analyzed to determine the intrinsic parameters through an optimization
process where the observed corners of the checkerboard pattern are compared to the camera
models projections based on the estimation of the intrinsic and extrinsic parameters.

Depending on the camera system, there may also be some degree of distortion present
in the recorded image. This distortion can come in several forms. One type of such
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distortion, called radial distortion, can be visualized as shown in Figure 2.18 and modelled
using a function of distance from the optical center (relative to the principal points) that
relates the undistorted points to the initial distorted points as given in Equation (2.19) and
Equation (2.20). There are other models for correcting radial distortion, such as the one
used by OpenCV, where the principal points are not considered. The use of a particular
model depends on application and level of radial distortion involved.

1
-

MNone Megative radial Positive radial

Figure 2.18: Common camera system distortions, where parallel lines have no distortion
(left), are curved in a negative radial pattern (center, "barrel" distortion), or are curved
in a positive radial pattern (right, "pincushion" distortion)

uzgf;géted =cy + (u—c,)(1+ “17]3 + “27{11 + €u) (2.19)
Uzgﬁjgzl:ted =c, +(v—c,)(1+ "'317}21 + K2T§ + ey) (2.20)

The e, and e, terms can be expanded further using a similar geometric progression with
k3 and r§ if it is expected that they won’t be too small (for example with wide-angle lenses).
The radial distance term is defined as r4 = /(u —¢,)2 + (v — ¢,)2. The undistortion is
applied before calibration of the camera. There is also a second distortion that may occur,
which is tangential distortion. This distortion occurs when the imaging plane incurs a tilt
relative to the lens system. The corrected coordinates are given by:

upan 9 = w4 2pyuv + pa(r? + 2u?) (2.21)
Vit = v+ p1(r® + 20%) + 2pyuv (2.22)

So we need at least 3 radial coefficients and 2 tangential coefficients for modelling
and correcting the most common types of camera distortions. The calculation of these
coefficients is typically handled by the camera calibration process [118].
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2.4.2 Stereo Calibration

When multiple cameras are present, where images are captured in a temporally synchro-
nized manner such that overlapping parts of a scene will be visible, a stereo calibration
allows the views from different cameras to be related mathematically to each other.

The spatial transformations between cameras can be obtained using a stereo calibration
algorithm [1 18] that uses a reference pattern with known geometry (a checkerboard pattern)
that is visible from both cameras as shown in Figure 2.19. The corners of the boxes in
the checkerboard grid are easily detectable in both the left (left camera) and right (right
camera) images. Since the number of corners and their spatial layout relative to each other
is known, point correspondences can be established between the images.

A point correspondence is given by Equation (2.23), where p; is a point (u;, vy, 1)T in
the left image and p, is (u,,v,, 1)T is the same point in space but seen in the right image.
The matrix F, a 3x3 rank 2 matrix, is known as the Fundamental Matrix.

pEpr =0 (2.23)

This matrix encodes the geometry between the 2 views, however it is ambiguous since
it actually does not map point to point but rather point to line. The expression F'p, = 0
is actually a line, and any solution kp, satisfies the equation p,F'(kp,) = 0. Physically this
means a point in 3D, P € R3, that projects to the point p, on the right camera image can
correspond to any point along a line that can be seen in the left camera image, and one
of the points on this line is our correspondence p;. Since we already have correspondences
this is not an issue, but for any new point selected in the right image (for example after
calibration), the corresponding point in the left image must be found by a matching pro-
cedure along a line in the left image. We can see an image of the corresponding geometric
setup in Figure 2.20, known as the epipolar geometry for the stereo pair of cameras. The
point P relative to the respective left and right camera origins (O; and O,) can be seen
as 3D points P, and P,, that respectively map to points p; and p,. There is also the line
T that connects the 2 optical centers, and intersects both image planes at the epipoles;
e; and e, respectively for the left and right images. An epipole is the second cameras
optical center as seen from the first camera. The line in the left image that e¢; and, the
true correspondence point, p; both fall on is called an epipolar line. This line is a view of
the line from O, to P, as seen from the left image. In practice for a known point p, in the
right image, we don’t know its 3D point or its corresponding point p;. All we know is that
in the left image it falls somewhere on the epipolar line, which is what a matching process
would look for (more on this in Section 2.4.3).
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Figure 2.19: A stereo camera pair calibration setup. The left camera with optical center O,
and right camera with optical center O, are shown a mutually visible reference pattern with
known geometry. The camera optical axes (black lines) are aligned but the cameras are
horizontally separated by a distance B. The teal, green and red line pairs define mutually
parallel lines that make up part of the view frustum of each camera (added for clarity).
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Figure 2.20: The epipolar geometry for a stereo pair of cameras. A point P in R? is visible
by both cameras (as 3D points P, and P, respectively by the left and right cameras). This
point projects to respective points p; and p,. A line T (the baseline) connects the optical
centers of the left and right cameras, denoted by O; and O, respectively.

When only point correspondences are known, the Fundamental Matrix allows us to
encode the epipolar geometry between two cameras in a stereo configuration. However,
it may be the case that additional information is known about the cameras, such as the
intrinsic parameters, which would allow us to compute the Essential Matrix (E). This
matrix is a more direct relationship for the rotation and translation between the two
camera views.

2.4.3 Stereo Rectification

The stereo matching alluded to in Section 2.4.2 is usually not done directly on the raw
image frames. If both cameras (and therefore image planes) were placed side by side (this
configuration is called "frontal parallel") as shown in Figure 2.19, the matching could
be much simpler. In that case, epipolar lines would be horizontal and we could move
horizontally to the adjacent pixel from a starting pixel in the left image to find the best
correspondence for a pixel in the right image; a drastic simplification from the general case.
To allow for such a configuration (without necessarily even requiring physical alignment),
the problem is usually simplified through a process called rectification. This is a process
that mathematically aligns the original camera views of the scene so that they become
frontal parallel. This is possible because moving the physical cameras means physical
rotations and translations that we can estimate to achieve the same affect, producing the
setup shown in Figure 2.21.
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Figure 2.21: Stereo rectification process. The true camera image planes (grey rectangles)
are adjusted to be frontal parallel (yellow rectangles). The center of projection for the left
and right cameras (O; and O, respectively) are also shown.

Depending on the circumstances, this process can be helped by the experimenter. For
example, if the placement of cameras can be adjusted, they can be arranged so that they’re
physically as close to frontal parallel as possible. The rectification process also typically
does not need to be re-implemented by hand (except possibly in more specialized cases
such as unique calibration objects or special camera configurations). Instead standard
implementations of popular rectification algorithms [72] can be used either through the
Matlab Computer Vision toolbox [73], OpenCV [9] or other libraries (depending on the
programming language used). The same applies for stereo calibration [118]. The result of
a rectification can be visualized as in Figure 2.22.
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Figure 2.22: Visualization of a rectification from a stereo pair of images. The top image
pair represents respectively the left and right image pair. The bottom pair is the rectified
result. In the top pair, the blue line clearly intersects completely different points on the
checkerboard. For the bottom pair, the same feature points are intersected between the 2
images along the blue line (the top left of the 3rd square from the bottom right being the
most discernible). [107]

2.5 Datasets

Modern research into ConvNet models has benefited greatly from the gradual accumulation
of more and more datasets targeting various tasks such as classification (ImageNet [22]),
as well 2D & 3D detection (KITTI [37], NuScenes [10], Waymo [102]) and segmentation
(MS-COCO [68]). The multiplicity of datasets has grown with their complexity as well as
the availability of sensors with which to capture them and the compute hardware on which
to train models. Arguably the compute hardware has grown the slowest relative to these
other measures, so that without a computer having at least 3-4x high end GPUs, it can
take weeks (not days) to train the most performant models. Even the PointPillars model
investigated in this thesis takes 3-4 days to fully converge on NuScenes. This limitation
is why the focus of this thesis is restricted to smaller datasets (Caltech-USA [26] and
KITTI). While a limitation it is still informative since we know smaller datasets can be
used to pretrain large models for better large dataset training results while exploration on
a smaller dataset can still be helpful if a contribution is provided that adds to the body
of annotated data (for example the KITTI dataset did not have segmentation information
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for annotated objects). The remainder of this section outlines the datasets used in the
chapters in this thesis.

2.5.1 CaltechUSA

The Caltech-USA dataset [20] is a pedestrian dataset with 250k annotated frames con-
taining 350k 2D bounding boxes of 2300 unique pedestrians. The dataset is broken down
into short sequences of 640x480 pixel frames sampled at 30Hz from a vehicle driving in
an urban environment (Los Angeles metropolitan area in areas known to contain lots of
pedestrians). This means not every frame of each sequence has pedestrians; approximately
50% of frames have none while 30% have two or more. Sequences are not shared between
the training and test sets. Pedestrians are labelled with full 2D boxes, so that occluded
areas are part of the bounding box. The test set is not released to the public, requiring a
submission of an algorithms predictions to the authors in order to know its performance
on the test set.

2.5.2 KITTI

The KITTI dataset [37] is a widely known and extensively studied computer vision dataset.
It consists of left and right camera RGB images (for stereo), sensor calibration, Inertial
Measurement Unit (IMU) data, tracklets and LiDAR point clouds in 151 video sequences
taken in city, road and campus driving environments during daytime summer. The videos
in this dataset have been sampled over time to construct specific benchmarks with which
researchers have developed new advances in object detection, segmentation, optical flow
and other research areas. The 3D object detection benchmark specifically, uses 7481 train-
ing and 7518 test images & point clouds sampled from 141 of these sequences (sequences
are mutually exclusive between training and test frames). The result for the overall 3D
detection dataset (train and test) are 80256 labelled objects across 9 classes. The stan-
dard practice is to use a specific split of the training data creating 2 subsets ’train’ (3712
samples) and 'val’ (3769 samples), where 'val’ is used to validate the model and to allow
competing methods a point of comparison. This is necessary because the 3D object de-
tection benchmark is closed to submissions without an accompanying publication (the test
data is not released to the public). Hence the evaluations performed in this thesis are all
based on the KITTI ’val’ subset and compared where possible to other methods evaluated
on the 'val’ subset.
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The training data, in addition to its class and 3D box, also has a per sample catego-
rization of “difficulty’; the categories are easy, moderate and hard (referred to respectively
as ’easy’, ‘'mod’ and ’hard’ in performance tables throughout the thesis). These 3 criteria,
taken together, are how the difficulty of an example is assigned to an object. The criteria
are assigned as they’re observed in the camera frame in the 2D image of the scene (not the
LiDAR). The criteria are summarized below, including Table 2.2.

e Object 2D height: The minimum height of a bounding box in pixels.

e Object occlusion: The max occlusion level as assigned to the object. Occlusion
levels are already part of the annotations for each object, and can be one of 3 integral
categories: no occlusion, partial or difficult /heavy occlusion. Occlusions occur due
to some other objects in the scene that are in the foreground of the object of interest
(and therefore block some amount of the view of the object of interest)

e Object truncation: The max level of truncation (light, moderate and heavy) which
is the amount of the object that is cut off by the FOV boundary

o Difficulty Easy | Moderate | Hard
Criteria

Min 2D Height 40 25 25

Max Occlusion None | Partial | Difficult

Max Truncation 15 % 30 % 50 %

Table 2.2: KITTI object difficulties and criteria for assigning objects to each difficulty

The coordinate frames for the KITTI dataset are shown in Figure 2.23 for both the
Camera and LiDAR perspectives as well as the defined directions for each physical box
dimension. So a bounding box for a Car, without any rotation applied in the camera
frame, would have its length dimension along the X axis and its width along the 7 axis;
essentially the car would be facing to the right. The camera frame is the coordinate frame
for all annotations, including the position of 3D bounding boxes and their dimensions. The
3D box centers are defined differently depending on the coordinate frame, with 3D box
positions in the LiDAR frame defined relative to the box center while the position in the
camera frame is defined relative to the center of the bottom face (XZ plane) of the 3D box.
This is demonstrated in Figure 2.23.
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Figure 2.23: Overview of the KITTI Coordinate Frames and the Corresponding Dimension
Orientations

Two angles annotate each ground truth object; a yaw angle 6,4, range of [-r, 7|, which
is the rotation angle about the camera frames Y-axis and an alpha angle «, range of [-m, 7],
which is an object observation angle. Counter-clockwise rotation is considered positive in
the camera frame as viewed from the +Y axis (from below the XZ plane). To understand
the alpha/observation angle, it is necessary to understand the bearing angle, Gyeqying, Which
is the angle between two lines emanating from an observer. The two lines are a reference
direction (forward or +Z in the camera frame) and a line L extending to a point of interest
(in this case an object center). In the context of the right side axes in Figure 2.24, a line
L clockwise of +7Z has a positive bearing angle and negative counterclockwise from 7.
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Figure 2.24: BEV view of KITTI rotation directions and zero angle points for yaw and
bearing

The angle alpha («) can then be defined as:

a = anw - ebeam’ng (224>

As yaw varies, a corresponding change in bearing keeps the alpha angle fixed such
that a single alpha value represents a particular, consistent view of an object as shown in
Figure 2.25. As alpha varies between |—m, 7|, a sweep of view directions around an object
is performed as shown in Figure 2.26.
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Figure 2.25: Constant alpha angle with varying yaw and bearing in a BEV of the KITTI
camera frame
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Figure 2.26: Range of alpha values around an object

Every scene/frame in the KITTI dataset comes with a calibration file (text document)
consisting of data structures that describe the spatial relationship between the LIDAR,
cameras and the vehicle before and during data acquisition [36]. The LiDAR and 4 cameras
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(two grayscale and 2 color cameras) were mounted to the roof of the vehicle (a station
wagon) as shown in Figure 2.27. The data structures in the calibration file describe the
spatial transformations between each sensor, allowing content captured from one sensor to
be related to another. There was also another unit (not shown), the GPS/IMU unit, inside
the vehicle recording GPS coordinates, orientation, velocities, acceleration and angular
rates.

Figure 2.27: Birds eye/top down view of the mounting of sensors to the KITTI data
acquisition vehicle. Sensors are color coded (Red: LiDAR, Green: Grayscale camera,
Purple: Color camera)

Since there are 4 cameras, the authors provide 4 projection matrices P¢_, for i=0,1,2,3

rect
where the indices correspond to the following cameras:

e Index 0: Leftmost grayscale camera
e Index 1: Rightmost grayscale camera
e Index 2: Leftmost color camera

e Index 3: Rightmost color camera

The expression for the projection matrices is given by the authors as Equation (2.25),
for 3D point x = (z,y, z, 1), image point y = (u,v,1)T and y = P¢__x:

| fo 0 —fiby
P:"ect - O f:) Cj) 0 (225>
0 0 1 0

We can see the upper left 2x3 entries encode the intrinsic parameters of the i’th camera
(the focal lengths and principal points). The extra parameter b’ is the baseline distance
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along the +X axis (right/left) in the camera frame. In practice the other projection matri-
ces in the calibration files have extra, non-zero entries in positions (1,3) and (1,4) (assum-
ing a 0-based row,column indexing). The term at position (0,3) is a "baseline times focal
length" term. We can interpret the value at position (1,3) as being the same "baseline
times focal length" term but in the +Y direction (down/up). The computed baseline for
this direction is quite small in the KITTI calibration data, (for example, 0.000488m for
P!_.,) indicating a very small alignment difference in this direction. Likewise, the (1,4) en-
try is of a similar order. The coordinate x is assumed to be in rectified camera coordinates.
A single rectification matrix, R?, ., is provided with off diagonal entries of the order 1073,
and diagonal entries very close to 1. This implies a rotation matrix close to an identity
rotation meaning the physical placement of the cameras is very closely aligned relative to

each other. Finally, a 3x4 matrix is provided for encoding the rotation (R € R3*3) and

translation (2" € R'*3) for the transformation from LiDAR to camera coordinates:
cam tcam
Teem (Raelo vlelo) (2.26)

The 3D point x in LiDAR coordinates can then be projected to the i’th camera using
the following transformation:

y = Piecthect ffé;zx (227)

The KITTI LiDAR data consists of 3D points in the LiDAR coordinate frame along
with a 4th value per point representing reflectance. This reflectance value is a real value in
the range |0,1] and is a measure of the amount of scanning light reflected back to the sensor
from the corresponding 3D point in the scene. This value is typically normalized based on
the initial power of scanning light emitted by the LiDAR sensor. Higher reflectance values
represent a higher power level of the returned scanning light. The recorded reflectance will
be influenced both by environmental factors (dust, moisture) and the characteristics of the
object on which the point is located. For object characteristics, these involve factors such
as surface material (metal materials reflect differently than dark surfaces or vegetation),
surface incidence angle (perpendicular incidence results in higher reflectance) and distance
(farther distance means more divergence of each LiDAR beam resulting in more energy
loss). In the case of the KITTI dataset, the authors use a Velodyne HDL-64E sensor
with 64 scan lines. The stated reflectance of this sensor by its manufacturer is 50m for
pavement (approximately 0.1 reflectivity) and 120m for cars and foliage (approximately
0.8 reflectivity). In practice, the distance of 120m is extremely optimistic. In practice, the
original PointPillars model and our variants don’t exceed a 70m distance with performance
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of the underlying model degrading well before this distance.

2.6 Hardware

As discussed in Section 2.2.1, ConvNet models that show high performance tend to be
computationally complex on the order of 10s to 100s of GFLOPs and millions of model
parameters. The training of these models is enabled by powerful GPUs where the training
time can be days or weeks, and may be acceptable depending on the task. However,
inference times for such models will also be high and use of these models on severely
resource constrained hardware will be difficult or impossible without making compromises
to the model performance. This optimization is the focus of this thesis and the rest of this
section explores the hardware used in this thesis to support this investigation.

2.6.1 S32V234 Automotive Processor

The S32V234 is a high performance, ultra low power, automotive grade processor targeted
for industrial applications where it particularly excels in applications for vision and sensor
fusion. It includes Quad ARM Cortex-Ab53 cores @ 1GHz, 4MB of on chip system RAM,
an integrated 3D GPU (not used for our work) and Dual APEX2 image cognition (special-
ized image processing units for handling vision and image data). The APEX cores were
the processors used for the work in Chapter 3. An API is available to interface to the
capabilities of the platform. It is part of the more general S32V family of processors that
target ADAS. It operates within about a 2W power envelope.

2.6.2 Jetson AGX Xavier

The Jetson AGX Xavier (2018) is an "edge AI" compute module released by NVIDIA [79].
This basically means its a specific version of NVIDIA’s Jetson line of embedded compute
boards; a compute board is a specialized integrated circuit designed for a specific function.
The compute board is a Tegra System on a Chip (SoC), that packages the CPU, GPU
and some other components on a single chip. This SoC forms the core of the AGX Xavier,
and is integrated on a circuit board called a development kit which houses the RAM,
eMMC storage, power distribution and 10 (PCle, USB, SATA, Ethernet and others). The
GPU has a specific Compute Capability designation, just like discrete NVIDIA GPUs
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Component | Specification

CPU 8-core NVIDIA Carmel ARmv8.2 @ 2.26GHz
GPU 512-core NVIDIA Volta with 64 Tensor Cores
Memory 32 GB 256-Bit LPDDR4x, 137.7 GB/s
Storage 32 GB eMMC 5.1

Table 2.3: Summary of Components in the Jetson AGX Xavier

(specifically Volta 7.2 for the AGX Xavier), that describes its specific CUDA features. The
components are summarized in Table 2.3 [30].

The SoC can be placed in a variety of power modes that adjust the number of active
cores as well as the peak frequencies of the RAM and SoC components like the CPU &
GPU. This is summarized in Table 2.4 [30].

Power Power Budget . Max CPU / GPU / RAM

Mode (Watts) Online CPUs Frequeélcy (GI—éz)
MAX-N (0) 30 8 2.265 / 1.377 / 2.133
30W-ALL (3) 30 8 1.2/09/1.6

15W (2) 15 4 1.2 /0.67 / 1.33

Table 2.4: Power Modes of Xavier AGX

On the software side, the board itself runs NVIDIA’s Linux for Tegra (L4T) Operating
System (OS), which is essentially a fork of the Ubuntu operating system, but adapted to
run on NVIDIA Tegra processors. Each L4T version is packaged with a specific version
of an SDK called JetPack, that includes the NVIDIA (CUDA, cuDNN) and third party
(OpenCV) software libraries needed to effectively use the system.
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Chapter 3

SqueezeMap: Fast 2D Pedestrian
Detection

3.1 Introduction

In the era of autonomous vehicles and smart assist vehicle computers, a robust and above
all safe driving system requires a model which can create an accurate representation of the
environment. Such systems rely on sensors for its input, which can include laser, radar or
camera based solutions. Camera solutions offer a cheap and simple input source for such
systems.

For such camera dependent systems, the data needed to train them is readily available,
foregoing the necessity of manual collection. The abundance of data is helpful, since the
state of the art models for object detection and classification are generally deep learning
models which have a large number of tunable parameters. A subset of these deep models,
ConvNets, have been especially successful for a wide range of image processing tasks,
including segmentation, classification and detection. However, the majority of research
in this area has focused on improving outright performance and exploring the full design
space of ConvNet architectures while placing less emphasis on model size.

For an embedded system in an autonomous vehicle, this emphasis is paramount, because
models not only have to be small in terms of runtime footprint, and therefore a small
footprint in power consumption, they are also small in total model parameters as changes
to the model need to be pushed over network links with limited bandwidth. The decrease
in footprint can help to reduce the runtime computational requirements, as any pedestrian
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detection system needs to ensure a processing speed sufficient for performing avoidance
as well. With a decrease in model size also comes the tricky task of optimization to
maintain the same level of performance relative to existing, unconstrained models. This is
complicated by the fact that autonomous vehicles systems need to maintain high levels of
recall and precision in order to be safely deployed.

In this chapter we focus on approximating pedestrian locations using a coarse, grid--
based approach. We do this by adding an additional layer to an existing SqueezeNet
network. This layer performs a kind of weighted voting scheme across the depth dimension
of the previous (convolutional) layer to determine whether a pedestrian is present. Our
approach introduces only a small number of new parameters, with a tiny final model size
of 3.24MB. This model can run at 72FPS on a GTX Titan X GPU on an RGB input of
681x227 and at 30FPS on dual APEX2 low-power processors [31| with the entire system
running within a 2W power envelope. We estimate the accuracy of the approach relative
to other models trained on the CaltechUSA dataset for a range of model and evaluation
settings and show it has comparable performance in terms of log-average miss rate.

3.2 Related Work

Pedestrian detection is a special case of more general object detection. Investigation in this
area has produced a wide range of solutions and a number of benchmark datasets, including
CaltechUSA, KITTI [37] and ETH [28] among others. CaltechUISA has a reasonably large
set of images and a large number of solutions have been evaluated on it. These solutions
include variants of Viola & Jones [78], HOG [20], deformable part models (DPM) [31] and
various types of neural networks including ConvNets [6]. While the non ConvNet variants
have steadily improved over time, it is the ConvNet-based solutions we are interested in due
to their repeating, general structure and operations which can be trained easily end-to-end
and consistently achieve state-of-the-art performance.

A number of variants for this task which use a ConvNet as a starting point have been
proposed, including Region-based ConvNets (or RCNNs) by Girshick et al. [39] and FCNs,
which focus on semantic segmentation, popularized by Long et al. [71] (including variants
such as R-FCNs which focus on object detection). The RCNN strategy is to identify regions
of interest as a starting point for applying a ConvNet. Faster and more computationally
efficient variants are available, such as FastRCNN [10] and FasterRCNN [91], which share
the computation time for proposed regions. Overall, these approaches can be slow without
powerful GPUs. To address the speed shortcoming, newer approaches such and YOLO
(You Only Look Once) [88] have been proposed which combine classification and region
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proposals into a single stage while estimating bounding boxes. While these approaches are
impressive, they are extremely difficult to run within our target platform constraints. This
necessitates a re-think of the type of detections we should consider.

While region proposal based approaches have shown good performance on CaltechUSA,
to save computations, we can avoid having to estimate the exact pixelwise locations of
bounding box corners and instead have a cluster of activation groups to indicate the ap-
proximate extent of a pedestrian (while using a bare minimum of parameters to do so).
Thus instead of estimation of bounding box corners or single pixel labeling, we focus on
a coarser grid-based level where a gridbox in the grid being "on" indicates a pedestrian
feature is present within that gridbox.

DepthConcat

Ay Conv 1x1 Ay Conv 3x3

~

dx Conv 1x1

]

Figure 3.1: A fire module used to construct a SqueezeNet network. The squeeze layer is
meant to show 4 FMs which each use 1x1 convolutional filters. The expand layer has 4
FMs which use 3x3 filters and 4 which use 1x1 filters

3.3 Method Description

3.3.1 Network Structure

SqueezeNet is a small ConvNet architecture (building block shown in Figure 3.1) that
was designed to emphasize small model size while retaining classification accuracy relative
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to popular ConvNet architectures like AlexNet [53]. It is able to do this by following 3
strategies which have either been shown experimentally to work well or work to prevent
an explosion of parameters:

1. Placing an emphasis on 1x1 convolutions
2. Restricting the number of input channels to filters larger than 1x1

3. Delayed down-sampling throughout the network

The first 2 strategies are mainly aimed at parameter reduction. By keeping the number
of feature maps in squeeze layers small, and with only 1x1 convolutions, strategy 1 and 2
are achieved by saving parameters and by supplying only a small number of channels to
the 3x3 "expand" feature maps. Thus as we propagate through consecutive fire modules
we're repeatedly squeezing the previous modules (expand layer, fireN) feature map output
through a small number of feature maps (squeeze layer, fireN+1), followed by a larger
number of feature maps (expand layer, fireN+1). Strategy 3 is based on observations
made in prior experimental results [18], which attempts to keep feature maps relatively
large (to the input) in an attempt to learn better features. The intuition is that this
should give higher accuracy (albeit at higher computational cost and runtime memory
footprint). Since fire modules don’t decrease the size of their input, repeated propagations
through multiple fire modules mean the input is not down-sampled, in the process helping
to fulfill strategy 3.

Although SqueezeNet is amenable to compression techniques (pruning, deep compres-
sion [43]), we do not investigate this option due to the already small footprint of the net-
work and the overhead introduced in some of these approaches. A summary of the network
parameters is shown in Table 3.1, inspired by a similar table in the original SqueezeNet
publication. Note the feature map dimensions are slightly different in our TensorFlow im-
plementation than in the reference Caffe model. We use SqueezeNet 1.1 as the base model,
pre-trained on the ImageNet 2012 dataset [22]. This model is an extension of v1.0, achiev-
ing almost identical performance on ImageNet while reducing the number of computations
by 2.4x through a small re-organization of the original model. A summary of the required
MAC operations at each layer is shown in Table 3.1.

We remove the conv10 layer entirely, since it was found this does not impact the per-
formance of model to the target task. In the process we save 500k parameters, leaving
722.5k. After the addition of our partially connected layer we have just under 810k pa-
rameters or a model about 3.237MB in size. The addition of batch normalization (BN)
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Layer | Layer Size | Filter Size Num.
Name | (HxWxC) | / Stride slxl | elxl | edx3 Params MACs
Input | 227x227x3 /
convl | 113x113x64 3x3/2 1792 | 22064832
pooll | 56x56x64 3x3/2 /
fire2 | 56x56x128 16 64 64 11408 | 35323904
fire3 | 56x56x128 16 64 64 12432 | 38535168
pool3 | 27x27x128 3x3/2 /
fired | 27x27x128 32 | 128 | 128 | 45344 | 32845824
fired | 27x27x256 32 | 128 | 128 | 49440 | 35831808
pool5 | 13x13x256 3x3/2 /
fire6 | 13x13x384 48 | 192 | 192 | 104880 | 17651712
fire7 | 13x13x384 48 | 192 | 192 | 111024 | 18690048
fire8 | 13x13x512 64 | 256 | 256 | 188992 | 31842304
fire9 | 13x13x512 64 | 256 | 256 | 197184 | 33226752
hm0 | 13x13x512 | 1x1x512 86697 86528

Total Parameters | 809193

Total Size (MB) 3.237

Total MACs 266.1M

Table 3.1: Summary of network parameters

after fire9 introduces 2 parameters for each output in fire9, resulting in 810,217 parameters
(a final size of 3.24MB). The choice of base model is open and is not mandated by our
approach. The only other change we investigate to the base SqueezeNet model is swapping
the ReLLU units after each convolutional layer to exponential ReLLU units, which decay
exponentially when the argument is less than 0, but found no noticeable effect to ReLLU’s.

Our primary goal is similar to SqueezeNet, which is to maintain a small number of
parameters, while obtaining a coarse estimate of pedestrian location and size. A standard
way to do this would be to introduce a fully connected layer that has the same width and
height as fire9, allowing an estimate of the presence/absence of a pedestrian at each pixel of
the FM. However fully connected layers, while much less computationally burdensome than
convolutional layers, are generally wasteful in terms of storage. State of the art networks
which have large fully connected layers can usually be pruned of about 90% or more of
their parameters [13]. In addition, unless the scale of the pedestrian is large enough to
fill a large portion of the fire9 activations (the pedestrian is too close), our intuition is
to keep the number of connections across the width and height of fire9 small and instead
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focus on the depth dimension in fire9. The output of the partially connected layer can
(but doesn’t need to) match the height and width of the convolutional layer (given by H
and W respectively) it is connected to, connecting only across the depth dimension (D).
For a convolutional layer, each activation Ay,q can be indexed by (h,w,d) where each is in
a range from 0 to H, W, D respectively.

For an output in the heatmap layer, (h,w), its input is computed as:

D—-1

Z Whiwd * Anwd + Ohw (3.1)

d=0

The number of parameters is reduced from H*W*(H*W*D-+-1) to H*W*(D+1). That
means only 86,528 additional parameters for this layer in our case.

fire9

Height (13
ght (13) Output Heatmap

Height (13)

Depth (512)

Width (13)

Figure 3.2: Connectivity along the depth dimension between fire9 and the output layer

This scheme is essentially performing a weighted voting along the depth dimension,
for every pixel in the partially connected layer (Figure 3.2). We could ask why we would
want to have different weight sets for voting at each output pixel instead of applying the
same set of weights (essentially a kind of depth convolution). Taking this further, majority
pooling could be performed which will activate an output if a majority of the inputs are
"on" (using some fixed threshold) saving even more weights. The benefit of having only
one set of weights is tested by experiment but we leave examining more complex pooling
operations (such as rank-pooling) for future work.
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We add dropout between the fire9 and heatmap layers, although we investigate its
placement at other locations within the SN network, and experiment with various dropout
rates <= 50%. The effect of BN after fire9 is also investigated, including placement before
or after the dropout layer. At the output layer, we use tanh as our activation function
although we did experiment with exponential linear units (ELU’s) at the output layer but
were not able to obtain consistent or comparable performance. Preliminary experiments
using the output of layers upstream of fire9, followed by a heatmap layer, have shown a
decrease in performance although the extent has not been fully investigated. For example,
it may be possible to further trim the network depth while remaining close to the reference
performance level when using the fire9 layer.

3.3.2 Data Generation

Figure 3.3: A grid overlaid on an image patch with ground truth bounding boxes shown
(left) and the resulting target gridboxes after using a 50% threshold (original image from

[26])

For generating the training dataset we overlay a set of 227x227 pixel patches over 640x480
pixel images. Each overlay has a 13x13 box grid embedded inside. To make the 13x13
box grid fit neatly we discard 3 columns of pixels on the left and right sides of the image
(resulting in 17x17 pixel gridboxes). A ground truth bounding box, when intersected
with the grid in a patch will intersect with a set of gridboxes, S. We leave the intersection
percentage between the gridbox and the ground truth bounding box as a tunable parameter
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when generating our dataset. We experiment with values in the range of 35% to 75%. An
example of an overlaid grid with ground truth bounding boxes is shown in Figure 3.3. The
adjacent image shows the resulting gridboxes which are deemed to be active after applying
a 50% threshold. Some bounding boxes, due to an insufficient overlap with gridboxes, do
not produce activations in Figure 3.3. The adjustment of this overlap is discussed as part
of the evaluation process in Section 3.3.4.

We experiment with various ways to overlay the 227x227 pixel input over the original
640x480 pixel images. The most important region of the input images is just above (~200
pixels from the top of the image) the horizontal centerline of the image as described in [24].
We focus on the following sampling regimes for our training data:

e Sample 3 227x227 pixel regions along the horizontal centerline.

e Sample 6 227x227 pixel regions, 3 along the centerline and 3 samples offset upwards
by % of the sampling region height

We allow one column of gridboxes to overlap when transitioning horizontally between
one grid to the next. An example of sampling for Case 1 is shown in Figure 3.4, with the
extent of the 3 regions overlaid (red, green and blue). When generating the evaluation
dataset, we follow the process detailed in [21], of generating samples every 30 frames
(starting with the 30th). We investigate a number of sampling schemes for building the
evaluation dataset and report performance for all:

e Sample 3 227x227 pixel regions along the horizontal centerline (sampling scheme
named "3pos")

e Sample 6 227x227 pixel regions, 3 horizontally spaced starting at the top left of the
image and 3 spaced similarly starting at (227,0) (named "6hilo")

e Sample 9 227x227 pixel regions, 3 along the horizontal centerline, 3 offset upwards
to (0,0) which places 3 sampling regions along the top of the image and 3 offset
downwards to (411,0) which places the last 3 regions along the bottom of the image
(named "9pos")
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Figure 3.4: Example of sampled regions for "3pos" (image from [26])

The first scheme focuses on our main area of interest along the horizontal centerline.
The second scheme attempts to cover as much of the image as possible starting along the
top and is closest to achieving unique coverage over the original 640x480 pixel image. The
third scheme attempts to maintain the horizontal centerline while also covering as much
of the image as possible.

3.3.3 Training Procedure

We use an L2 loss function to train our network. Although we experiment with L2 regular-
ization, we found that skipping it generally produces better performing networks. During
training, we apply exponential averaging to the network weights and to the computed loss,
using rates of 0.9999 and 0.9 respectively. We experimented with a number of optimizers,
including vanilla gradient descent, Adam, Adagrad and RMSProp. Overall, we found RM-
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SProp to work best (in terms of resulting performance and also for speed of convergence)
and most consistently.

3.3.4 Evaluation

The evaluation scheme for the Caltech Pedestrians dataset is extensive but focuses on
bounding boxes as the unit of measure for the extent of pedestrians. Although our approach
specifically foregos bounding box estimation, we still want to estimate our performance
relative to other approaches applied to this dataset.

To do this we use the ground truth bounding boxes for an input image and, with the
output from the heatmap layer, perform a voting procedure to estimate the bounding box
predictions. This process allows us to estimate the true positive (TP), false negative (FN)
and false positive (FP) rates for pedestrian detection, which then allows us to estimate the
Log Average Miss Rate (LAMR) of our method. The log average miss rate is a measure of
miss rate (false negative rate or "1 - recall") versus the false positives per image (FPPI)
over a range of FPPI values (evenly spaced in the log domain between 0.01 and 1). This
scale is meant to emphasize small rates of false positives and the overall metric is meant to
be used in cases where FPs have an upper limit regardless of how many objects are present
in the scene [21]. To obtain a set of miss rate values, we apply a range of thresholds over
the range [-1, 1| to our output layer.

By introducing a number of parameters to control this estimation, we can obtain a kind
of performance envelope with the 2 extremes corresponding to a difficult evaluation and
an easy one. These parameters include:

e Popp: The percentage overlap between a gridbox and a ground truth bounding box

e P,or: Percentage of gridboxes belonging to a ground truth bounding box which must
be on to consider the bounding box detected

e Binprv: Whether to count activations not within ground truth bounding boxes
individually or to use 8-way connected components

e Bocc: Whether to use the full bounding boxes or the unoccluded portion of each for
the ground truth

e Bia: Whether to use "ignore" ground truth bounding boxes which fulfill certain
criteria, including a minimum height of 20px for ground truth bounding boxes, fil-
tering "people" and "person?" annotations and ignoring bounding boxes truncated
by image boundaries.
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Ideally, the most difficult parameter setting should yield performance comparable to
the best performers on the Caltech benchmark. The evaluation process proceeds as follows
(illustrated with concrete dimensions for clarity). For each desired activation threshold at
the output layer, T' € [—1, 1], and the next 640x480 pixel input image, I:

Extract the desired set of 227x227 grid overlays from I, as in Figure 3.4, to get a set
of overlay regions, R.

For each overlay region, Ry, remap the ground truth bounding boxes in I relative to
each overlay region. This produces a set of bounding boxes, GT'B By, for each overlay
region.

Intersect the 13x13 grid in each overlay region with the remapped ground truth
bounding boxes. Keep the gridboxes whose percent overlap with each ground truth
bounding box exceeds Popp. These are the ground truth target gridboxes, GTTGy, ,,,
and each overlay, k, will have some number of sets of resulting target gridboxes (one
set for each bounding box in GT BBy) whose number we index as a single "n" here
for simplicity.

If B;g is "on", the bounding boxes which don’t satisfy the mentioned criteria and
are meant to be ignored have their target gridboxes computed in a similar manner
and are aggregated into a set, GTIG. Otherwise we leave GTIG empty.

For each overlay region, k, apply the current threshold T to our network output to
produce a set of gridboxes of where pedestrians are predicted to be. Call this set,

ACT,.

For each overlay, k, iterate each set of target gridboxes in GTTG,, and compute
the set intersection with ACT}. This is computing which gridboxes for each ground
truth bounding box are predicted "on" by our network. If the percentage is greater
then Pycr we count this as a TP. Otherwise it is a FN. Remove the current set of
target gridboxes from ACT),.

The remaining gridboxes in ACTy, are those for which our network activated but
were not in a target bounding box. We remove entries from this set which are in
GTIG to yield ACT2j. These are all of the gridboxes which the network activated
for that were either incorrect predictions or were in an ignore region.

If counting individual entries (Byypry is "on"), the size of set ACT2;, is the number
of FP’s otherwise we use connected components to group the activations and count
the number of components as the number of FPs.
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Note that after removing each set of target gridboxes, G1'T'Gy,,, from ACT}, in step
6, we may be left with a number of gridbox activations along the perimeter of the ground
truth bounding box. The more our model confines its output to each bounding box region
the less of a problem this kind of overestimating of pedestrian location will be. How much
of an impact this has can be controlled by whether connected components are used or by
controlling P4cr; both when performing the evaluation and also when we are generating the
training data and determining the target activations for an input image. As our approach
is not meant to distinguish between occluded and unoccluded pedestrians, we must be
careful when comparing the result to the benchmark. This is because the evaluation is
based on the full bounding boxes and not just the unoccluded portions. To be fair we
evaluate performance on both sets of bounding boxes (using the Bpcc parameter) and
show a small performance difference between the 2 cases.

3.4 Experimental Results

3.4.1 Runtime Performance

This section details the run-time evaluation we performed on our models. We use Tensor-
Flow [I] for our model training and benchmark our model on 3 different systems, one of
which is an embedded architecture:

e A laptop with an i3-6100U @ 2.3GHz, 16GB of RAM and a Samsung 850 EVO SSD

e A desktop with an i7-4790 @ 3.6GHz, 24GB of RAM, a GTX Titan X and a Samsung
850 EVO SSD

e S32V234 automotive processor

The S32V234 is a high-performance, ultra low power, automotive grade processor which
supports a range of applications in vision and sensor fusion. It includes Quad ARM Cortex-
A53 cores @ 1GHz, 4MB of on chip system RAM, 3D GPU and Dual APEX-2 image
cognition processor cores. We evaluate and report the overall frame-rate of our model on
the APEX-2 processors. In Table 3.2, we give the observed performance on the laptop
and desktop when forward propagating 3 samples (from the "3pos" sampling scheme)
which is effectively a 681x227 pixel input region. Note that there is overhead in our
unoptimized implementation. As such we show both the raw frames/sec which is the time
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for forward propagating the 681x227 pixel region through our full network and also the
full frames/sec which include overhead processing time of extracting and preparing frames

and other overhead of the processing code.

Dual
Laptop | Desktop APEX.2
Time (ms) / 3 patches | 96.4 4.9 /
Raw Frames / sec 10.3 205 /
Time (ms) / frame 115.1 13.8 33
Full Frames / sec 8.6 72.4 30

Table 3.2: Summary of performance across hardware, including time per patch group &
time per frame (to distinguish processing overhead and batch effect speedups) as well a
frames per second

When evaluating the "3pos" scheme, with a non BN network, on the APEX-2 processor,
we observe a frame rate of 15FPS on one processor and 30FPS on both processors. The
addition of BN is expected to have a negligible impact on performance, allowing for the
same framerate. For our application, the entire S32V234 SoC requires about 2W with
approximately 800mW for both APEX processor cores. This power is achieved because all
ConvNet inference computations are performed by the APEX processors at 30 FPS, with
minimum control by the ARM core, and the GPU is not in use in this case.

With regard to automotive safety, the current implementation is not "aliasing" any
intermediate tensor buffers. For processing a single patch, the overall required memory is
1.86 MiB which fits into the 4 MiB SRAM of on-chip memory. We note the APEX vector
processing unit usage is 86%. Our GPU implementation was tested with 32-bit floating
point weights and activations while our S32V234 implementation was quantized to 8-bit
for everything (input, output and weights) except the tanh activations which were left as
floating-point. If the desired threshold is small enough, the tanh could be substituted with
a linear approximation allowing it to be 8-bit as well.

3.4.2 Detection Performance
Our target reference point is around 65% LAMR, putting us in the middle of the "Overall"
benchmark on the Caltech Testing data as shown in Figure 3.5. This includes, for example,

RPN+BF at a LAMR of 65% which is a region proposal network followed by a boosted
forest. Although our approach is not yet able to match the performance of SA-FastRCNN
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(a scale aware fast-RCNN) at 63% [65] and MS-CNN (multi-scale ConvNet) at 61% [11],
we note that these approaches rely on significantly larger models with orders of magnitude
more parameters and framerates lower by several multiples.

In general we found that increasing the dropout rate (we experimented with 0-50%)
mainly helps as we began to sample positive and negative frames more frequently to build
the training dataset (positive frames <= every 5th frame and negative frames <= every
10th frame). This makes sense as an increase in data redundancy should be helped by
a larger dropout rate. However, in general the performance when oversampling in this
manner was generally poor regardless of whether BN was used or not. The effects of large
batch sizes were observed to be negative. Going up from 32 samples per batch generally
meant a small increase in training time while increasing batch sizes beyond 64 (up to 128)
meant increasing the time to convergence and decreasing the performance of the best model
achieved by about 8%.

Without BN, the training is sensitive to class imbalance between positive and negative
frames. The number of negative frames in this case should be about 1/2 to 2/3 of the
number of positive frames. This may have to do with the large number of target gridboxes
which end up being off with increasing numbers of negative frames. We don’t observe this
class imbalance issue when using BN. When using shared weights at the partially connected
layer, the best network was found to be just over 1% higher LAMR than the best network
trained without shared weights.
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Figure 3.5: Top 13 (+ VJ and HOG) Results on the "Overall" Caltech Pedestrian Testing
Dataset. Graph generated using visualization code and select available data [23] [27]

We generally found training to be fast, requiring no more than 10 epochs to converge
(training time of 10-20min) when using 45K 227x227 pixel training patches. In general,
the training time when using BN was 3-5X faster than without, also allowing for a wider
set of learning schedules to be used. We observe the performance curve shown in Figure 3.6
when running a batch normalized network on the test set, trained using:

e A dropout rate of 40

e A dataset generated using a positive frame sample delay of 6 frames, a negative
frame delay of 20 (sampling scheme 2 for training data) and a 50% Pppp value when
generating the data

e An exponential learning rate of 0.02 decayed at 0.9 every epoch
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e Using the full ground truth bounding boxes (instead of taking the unoccluded sub-
regions) as our target

e Sampling scheme "6hilo"

We can see in both cases, as we restrict Pogp to be larger, a smaller number of gridboxes
cover the perimeter of the ground truth bounding boxes. Note that switching to the
unoccluded subregions of ground truth bounding boxes as the target results in a decrease
of the LAMR by 0.01 for each Pogp value. Thus using the harder case of full bounding
boxes does not have much impact on performance. For Popp=2/3, with B;yprv set
to True, we have a LAMR of 0.712. In general, decreasing Pscr below 50% gives an
increasing boost in performance. For example, decreasing to 35% for the same network
with Popp=2/3 and Bryprv on (original LAMR of 0.721) gives a LAMR of 0.7009 while
at 25% it is 0.6764. We aim to keep this threshold at 50% in the spirit of the evaluation
benchmark. When using the 3pos or 9pos sampling schemes, at Popp=2/3 (Binpry on)
we see a LAMR value of 0.7281 and 0.7238 respectively. A performance curve is shown in
Figure 3.7 for Popp=2/3 and Byypry on.

We show some examples in Figures 3.8, 3.9 and 3.10, including results for the test
dataset and a frame from the (unseen) ETH dataset for sequence LOEWENPLATZ [29].
Note the variation in scale which seems to be captured quite well. Overall, we notice
consistent performance in negative regions of the image, showing non pedestrian patterns
are captured well. We do notice some moderate difficulty in regions such as trees or at
the edges of cars (where people getting out of cars tend to be). The blue region is the
sampling region generated by the "3pos" sampling scheme and the red boxes are the active
gridboxes which have detected a pedestrian.

3.4.3 Conclusion

In this chapter, we introduce an extension to the SqueezeNet architecture for performing
coarse pedestrian detection. This extension uses partially connected neurons to mimic a
weighted voting scheme for the location of pedestrians, resulting in a kind of heatmap
of their location. In the process, we end up with a small 3.24MB model which can run
in real-time at 30FPS on an automotive processor operating within a 2W envelope. The
performance of the model is comparable to state of the art models on the Caltech pedestrian
testing dataset.
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tom/red line) for sampling scheme "6hilo"
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Figure 3.8: Sampled frame from the Caltech-USA testing dataset [20], including ground
truth boxes (green) and predictions (red). This frames shows an occluded pedestrian
at long range and an over-estimation that occurs due to the approximation of arbitrary
bounding box sizes with fixed size gridboxes.
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Figure 3.9: Sampled frame from the Caltech-USA testing dataset [20], including ground
truth boxes (green) and predictions (red). This frame shows a long range detection at the
approximate targeted visibility distance for which the 13x13 grid was selected for.
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Figure 3.10: Sampled detection results for a frame from an out of sample dataset ETH
LOEWENPLATZ [29]. A busy scene, in a different season, with lots of background (very
far) pedestrians (missed) and intermediate & short range pedestrians (detected).
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Chapter 4

PointPillars Slim: Fast 3D Object
Detection

In this chapter, we present a novel adaptation of the PointPillars architecture that reduces
the computational complexity (GFLOPs) of the original model and its parameter count
by around an order of magnitude, while maintaining almost the same level of performance.
Experimental results on the KITTT validation set indicate our model outperforms compet-
ing models for the same task while being drastically faster on embedded hardware, even to
the degree that our model can run on an embedded system (the Jetson AGX Xavier) faster
than some of the other models can on a desktop GPU. Experimental results are obtained
on the KITTT dataset which, even though it has been supplanted by larger datasets, is still
useful when training on limited capacity GPUs. It is important to note that none of the
optimizations in this chapter involve the use of post-training optimizations that can gener-
ally be applied to any ConvNet (for example TensorRT or quantization). Such approaches
are expected to further boost our models computational speed.

4.1 Introduction

Object detection on 3D point clouds has become a cornerstone task in areas such as au-
tonomous driving and robotic navigation. This application has been aided by the rapid
development of LiDAR sensors and a reduction in their cost, where their capabilities in
quickly and accurately obtaining a scan of the surrounding environment means they can
be effectively paired with low cost embedded systems for achieving object detection. This

79



development has in turn driven the need, and helped the development, of high performing
object detection models that can run on limited power embedded systems.

Models such as VoxelNet [119], SECOND [116], PointRCNN [99] and PV-RCNN [9§]
represent competing architecture types to the PointPillars architecture, which has proven
to be one of the leading solutions, providing an adept blend of detection capability and
efficiency. Nevertheless, deploying PointPillars in real-world, resource-constrained envi-
ronments requires further optimization in terms of computational demand and model size,
and some existing extensions to PointPillars misidentify the necessary modifications to the
model in order to do that. This chapter introduces a modified versions of PointPillars,
which addresses these concerns without compromising detection performance. We demon-
strate how a modification of the encoder stage & a reduction in network depth allows
for a wide adjustment of the input grid resolution. These adjustments allow the network
complexity to be reduced drastically and when combined with necessary training optimiza-
tions, allow for drastic reductions in GFLOPs and parameters, making the architecture
much more suitable for deployment on embedded systems and for real-time applications.
We show with our modifications that we can exceed the performance of directly competing
models on the KITTI Car and the more difficult Cyclist classes.

4.2 Related Work

The field of object detection from 3D point clouds has seen a multitude of advancements,
with methods often leveraging the rich geometric and spatial information contained within
LiDAR data. VoxelNet is a 3D convolution based model with a reliance on 3D convolutions
that leads to high computational costs. Compared to PointPillars, which eliminates the
need for computationally expensive 3D convolutions by projecting features into a 2D plane,
VoxelNet is more computationally heavy and less efficient. SECOND |[116] improves on
VoxelNet using a sparse convolution operator, reducing computation while maintaining
the benefits of 3D convolutions. The use of sparse convolutions does increase complexity,
and sacrifices speed. PointRCNN uses a different approach with a two-stage architecture
similar to a traditional RCNN framework but adapted for point clouds. A first stage
generates candidate object proposals directly from the raw point cloud, and the second
stage performs the final bounding box regression. While PointRCNN offers high accuracy,
its two-stage mechanism inherently involves more complexity and computational load. This
makes PointRCNN less suitable for applications requiring real-time inference. PV-RCNN
combines the advantages of voxel-based and point-based approaches by utilizing a Point-
Voxel Feature Set Abstraction (PVSA) layer. The method shows significant improvements
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in detection performance but with increased complexity (high FLOP counts and larger
number of model parameters) due to using both voxel features and raw point features. SA-
SSD [15] is a Structure Aware SSD modification that incorporates structural information of
objects into the learning process. This comes in the form of auxiliary blocks of convolutional
layers that are added to the network to help the it focus on learning parts of object shapes.
The auxilliary part is necessary to guide the training to a "better" location in the weight
space of the actual model but is not required for inference. However the initial network
stages still rely on a complex and expensive sparse 3D convolution. Finally, RAD [3] and
FA3D [21] are very similar approaches to PointPillars that focus on speeding up the model.
Point cloud occupancies are scattered to a similar representation to PointPillars but the
point cloud space is quantized using an occupancy cuboid with 2 separate resolutions in the
horizontal direction and a vertical subdivision (instead of a single pillar) while also using
2D convolutions for the backbone. Upsampling is performed at similar branch points (to
PointPillars) with a regression and classification head that uses class averages as anchors
for the regression. The published results of these models on the Xavier AGX platform and
the close similarity to the PointPillars model mean they can be directly compared to our
model (on the same hardware).

4.3 PointPillars Architecture

The original PointPillars architecture is shown in Figure 4.1. It’s novelty relative to previ-
ous work was the elimination of dense 3D voxels (where most voxels would be empty of any
cloud points) through the definition of "pillars", the elimination of hand crafted features
to encode point cloud data and the use of a 2D detector (possible due to the "pillar" rep-
resentation) without special convolutional operations (such as SECOND) for the detection
stage. This architecture can be broken down into 3 broad stages, listed below in the order
they are executed in (overall execution flow visualized in Figure 4.1):

e Feature Encoder: This stage encodes the raw point cloud into a form usable by
the feature extractor stage

Voxelization: This stage uses a target grid size (HxW) and a 2D grid box size
in physical dimensions to group the points in the input cloud. Grid boxes are 2D
because they’re pillars (not voxels) meaning they can be viewed as a rectangle in the
BEV. Each pillar can have at most N cloud points (additional points are discarded).
At most P pillars are allowed (additional pillars will be discarded). All dimensions
are zero padded (points per pillar and pillars).
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PointNet Encoding: The PointNet generates a single, encoded, multi-dimensional
feature per pillar. When the original point cloud is grouped into pillars, a pillar can
have many points within it all having 4 features (3D position and reflectance). The
encoder converts the many points into a single higher dimensional "point" for each
non empty pillar.

Backbone: This stage is the bulk of the ConvNet and scatters the encoded features
back to their original grid square positions but now into a feature map which has
enough channels (C channels in total) to receive the encoded feature. This is also
called a pseudo-image since it is essentially a BEV view of the PointNet encoded
features. The remaining convolutional layers then perform the feature extraction
needed by the subsequent detection head to classify and localize objects. Feature
maps are added deeper into the network as spatial resolution decreases. At specific
branch points, upsampling is performed using transpose convolutions so that the
feature maps from each branch are the same H/2 x W/2 size.

Detection Head: The detection head applies SSD to extracted features from the
backbone to predict 3D bounding boxes. This stage includes the Non-Max Suppres-
sion stage that selects the final network predictions.
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Figure 4.1: PointPillars architecture

If we assume the KITTI LiDAR coordinate frame (described in Section 2.5.2) (+X:
Fwd, +Y: Left, +Z: Up) then we can define pillar dimensions Py, Py, Py that tile over
the physical range (for the purposes of this thesis all physical dimensions are in meters)
defined by the cartesian product of:

[XminaXmaz‘] X [Yminaymax] X [Zszw Zmax] (41)

These physical bounds define a 3D volume given by a respective width (meters) x length
(meters) x height (meters) of [X,nae — Xonin] X [Yinar — Yimin] X [Zmaz — Zmin), With points
outside this volume clipped/thrown away. Note that since our voxels are actually pillars
we have Dimy = Z’””P—_Z"“'” = 1, where Dimy is the number of grid positions along the
vertical direction/the direction orthogonal to the BEV; hence the term pillar as a special
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case of a voxel. Also note the ground plane of the scene and objects themselves need
not align with Z = 0. Indeed the terrain in the general case may be far from a plane as
well. The LiDAR sensor itself is considered the origin for the LIDAR coordinate frame and
is about 1.73 meters above the ground (so the ground at the origin is approximately at
Z =-1.73).

The dimensions of the grid as seen from the BEV are defined as shown in Equation (4.2).
The number of grid squares is 1 in the direction orthogonal to the BEV grid, hence the
more specific term pillars instead of voxels.

W = Xma:c - szn : o= Ymam - szn (42)
Py

The origin of this grid as viewed from the LiDAR frame is the back and right-most
position in the volume. In the KITTI 3D Object Detection dataset, all GT objects are
located within the view frustum of the camera. Since the LiDAR and camera frames are
quite similar that means the bounds for Equation (4.1) are typically defined similar to [0,
70| x [-40, 40] x [-3, 3], where X,,;, is 0. Depending on the farthest expected distance one
expects to see the classes of interest, the bounds can be set smaller or larger (the LiDAR
sensor may not be able to "see" the objects/classes of interest beyond a certain point).
The grid resolution [Px, Py| is a user-defined parameter that has a sizable impact on the
number of FLOPs performed by the network and needs to be set with this consideration
as well as the density of points the LiDAR sensor will produce (a sensor with fewer scan
lines means having a dense grid is wasteful). The pillar construction means we can view
this 3D detection problem in the context of a 2D detection problem, allowing us to use 2D
detectors (with extra parameters to predict the vertical dimension).

An Mx4 dimension real-valued tensor is used as input to the network with the first
dimension (M) representing the number of points in the input point cloud and the second
dimension (4) representing the 3 spatial dimensions and reflectance value of the corre-
sponding point. The voxelization portion of the first stage converts the Mx4 point cloud
tensor into a PxNx4 tensor where P is the number of pillars and N is the number of points
per pillar. Here the number of pillars and points per pillar are user set parameters that
control for complexity and must be set based on the characteristics of the LiDAR sensor
(point density) and desired model complexity. The tensor is zero padded such that missing
values have no impact. Additional features are added for each point in a pillar such as the
3D distance of each point from the pillar mean as well as the 2D distance from the pillar
center (in the BEV); a total of 5 more features.

The PointNet encoder at the input of the network takes this updated PxNx9 tensor
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and applies the encoder, which is essentially just FC layers that in their last layer has C
channels, followed by a max-pooling operation. The max-pooling operation is performed
over the second dimension (N), leaving P pillars each having a C dimensional feature vector.
Each pillar has a corresponding physical location, so the C dimensional feature vectors are
scattered back to those locations in the pseudo-image. This image is the input to the
backbone network. The backbone is applied to the pseudo-image and at specific locations,
the feature maps are taken and upsampled using a transpose convolution to common
dimensions to allow concatenation. This allows detection at the finer scale needed for
higher IOUs of predictions with the GT since with a larger feature map you have more box
predictions per region at a finer scale of prediction (double the resolution in each dimension
when a 2x upscaling is used).

The final stage in the network for PointPillars uses SSD as described in Section 2.3.1
but will be explained in detail below in the context of PointPillars. From Figure 4.1 we see
the height and width of the feature maps at the head will typically be half the resolution
of the input, but the number of channels is controlled in a specific way. The number of
feature maps devoted to classification is actually a sum of "classification feature maps" F
which are for predicting the probability of an object at a particular anchor and "directional
classification feature maps" Fp which are a subdivision of arc from 360 degrees in the BEV
that coarsely bin the object yaw angle:

FMclassification - FC + FD - Nanchors * Nclasses + Nanchors * Ddir (43)

Here N_jusses is the number of ground truth classes while Ny, cnors is the number of anchor
boxes located at each position in the feature maps. Dy, is the number of directional bins
to use per anchor, in a class agnostic way. In the case of PointPillars, 2 directional bins are
used, so the classifier computes the probability that the object yaw coarsely falls within
one of two bins each covering 180 degrees of arc. The fine grained adjustment described
below in Equation (4.4g) is then added to the center of the bin with higher probability to
create the final prediction.

Each class has a set of anchor boxes, usually defined based on the average dimension
of 3D boxes for that class on the training set. For example, we can compute the average
box size in KITTTI for the classes we're interested in:
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Class Average Size (meters)
Car 3.88 x 1.53 x 1.63
Cyclist 1.76 x 1.74 x 0.6
Pedestrian 0.84 x 1.76 x 0.66

Table 4.1: Summary of Average KITTI Box Sizes (LHW ordering based on Figure 2.23)

An anchor of a particular size is tiled across the entire grid, but the centers of the
anchor can be anywhere. However generally, they’re placed centered at each pillar center
for simplicity (since we want each anchor to make predictions spatially "close" to itself).
Note how the anchor dimensions used can be much larger than the pillar dimensions (this
depends on the class) but selecting the average dimensions should work well because the
feature maps are actually predicting a difference between selected anchors and the ground
truth boxes in the scene; the raw output of the regression feature maps is an "encoded"
representation of the true prediction, which needs to be decoded to obtain the actually
predicted parameter values. There are various encoding/decoding schemes, however the
one used by PointPillars is as follows, with the following assumptions for the groups of
equations 4.4 and 4.5:

A particular class ¢ of the set of classes being predicted for

Anchor k for class ¢. Each class can have a different number of anchors.

dhe = \/(l{,f’c)2 + (wk©)? is a term describing the combination of length (I,) and width
(w,) of anchor k for class c¢. The anchor height is h,,.

The remaining regression features are the box position (x, y, z) in the LiDAR frame
and its yaw angle 6

(), each feature of the raw feature map predictions (decoding) or the expected feature
map activation from a ground truth (encoding)

()a each feature of the decoded predictions or, during encoding, each feature of the
encoded anchors

()a as the anchor parameters

The equations to decode the activations of the feature maps in the detection head are

then:

86



x’;’c = d’;c * x’;’c 4 ke (4.4a)
S = e ()
ZS’C = hhe « z}’;’c 4 e (4.4c)
ke = heel” (4.4d)
wh = wheenr” (4.4e)
hs,c — hl;,cehz’c (44f)

k.c _ pk.c k,c
0,¢ =0+ 0, (4.4g)
(4.4h)

When a ground truth box is placed at a certain location, its information for the loss
computation at the detection head can be encoded by the equations:

k,c c
phe = T~ T (4.5a)
p d§7c .
k,c k.c
c Yy — Y
ylg’ = 2d T (4.5b)
k,c c
e — Zd_— & (4.5¢)
p o hk,C .
N lk,c
L° = log(l%) (4.5d)
,LZlmc
w]lj’c = log( Zvc) (4.5¢)
ke
iy = log(1i2) (4.51)
k,c _ pk,c k,c
9p = 99 -0, (4.5g)

The 2 angles typically used for anchor regression are 0 & 7 rad since the most common
yaw angles observed in driving scenarios tend to be of cars in lanes going in the same

87



or incoming direction (without accounting for front/back, both are a box in the KITTI
LiDAR frame rotated by 7) and vehicles at crossings/intersections where vehicles boxes
would be rotated by 0 or 7 degrees. After box predictions are decoded, the highest scoring
M predictions having a minimum threshold are grouped and NMS is applied to prune
overlapping, redundant predictions.

During the training phase, the predictions don’t need to be decoded. Instead, the
ground truth 3D boxes need to be encoded relative to the anchors so the loss computations
can proceed. To perform this encoding, the anchors for a class must be matched to its
ground truth boxes using the IOU between them as a similarity measure. A minimum IOU
is required to consider a match as positive. Its not uncommon to have multiple anchors
matching to a single ground truth box since anchors are so dense (each grid box/feature
map position is the location of one or more anchors). For PointPillars, IOU is computed
using 2D boxes in the BEV (ignores box vertical position and height) and boxes are axis
aligned before comparison by finding the angle closest to the smallest possible integer
multiple of 7 rad. The IOU matching of ground truths to anchors are why statistics from
the training dataset are a good initialization for anchor sizes instead of random dimensions
or unrelated sizes. At the end of the matching process there will be 3 categories of labels
that can be assigned to an anchor:

e A positive label (1) indicating the anchor was matched to a ground truth box.

e A negative label (0) indicating no match of an anchor to a ground truth box. The
vast majority of these will be background.

e An ignore label (-1) indicating this anchor is ambiguous and we ignore it so as not
to introduce additional noise in the loss.

The labels assignment strategy can be summarized as follows, assuming 2 thresholds
Tratched A0A Tynmatehed With Thatehed > Tunmatchea- For a single class, all anchors with
either a max IOU with a GT box or with an IOU >= T, .tchea have their label set to 1
(foreground /positive anchor). All anchors whose IOU is below Ty nmatenea have their labels
set to 0 (negative anchor). All remaining (ambiguous) anchors have their labels set to -1
(ignore) since their status is ambiguous.

The assignment of labels raises the issue of imbalance between positive and negative
anchors. For regression this is more straightforward since only positive anchors are used for
loss computation (negative anchors have no ground truth box to regress to). This can still
introduce 'dominance’ of specific anchors or anchor groups, which may need additional
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balancing in the loss term. However, in practice the heavy reliance of PointPillars on
sampling augmentation helps mitigate this issue (omitting sampling augmentation drops
performance by 15-20% AP). This is because individual ground truths (as well as samples
inserted into a scene) not only get rotated, translated & scaled relative to their positions
in the scene, the scene itself is rotated, translated & scaled as well. To summarize, the loss
in the context of regression is focused on refining predictions given that we know there is
a higher chance that there is something at the location of an anchor (since it’s a positive
anchor). Classification, on the other hand, is focused on identifying whether a particular
anchor actually has a higher chance of having an object at that location. This is why
the classification loss is not focused only on positive anchors, using both the positive and
negative anchors that by default will be highly imbalanced, so it needs to leverage the focal
loss described in Equation (2.6). The values used in the focal loss are typically a = 0.25
and v = 2 and work quite well in practice. For example, with a typical PointPillars model
we would observe around 50-75 positive anchors and around 50000-75000 negative anchors
(an imbalance of about 1000 to 1), with no convergence issues. Note that this imbalance of
anchors is different from class imbalance, where we may want to have similar total numbers
of instances of each class in the scene.

4.4 Network Improvements

Method FPS Car 2D Car BEV Car 3D
mod | hard | mod | hard | mod | hard
PV-RCNN 12.5 | 94.47 | 92.28 | 91.11 | 88.93 | 84.43 | 82.69
SA-SSD 25 95.9 | 93.57 | 92.79 | 90.32 | 84.54 | 81.71
PointRCNN 10 1 91.99 | 89.93 | 88.01 | 86.1 | 78.83 | 77.58
SECOND 20 | 89.59 | 88.72 | 88.20 | 86.98 | 78.78 | 77.41

RAD 84 19194 | 89.34 | 88.21 | 85.70 | 75.8 | 72.65
FA3D D7.83 / / 88.1 | 85.49 | 75.47 | 71.97
PointPillars® | 50 | 89.43 | 88.26 | 88.31 | 86.96 | 77.65 | 75.56
PPslim 94 | 89.51 | 88.18 | 87.74 | 86.56 | 77.5 | 75.24

Table 4.2: Average Precision at IOU threshold of 0.7 for our method and comparison
methods on the Car class of the KITTI val dataset. We mark PointPillars with a * as this
is our best performing implementation of this model.

In Table 4.2 we compare the best models from the improvements presented in this
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chapter to reported results from the KITTI benchmark on the validation set. We don’t
currently have results on the test set since this requires a publication submission to allow
evaluation on the KITTT test set. The results show that substantially more complex models
(lower speeds) do bring an increase in performance however our approach does beat our
nearest direct competitor RAD in both speed and performance. The results we report for
PointPillars contains our own result for this model (in terms of speed and performance)
since experimentally it was difficult to replicate the best reported result on the Car class
(validation set). Nonetheless even with this slightly lower result, the baseline PointPillars
model and our modification still outperforms RAD by a noticeable margin while being on
par or significantly faster, respectively, in execution on an embedded platform.

4.4.1 Voxelization and Encoder Optimization

In this section, we show how a modification of the encoder structure can yield a reduction
in the total GFLOPs at this stage. When reducing the network complexity overall, we
want to ensure a high number of channels in the encoder stage to maintain a rich feature
encoding however we don’t want to maintain the corresponding increase in FLOPS. We
can achieve this by taking advantage of the max-pooling operation in the encoder, which
removes a large dimension from the input tensor (the number of points per pillar). If we
squeeze the number of features that are part of the input tensor by reducing the dimensions
of the FC layers before the encoder, then apply wider FC layers after the encoder (once
the large dimension has been eliminated), we show how we can drastically reduce encoder
complexity.

In the original PP model, the authors use a large 12k ceiling for the maximum number
of pillars at a 0.16m grid resolution. As we can see from Figure 4.2, if we plot for a
0.16m (p16) grid resolution the distribution of the number of voxels we expect to see
across the entire KITTT training dataset, this is not necessary. The maximum number we
expect to see is 9180. The large spike at the lower end represents a handful of sequences
of the reference vehicle, parked outside a building with very little change in occupancy.
As we decrease the grid resolution, we expect more LiDAR points to fit per pillar while
having less non-empty pillars/voxels (Table 4.3). This number is scanner dependent (the
Velodyne scanner produces ~1M points per second of which at most ~20.78k fall into the
view frustum) and may need to be accounted for if using a LiDAR sensor with a drastically
different point density other than the one the model was trained on. In our case we will
show experimentally that the model is not particularly sensitive to grid resolution (unlike
competing models like RAD), even while reducing the model complexity.
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Due to the construction of PointPillars, the voxel limitation is not necessarily an issue.
This is because the complexity of the model only scales with the number of occupied voxels
and not the number of points per voxel. The original tensor is zero initialized, meaning
if we initialize it to a size of (9000,100,4) with a maximum of 9000 voxels, 100 points per
voxel and 4 features per point. Any unfilled voxels or unfilled points per voxel will just
be ignored in the computations (only occupied voxels are used from the tensor) and the
encoder applies the max-pool operation along the second axis (points per voxel). The
feature maps in the backbone of the network have 1 location per grid square regardless of
how many points are in that grid square/pillar. This also means that drawing a random
cloud from the dataset to compute GFLOPs will generate a noisy estimate of the model
complexity since the number of cloud points varies between 12.8k and 20.78k and the
number of voxels will vary across the dataset. For our models we assume a maximum
of 9000 voxels for all models with coarser resolutions than 0.16 and assume the authors
original 12000 for any 0.16 models.

Grid (m) Max Max Mean Points | Sdev. Points Max %
Voxels | Points Per Voxel | Per Voxel Per Voxel | Occupied Voxels
0.16 9180 599 3.3 5.5 4.1
0.22 7159 795 4.4 8.1 6.1
0.24 6590 992 4.8 8.99 6.7
0.26 6135 856 5.2 9.9 7.3
0.28 5762 1174 5.64 10.8 8.1
0.32 5048 1235 6.48 12.72 9.1

Table 4.3: Comparison of grid size with voxel limits and statistics of points per voxel
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Distribution of frequency counts for number of occupied pillars on
the KITTI training set at a 0.16 grid resolution
Min: 2129, Max: 9180, Avg: 5549.10, Std: 1508.37

600

500 -

o

Qo

[==]
L

Frequency
(¥ ]
(]
(=]
1

200+

100

0 T T T T T T T T
2000 3000 4000 5000 6000 7000 8000 9000

Counts of occupied pillars

Figure 4.2: Histogram of number of non-empty voxels (voxel/pillar occupancies) at a 0.16
(p16) grid resolution over the entire KITTT training dataset. Summary statistics are shown

in the title.

For the encoder, it is illustrative to use an example. Consider the following:

A batch (size B) of point clouds as input

A limit to the number of pillars P and points per pillar N, at 0.28x0.28 grid resolution
P=8000 and N=100.

The encoder expects D input features (augmented LiDAR points) and produces C
output features. For the original model, D=9 and C=64.

All point clouds in the batch hit the P & N limits
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This represents a worst case scenario computationally (since we must process the max-
imum limits of voxels and points). Without loss of generality, we can assume B=1. This
is because for B>1, we can simply take the B, (P, N, D) tensors and stack them along the
first dimension, giving a new tensor of size (B*P, N, D). This is equivalent to an image of
size (B*P, N) with D channels. If each point cloud has less than P pillars, the size of the
first dimension will be less than B*P. A 1x1 convolution is then applied across the (B*P,
N, D) ‘image’ to get a (B*P, N, C) output. Applying a max across the 2nd axis gives a
(B*P, C) output from the encoder stage.

The computational cost (in terms of MACs) of a 2D convolution (neglecting bias)
depends on the kernel size (K), the input channels (Cj,), output feature map size (Hpyu
and Wo,;) and output channel count (C,y):

Kx K *xCj, % Hyyp * Wou * Coe (4.6)

For the PointNet encoder this means a cost of the following (w/ B=1):

DxBxPxNx(C (4.7)

Using B=1, D=9, N=100 and C=64 we have the following MAC counts:

Grid Size | Maximum Pillars (P) | Encoder GMACs
0.122 16000 0.921
0.162 12000 0.691
0.28? 8000 0.461

Table 4.4: Encoder MAC Counts With Varying Grid Size

Specific to the encoder, reducing the number of output channels is the most direct way
to reduce the number of operations, for example cutting the output channels (C) in half.
However this can lead to a loss in representation ability in the downstream backbone part
of the network. Instead we can squeeze the channel count in the encoder, followed by an
expansion through a 1x1 convolutional layer to a larger number of channels (M). The 1x1
would be applied after the max layer, after the point per pillar dimension (N) has been
reduced, allowing for much more efficient computation. Assuming B=1, we now have the
following MAC counts, with C*P*M the cost of the additional 1x1 layer:

DxPxN«C+CxP+«xM=CxP(DxN+ M) (4.8)

93



Grid Maximum | Output Encoder | Output Expanded | Encoder
Pillars (P) | Channels (C) Channels (M) GMACs
0.122 16000 64 / 0.921
0.122 16000 32 64 0.494
0.122 16000 16 64 0.247
0.162 12000 64 / 0.691
0.162 12000 32 64 0.370
0.162 12000 16 64 0.185
0.282 8000 64 / 0.461
0.282 8000 32 64 0.2468
0.282 8000 16 64 0.1234

Table 4.5: Encoder Configurations With Compute Complexity

The ratio of new to original MACs is then given by (take C; to be the original PointNet
output channels and Cy to be the new):

PxCy(D* N+ M)
(D% Px N x(CY)

(4.9)

If we take M=C (we expand out to the size of the original encoder through the extra
layer) then we have:

s C,
E+D*N

(4.10)

Since Cy will be small relative to D*N, the biggest impact is how much we can shrink the
PointNet encoder while still maintaining the same level of performance. We can summarize
the improvements as shown in Table 4.5. In fact combining both a modified encoder and a
reduction in grid resolution by a moderate amount should bring an even larger reduction in
model complexity. The biggest gains are at higher grid resolutions because they require a
higher limit on the number of pillars (P). Other encoder variations are possible, for example
a narrow number of channels C, followed by a wide number of channels (128), followed by
a narrow number of channels (say M=32 or 64).

94



4.4.2 Backbone and Detection Head
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Figure 4.3: PPslim model

Figure 4.3 shows the modified PPslim model after applying the encoder optimization pro-
posed in Section 4.4.1. We see in the encoder the original PxNxC tensor, that is reduced to
PxC by a max-pooling layer, is now PxNxM where the feature dimension M is smaller than
our expected final number of channels C. After the max-pooling reduction, we finally apply
another, larger, fully connected layer. This larger layer is less expensive computationally
at this stage since we’ve eliminated the large point dimension (N) though the max-pooling
layer and we observe a further savings since the input to the max-pooling was reduced in
dimension itself.
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Following the encoder optimization, there is a subsequent reduction in the depth of
the backbone where the last block of feature maps is removed. The reasoning for the
backbone reduction comes from the fact that down-sampling feature maps an additional
time (each block starts with a down-sampling) produces feature maps that are too small to
be useful. With the additional Cyclist class that’s already significantly smaller than Car,
the earlier feature maps would be most relevant to retain the extra information. This was
evaluated in comparison with cutting the number of channels in each layer by a fraction up
to 1/2, however it was found to be less repeatable to consistently train to the same level
of performance. In general, such an approach would have to know what fractional level
to set the number of channels to, while the alternate approach that we settled on focuses
on removing an entire block which is at too low of a resolution (since its at the deepest
parts of the network) for the smallest expected class is a more straightforward solution.
We validate in Section 4.4.3.2 that the performance decrease using the removal of feature
maps is mainly relevant at distances where there are already too few points for the extra
layers to matter.

When reducing the network depth and grid resolution in a way that removes so many
parameters and convolutional feature maps, we see a need to train the resulting model for
over twice the duration of the original unmodified model (approximately 600-800 epochs
instead of 300-400 epochs). The learning rate that generally works is an exponential one
starting at 0.0003 with a decay factor of 0.8 applied in a staircase pattern. We use the
Adam optimizer (no other optimizer seems to converge anywhere near as well as Adam,
for example RMSprop) with an initial weight decay (unfixed) of 0.0001. We notice that
the model performance converges in a familiar pattern that can be used to judge the
progress of training. PPslim models at the point of convergence show an oscillatory jump in
performance, where before the jump, the models AP is 3-4 points from its final performance.
One could stop training at this point but ramping the learning rate back to its starting rate
and repeating the process generally helps to achieve another 1-2 points of performance.
We explain this phenomenon by reasoning that given sufficient time, the model settles into
a "good" overall region in the loss landscape and starts to settle into a specific part of it.
Ramping the learning rate back up allows further exploration in this "good" overall region
and a final settling.

As we show in Section 4.4.3.1, regression plays a larger role in the degradation of our
models performance than classification. Even though we use a scaling factor of 2:1 in favor
of regression to account for this, we also have the option to scale the loss of individual
regression features. We find that an elevated weighting of 4:1 for the predicted vertical
box position and box height relative to the other features works best. This makes sense, as
this scaling allows the model loss to focus on the part of our model where its contribution
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to the error is largest.

In Appendix A, we provide a more detailed parameter breakdown for our model setup
in the case of a 0.22m pillar grid.

4.4.3 Analysis

The first additional performance results that needs to be added to Table 4.2 is the models
comparison for the 2nd class of interest (Cyclist) that addresses Vulnerable Road Users
(VRUs), which is shown in Table 4.2. An analysis of KITTI VRU-type classes such as
Pedestrian and Cyclist in terms of the LAMR metric from Chapter 3 is not available for
comparison purposes from other authors as the LAMR metric is a much less common metric
than AP (for example on Pascal VOC, COCO, KITTI, NuScenes, Waymo). So we focus
our analysis based on the standard metric used for the KITTI dataset instead much like
other popular object detection datasets mentioned above. As most papers focus solely on
reporting their performance on Car for the validation set, we mainly focus on comparing
ourselves to RAD which is our direct competitor. Here we see the original PointPillars
model consistently outperforms RAD by a wide margin and our slimmed model PPslim
generally does too.

Method ((};1? Cyclist 2D | Cyclist BEV | Cyclist 3D
mod | hard | mod | hard | mod | hard
RAD 0.16 | 71.27 | 68.23 | 65.53 | 61.79 | 62.03 | 58.28
FA3D 0.16 / / 66.29 | 62.89 | 60.23 | 56.86
PointPillars® | 0.16 | 71.75 | 68.45 | 68.58 | 62.9 | 65.6 | 61.16
PPslim 0.22 | 71.1 | 69.14 | 67.15 | 62.88 | 64.39 | 59.76

Table 4.6: Average Precision at IOU threshold of 0.5 for our method compared to RAD
on the Cyclist class of the KITTI val dataset. Note PointPillars* is our best performing
implementation of this model.

Given these performance results we can also address the question of runtime perfor-
mance (summarized in Table 4.7). For benchmarks, we measure FPS on both a Jetson
AGX Xavier embedded board and a Core-i7 CPU & RTX 2080Ti GPU for comparison.
On the Xavier board, we benchmark at several power settings as well as core configurations
(as described in Section 2.6.2).
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Grid Device Voxelization | Backbone | Head

Method 1) | Power Sett/ing (ms) (ms) | (ms) | TEO

SECOND / MAXN / / / 4.5

Point-RCNN / MAXN / / / 1.3
RAD 0.16 MAXN 0.62 83.20 7.85 | 10.91
FA3D 0.16 MAXN 0.62 125.26 11.6 | 7.27

PointPillars* | 0.16 MAXN 3.66 32.8 75.8 8.9
PPslim 0.22 MAXN 2.49 31.56 16.6 | 19.7
PPslim 0.22 15W 4.24 56.7 30.4 | 10.95
PPslim 0.32 MAXN 2.13 21.8 13.5 | 26.7
PPslim 0.32 15W 3.58 39.36 24.4 | 14.84
RAD 0.16 GPU 0.48 9.79 1.57 | 84.46
FA3D 0.16 GPU 0.48 14.34 2.47 | 57.83
PointPillars* | 0.16 GPU 1.64 6.06 12.2 | 50.1
PPslim 0.22 GPU 1.33 6.38 3.6 88.2
PPslim 0.32 GPU 1.26 4.53 9.6 104

Table 4.7: Runtime comparison for competing approaches compared with PointPillars (we
mark it with a * to indicate as our implementation of the original model) & PPslim on the
Jetson Xavier AGX platform

We see that except for the voxelization and some of the head post-processing, the GPU
is the main driver of increasing the FPS on the PC for PointPillars since the backbone
is by far the biggest consumer of MACs. The RAD paper reports an FPS of 42 for
their PointPillars implementation on a 2080 Ti while the original PointPillars network was
reported to run at 42 FPS on a 1080 Ti. The difference in inference speed between the 1080
Ti and 2080 Ti should be about 1.3x to 1.4x. This significant difference in performance
between the 2 GPUs explains why, when we run the original PointPillars model on a 2080
Ti, we obtain an FPS of 50 and on the Xavier an FPS of 8.9 (slightly different from the FPS
of 6.15 reported by RAD). So the true runtime speed of the original PointPillars model
(on the AGX) at 8.9 FPS is already quite comparable to the 10.91 FPS speed reported
for the optimized RAD model. We note that our fastest model, on a GPU, runs at almost
exactly the same speed that the authors original PointPillars model runs at after TensorRT
optimization (ours is not TensorRT optimized).

Its natural to ask what level of impact the grid quantization has to network performance.
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A priori, we expect that a finer quantization means higher compute requirements since the
resulting feature maps will be larger but that should bring an increase in performance.
The question though is the level of sensitivity in performance to these changes in grid
quantization. If a model only works best at one particular grid quantization but drastically
worse at all others this does not bode well for the model for use with/in various LiDAR
scanners and environments. For example, with RAD, the authors show that the models
performance degrades immediately at other grid sizes than 0.16m (they look at 0.12m and
0.2m). We can look at the model performance over a range of grid sizes, from the original
0.16 to a quarter the grid resolution at 0.32m, for our PPslim model. From Table 4.8
we can see that the performance shows little impact even with extreme reduction in grid
resolution unlike RAD. In fact for the 3D challenge and hard BEV challenge, our model
at a quarter resolution still exhibits higher performance than the original RAD model at
full resolution and runs faster at the highly restricted 15W setting than RAD does at the
maximum Jetson power setting. Note that these results are from a few training sessions
per grid resolution (to confirm the result was consistent) & is not exhaustive. It is likely
possible to achieve higher performance at each resolution through a more exhaustive fine-
tuning process (especially for the BEV results), however such an investigation would likely
result in overfitting to the task. These runs are enough to illustrate a general pattern,
although it is clear the performance does slowly degrade as the grid resolution becomes
too coarse.

Method | S14 | gprop | Params | Best Car 2D Car BEV Car 3D
(m) (M) Enc.

mod | hard | mod | hard | mod | hard
FA3D 0.1 / / / / / 88.1 | 85.49 | 75.47 | 71.97
RAD 0.16 / / / 91.94 | 89.34 | 88.21 | 85.70 | 75.80 | 72.65
RAD 0.2 / / / 88.94 | 88.23 | 86.14 | 84.43 | 73.54 | 69.54
PPslim | 0.22 5.5 0.4 (16,32),64 | 89.51 | 88.18 | 87.74 | 86.56 | 77.5 | 75.24
PPslim | 0.24 5.06 0.39 (16,32),64 | 89.1 | 87.81 | 87.01 | 86.51 | 77.01 | 74.72
PPslim | 0.26 4.6 0.37 (16,32),64 | 89.15 | 87.64 | 87.52 | 86.69 | 76.82 | 74.62
PPslim | 0.28 4.3 0.35 (16,32),64 | 88.9 | 87.31 | 86.76 | 86.17 | 76.45 | 74.4
PPslim | 0.32 3.9 0.32 (16,32),64 | 88.85 | 87.45 | 86.75 | 86.34 | 76.47 | 74.36

Table 4.8: Comparison of FA3D and RAD versus PPslim AP performance at 0.7 IOU on
the KITTI Car class while varying grid resolution. We highlight the complexity of the
resulting PPslim model and its parameter count. Also included are the best encoder (Best
Enc.) used for this performance level, where the first number is the FC unit count before
the encoder max-pooling and the second number is the count afterwards as described in

Figure 4.3.
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We notice that in the analysis for both RAD and FA3D, the authors focus excessively
on 2 topics that in practice we argue doesn’t make sense when evaluating the best possible
performance and, in fact, will severely mask such performance. This is the focus on using
a lower IOU threshold of 0.5 for Car, and the second is using an averaged F1 score over
each of the 3 difficulties. While a looser IOU threshold can be used to get an idea of model
performance, the resulting AP of good models is in the low to mid 90%. Even models
that exhibit a large performance increase relative to PointPillars suddenly appear near
identical to it when considered at the far easier IOU. The same applies for F1 score, where
the score on the easy challenge is generally in the high 80s/low 90s for 3D and in the mid
to high 90s for BEV and 2D. That means models performing poorly in the 3D challenge
suddenly appear better in their average F1 score. We argue that results using the lower
IOU threshold or average F1 score are almost never reported by authors for this reason;
they’re not very informative on top-end model performance (for comparison) and simply
make models with lower performance (relative to state of the art) seem more competitive.
For completeness however, we do also present F1 score for the moderate 3D challenge
on the KITTI Car class in Section 4.4.3.2. Furthermore, we now elaborate more on the
distinction between 0.5 and 0.7 IOU in practical terms.

Consider two 3D bounding boxes Bgr and By,.q that have identical size LxHxW and
therefore identical magnitude volumes Vor and Vj,eq. Using the KITTI camera frame, the
coordinates corresponding to each size dimension are X, Y and Z based on Figure 2.23.
With the boxes exactly aligned, we move the prediction box along one axis (the +X axis)
by an increment Az as shown in Figure 4.4. The combined length of both boxes along
the +X axis has increased from L to L + Az, while the length along this axis that is the
intersection has shrunk from L to L — Axz. The IOU of the 3D boxes can be written as the
ratio of the intersection of their volume divided by its union as in Equation (4.11).

VGTm‘/pTed (L_Aw)*H*W
OU (B B N 4.11
OU( GT) pred) VGTU‘/;)red (L-|-Ax)>kH*W ( )

For an IOU of 0.5, that means Az = % So a 0.5 IOU allows for an error of up to % of the
length of the class assuming the deviation is concentrated only in 1 dimension. This follows
for the other 2 dimensions giving a 0.5 IOU error range of (Az, Ay, Az) = (£, +4 +1)
along each separate dimension. At a stricter 0.7 IOU, these bounds become (Az, Ay, Az) =
(i%, i%, j:%) . Using our averages from Table 4.1, we can summarize the ranges as shown
in Table 4.9. It is important to note that this analysis is regarding an error in one dimension
only. When two or three are involved in the error, the error distance in each dimension will
be reduced. We can see that using the lower 0.5 IOU threshold would give an average error
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Figure 4.4: BEV of a 3D bounding box (solid) with dimensions LHW and an equally sized
prediction box (hatched) translated by Az with intersection and union extents along the
length axis annotated (3D camera frame axes marked)

as high as 1.29 meters along the vehicle length axis. Depending on the application this
can have a significant impact. For example with Automatic Emergency Braking (AEB),
every centimetre means additional braking time that can mean the difference between
near-miss, damage or death. In the case of parking assistance, even a 0.5m distance can
mean the difference between inconvenience and property damage. Even in the context
of lane keeping, where North American and EU lane widths typically range from 2.5 to
3.7m (8 to 12ft) depending on urban, motorway, construction zones & speed reduction
zones (such as schools) or others environments [113], the car to car distance with narrow
lanes can be as low as 0.5m assuming average exactly centered cars. Contrary to accepted
traffic engineering practices, in the US at the national level, it has recently been reported
in [12] (supporting earlier studies [34]) that the number of crashes does not significantly
change with a reduction of lane widths from 10 or 11ft down to 9ft (2.74 meters). The
conclusions drawn from this report were that narrow travel lanes in cities may be safer
due to a heightened sense of alert by drivers operating on narrower lanes. However this
report did not account or control for autonomous vehicles or driver assistance features that
have been implemented in the last decade to enhance driver awareness. Especially at high
speeds or adverse weather conditions, an incorrect perception of lane intrusion leading to
avoidance or braking could have serious repercussions on those involved.
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Class IOU | £Ax (Length) | £Ay (Height) | £Az (Width)
Car 0.5 1.29 0.51 0.54
Cyclist 0.5 0.59 0.58 0.2
Pedestrian | 0.5 0.28 0.59 0.22
Car 0.7 0.776 0.306 0.326

Table 4.9: KITTI average per class allowable distance error in each dimension at 0.5 & 0.7

IOU (0.7 only for Car)

In the case of model scaling, we note that with KITTI we are dealing with 90 degree
FOVs in front of the vehicle. When moving to 360 degree FOVs surrounding the entire
vehicle, the biggest increase in computational complexity from the 4x extra occupied voxels
will be the backbone and not the encoder which at worst will only increase in delay by a
few milliseconds. Realistically, our 3D volume bounds are quite extensive and practically
our model would only require approximately doubling feature map sizes since we already
process close to 50 meters left /right. So we would need to open up the feature map from
0 to 70 meters in the forward direction to -70 to 70 meters. Such a move will necessarily
require a significant complexity decrease in the model, the simplest of which is a grid
reduction that we can show could be handled by our model (not so for FA3D or RAD).
The caveat would be when a LiDAR scanner with a drastically lower point density is used,
but in such a case one could argue image fusion may be necessary to get good estimates
at a reasonable distance -or- since we have the capability to slightly increase our encoder
complexity, introduce more of the PointNet encoder into our encoder to perform a finer
encoding of the input pillars.

4.4.3.1 Feature Analysis

The presence of both regression and classification at the output and loss computation
raises the question of which has the biggest impact on the model performance. Both are
computed using separate loss terms and, in the loss function, what works well involves
weighting them before adding together using a 2:1 factor, where regression/localization
loss is weighed more heavily. But which has a bigger impact on final performance? We
opt to perform this analysis in a greedy fashion, where each of 8 features predicted by
the model (class probability, XYZ position, LWH box size and yaw angle) can be replaced
individually & systematically with the actual ground truth, to see the impact. After
finding the highest impacting feature, this feature can be replaced in our predictions and
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the processes repeated with the remaining features until none are left. We start with
looking at fixing classification.

We start by probing the classification head. Consider a model applied to an input frame
that produces predictions. The predictions will be true positives (TPs), false positives
(FPs) and false negatives (FNs) as computed by the KITTI evaluation process at a given
IOU. Predictions will be those selected for a threshold closest in distance to the ’optimal’
solution on the Average Precision plot. By using the true labels for the model predictions,
we end up adding false negatives to the predictions and false positives are removed from
consideration. We can see the result in Table 4.10 where the performance increases slightly
but not by a large margin. The remainder of the difference can be made up by predicting
the regression parameters better. But which ones? A priori, since our model operates in
the BEV, we expect the vertical direction in which we have no subdivision to yield the
largest improvement (as well as object height).

Car BEV Car 3D

mod | hard | mod | hard
Original | 88.31 | 86.96 | 77.65 | 75.56
GT Cls | 91.4 | 89.99 | 80.75 | 79.41

Method

Table 4.10: Performance improvement when replacing class probability predictions with
ground truths for Car class using the standard 0.7 IOU

If we apply the described greedy analysis, we can indeed see that our guess was correct.
The biggest regression gains come from the LiDAR z (vertical) direction and the box
height. This helps to explain why the model does do slightly worse than competing models
on the 2D challenge that relies on an accurate 3D box height to compute the 2D bounding
box projection. The slightly elevated yaw error is expected relative to the x,y,l & w
parameter since we expect them to be predicted quite well in the BEV. These results also
help to explain the observations from Section 4.4.2 where we noted that an increase in loss
scaling factor to the vertical box position, bounding height and yaw gave an increase in
performance by forcing the model to, in a sense, pay more attention to the error in those
predictions.

We show in the next chapter how we can leverage this analysis with insights from
feature fusion to improve the performance of the PPslim model.

103



Iter 0 1 2 3 4 5 6 7
Param | cls zZ h yaw X y 1 w
Delta | +3.1 | 483 | +6.1 | +2.5 | +1.1 | +0.8 | +0.25 | +0.2

Table 4.11: Incremental AP improvements based on greedy analysis with successively
increased number of parameters replaced with ground truth. Starting AP of 77.65 on Car
3D and 0.7 IOU. Coordinate axes are in the KITTI LiDAR frame.

4.4.3.2 Range Analysis

When comparing PPslim to PointPillars®, we see that the detection performance is quite
similar in summary (in terms of AP). However in practical terms, this summary number
does not tell us how either model performs across different conditions. Here, condition can
mean observed object orientation angles or, more critically, in terms of distances to the
object. In the case of objects in the Car class, this could represent immediate danger of
car-to-car collisions for short distances or possible danger for intermediate distances. In the
case of Cyclists, this potential danger would be even more immediate (at short distances)
due to vehicles posing an even greater risk to cyclists (VRUs).

For our analysis, we can start by computing the components of precision/recall (TPs,
FPs and FNs) assuming the ‘best’ threshold is used for our box predictions with each
model. This threshold can be selected based on the point on the AP curve closest to the
optimal classifier (perfect precision and recall) on our precision/recall curve, where the
curve is already computed to obtain a summary AP estimate of performance. In our case
we can further group each of the components as a function of distance (meters) and shown
in Figure 4.5. We expect model performance to decrease with increasing distance since less
points will be seen by a LiIDAR return for objects farther away. Indeed this is the pattern
we observe, although the graphs for both models look very similar. It’s important to note
that in Figure 4.5 (and all similar subsequent figures), the cumulative counts of TP’s and
FNs will not match the class instance counts listed in Table 5.1. This is because each
"difficulty’ filters for a specific subset of samples from the validation set for the purpose of
evaluation.

To compare how similar the graphs are, we summarize the performance per distance
bin using a harmonic mean of precision and recall (F1 score). In the absence of additional
information regarding the penalty of type I (false positive) and type II (false negative)
errors, the F1 score gives an equal weighting for both recall and precision. Additional
information could include, for example, mandating a higher cost of FN’s versus FPs, where
we want to miss less positives while being able to tolerate some incorrect positive predictions
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(for example when a more vulnerable road user such as a Cyclist is present). This could
be done with a different F-score to take this difference into account. In our case, the result
is an F1 score per distance bin as summarized in Table 4.12. We take advantage of the
fact that to compute F1 score, we don’t need to compute precision or recall directly (which
may otherwise be undefined), instead relying on Equation (4.12).
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Figure 4.5: For the “Car” class, using a 0.7 IOU at the moderate difficulty, (left) the
PointPillars* model and (right) the PPslim model, summarizing TP, FN and FP counts as
a function of distance (meters). Distance bucket labels indicate (non-inclusive) end-points
of each bucket, so the first bucket is [0,5) meters, the second is [5,10) meters and so forth.
A distance of up to 70m is shown since the 3D volume bounds for the point cloud extends
out to that distance.
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Distance (m) | F'lgore PPslim | F'lg.,. PointPillars*
5} 0.0 0.0
10 91.9 87.5
15 94.6 94.7
20 92.6 91.5
25 89.1 88.5
30 83.2 82.9
35 76.6 75.7
40 66.1 66.5
45 48.6 52.9
50 20.0 42.2
55 0.0 21.8
60 0.0 0.0
65 0.0 0.0
70 0.0 0.0

Table 4.12: Comparison of F1 score between PPslim and PointPillars® as a function of
distance based on Figure 4.5

We see that the F1 scores are quite similar across distances up to 45 meters. The
scores quickly drop well below 85% once we go beyond 30 meters, which is the score for
our best performing (but much slower) competitor SA-SSD as shown in Table 4.13. To
obtain a better understanding of samples at this range, we can plot histograms of ground
truth point counts within each of the distance buckets shown in Figure 4.5, as shown in
Figure 4.6.
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KITTI class "Car" point count per GT frequency histograms vs distance (m)
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Figure 4.6: Plot of GT point count histograms for each distance bucket shown in Figure 4.5
(cut off above 50m for display clarity) for the ‘Car’ class. The main horizontal axis is each
distance bucket and for each subplot is frequency /count of numbers of samples. The vertical
axis is the number of points per GT box sample at the given distance range/bucket. The
red dashed lines show the mean number of points for the GT samples in that bucket. A
fixed number of bins (15) is used for all histograms.

Between 40-50 points per GT sample, the performance of both models rolls off dras-
tically. This is an upper bound since points per box capture ground points under and in
the immediate vicinity of each 3D box. If we use the segmentation masks described in
Chapter 5, we can further filter the cloud points per box as only those belonging to the
Car class as shown in Figure 4.7. This shows about 30-40 points per sample are where
both models begin to drastically drop off in performance. If we compare this to the perfor-
mance distribution for the Cyclist class, as shown in Figure 4.8 and Figure 4.9, we see the
same roll-off in performance but around a closer distance of about 35m due to the smaller
object size for Cyclist (relative to Car), at which point on average 38 points are seen per
sample (would be lower with a segmentation mask). There is an oddity in the Cyclist data
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between [20,25) meters in Figure 4.8, where there is a spike of false negatives that propor-
tionately is higher than the other range buckets (a spike of 30-40 FNs). To answer why,
we start by seeing in Figure 4.9 (the 25m bucket) a corresponding spike of 35 instances of
GT boxes that have about 35 points/sample. This spike of instances is in stark contrast
to the distribution of the remaining samples in this range bucket (other samples at this
range more typically have between 60-80 points per 3D box). We know our performance
drops significantly when only 30-40 points are available per sample and the spike of FN
causing samples is approximately 35 points/sample (if we had a mask this would likely
filter down to 30 or less points/sample). Indeed, the anomaly occurs precisely because in
a particular sequence, the reference vehicle was stopped at an intersection and sampled
a heavily occluded cyclist multiple times as shown in Figure 4.10. The other objects in
the scene cycle through the FOV quickly, but this particular object remains static. This
affect would be less noticeable with a larger sample size of Cyclists whereas the size of the
‘val” subset for the Cyclist class is only 893. The result is observed with both PPslim and
PointPillars*.

KITTI class "Car" point count per GT frequency histograms with segmentation masks applied vs distance (m)
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Figure 4.7: Plot of GT point count histograms for each distance bucket shown in Figure 4.7
(cut off above 55m for display clarity), for the ‘Car’ class, including post filtering to 3D
points that fall within the respective segmentation mask. The main horizontal axis is
each distance bucket and for each subplot is frequency/count of numbers of samples. The
vertical axis is the number of points per GT box sample at the given distance range/bucket.

The red dashed lines show the mean number of points for the GT samples in that bucket.
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PPslim, class "Cyclist" vs TP, FN, FP
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Figure 4.8: For the “Cyclist” class, using a 0.5 IOU at the moderate difficulty with a PPslim
model, summarizing TP, FN and FP counts as a function of distance (meters). Distance
bucket labels indicate (non-inclusive) end-points of each bucket, where the first bucket is
[0,5) meters, the second is [5,10) meters and so forth.

Returning to the ‘Car’ class, if we compute the differences in F1 score between PPslim
and PointPillars* at each distance, we can see they’re quite similar in terms of which
model "wins" in each bucket. At farther distances (above 40 meters) PointPillars® does
have a clear advantage, however at these distances its performance has already dropped
significantly in an absolute sense (53%), due to the low point cloud density of ground truth
objects.
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Point count per GT box
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Figure 4.9: Plot of GT point count histograms for each distance bucket shown in Figure 4.8
(cut off above 55m for display clarity) for the ‘Cyclist’ class. The main horizontal axis is
each distance bucket and for each subplot is frequency/count of numbers of samples. The
vertical axis is the number of points per GT box sample at the given distance range/bucket.
The red dashed lines show the mean number of points for the GT samples in that bucket.
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Figure 4.10: Heavily occluded static cyclist example with an average 33 points per box
within a range bucket of [20, 25) meters (images from [37]).
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Model Fl,.
SA-SSD 85.29
Point-RCNN | 82.91
PointPillars* | 81.1
PPslim 80.35
RAD 78.79

Table 4.13: Summary of maximum F1 scores for models on the KITTI Car class (3D
moderate challenge @ 0.7 IOU)

4.5 Conclusion

We showed in this chapter the original PointPillars model can be significantly slimmed
in computational complexity and parameters (over an order of magnitude) while retain-
ing almost the same level of performance on the KITTI dataset. More importantly our
slimmed model, PPslim, still outperforms our most similar, immediate, competitors and
is drastically faster than they are on our target platform (an embedded system). Through
an analysis, we showed how to train such models and identified key areas for future im-
provement.
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Chapter 5

Augmenting KITTI: Semantic
Segmentation and Ground Plane
Feature Fusion

The baseline PointPillars model and the modified PPslim model described in Chapter 4
perform well on KITTI, however it is natural to ask what the simplest network modifica-
tion is to obtain even better performance. The natural way to do this is to incorporate
extra information from the scene as a more detailed description of each LiDAR point. This
can be done by leveraging the 2D information available for each scene, which has a simul-
taneous image captured from a camera. This chapter looks at the way in which a fusion
of such new information could be achieved within the PointPillars architecture, focusing
on the shortcomings of the existing PointPainting extension to PointPillars and looks at a
better (more performant) way to achieve the same fusion of information. To support this
analysis, detailed semantic segmentations are added for the KITTI Car class (as a primary
class of focus of experiments) and also for the Truck class. These segmentations are used
to demonstrate a different semantic segmentation fusion approach to PointPainting, which
is in a way that allows a large increase in detection performance. The proposed fusion
approach is then used to implement an extension of PPslim from Chapter 4, named PP-
slimg, with ground plane feature fusion instead of image or segmentation features. The
resulting model adds little computational impact to PPslim but improves its performance
relative to PPslim and the competing PointPainting model which relies on the expensive
computation of semantic segmentation.
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5.1 Motivation

The KITTI dataset has been around since 2012 and some extensions & additions have
been contributed to the parts of dataset that involve the KITTI leaderboard challenges
(for example 3D detection, depth estimation, optical flow) including ground planes and
depth maps. However, to the best of our knowledge no detailed semantic segmentations
were available publicly at the time we completed our semantic segmentations. Since then,
a dataset has been released publicly by another researcher group [19].

While dated and, now, superseded by larger datasets such as NuScenes and Waymo,
the KITTTI dataset can still be useful as a pre-training dataset for models that need to be
trained on these larger datasets (much like pre-training on CIFAR [60] is still useful for
training on ImageNet). In addition, it also provides a dataset that is much more accessible
for researchers who are limited in their available compute capability (for example without
access to high-end GPUs or cloud compute). There is an extensive codebase around the
KITTI dataset and a history of active research (especially close to a decade of published
results and an active leaderboard online) which means even today, new models or those
aiming for state of the art will publish their models performance on KITTI (both validation
and test sets). Therefore the dataset is still relevant today and, with segmentation data
missing from the available information, this endeavour seems quite relevant for aiding
future research. The resulting segmentations are available for download with example
Python code to read the annotation data [105].

5.2 KITTI Semantic Segmentations

As described in Section 2.5.2, KITTI has 7481 training and 7518 test frames. The goal of
our work was to segment the 7481 training frames. Since KITTT is still a relevant dataset
today, we were motivated to annotate the largest class in this dataset (Car) as well as one
additional class (Truck). The size of the task can be seen in Table 5.1, which summarizes
the number of individual instances of each class in the dataset (broken down based on
membership in the training or validation subsets of the full training set). The reason to
annotate the extra additional class was related to sampling augmentation experiments that
required using larger objects as occluders for smaller objects. The result for the overall 3D
detection dataset (train and test) are 80256 labelled objects across 9 classes. A breakdown
is shown in Table 5.1 for the training subset. The 'useful’ samples are those that omit the
DontCare or Misc classes (DontCare in particular are bounding boxes masking whole 2D
regions that should not be considered for evaluation).
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Class Instances | Train Instances | Validation Instances
Car 28742 14357 14385
Pedestrian 4487 2207 2280
Cyclist 1627 734 893
Van 2914 1297 1617
Truck 1094 488 606
Tram 511 224 287
Person _sitting 222 o6 166
DontCare 11295 5399 5896
Misc 973 337 636
Total 51865 25099 26766
Total Useful 39597 19363 20234

Table 5.1: KITTI class breakdown on the training set for the ’train’ and 'val’ subsets

To perform the annotation, we leverage Computer Vision Annotation Tool (CVAT) [18].
CVAT was originally developed by Intel but is now free and open-source. This tool supports
various types of annotations (2D as well as 3D point cloud labelling) where the 2D labelling
includes bounding boxes support for semantic segmentation. The tool has a web-based
interface as shown in Figure 5.1, where imported batches of examples (a batch can be,
for example, the frames of a single KITTI sequence that are also part of the 3D Object
Detection challenge) can be shown as tasks to complete (one task for all the detection
frames of a single sequence), with information on numbers of annotated & remaining
frames, which user owns which task and the ability to mark completion of tasks. While
not strictly necessary, having a tool to organize and mark which tasks are complete and
which are remaining help speed up the annotation process.
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Figure 5.1: Example of CVAT ’tasks’ list where each task is the annotation of all 3D Object
Detection related frames from a particular KITTI sequence

When annotating each frame for segmentation, the process involves selecting point-by-
point a polygon that encompasses the boundary of each object of interest in the scene
(specifically the ’Car’ and "Truck’ classes) as shown in Figure 5.2. A separate viewer tool
was written to show KITTT ground truth boxes and object information to ensure the correct
objects were then annotated in CVAT.
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Figure 5.2: Example polygons of vehicles from the 'Car’ class for a KITTI frame (image
from [37])

An additional feature added to CVAT by this work was to add additional OpenCV
image pre-processing options. The original KITTI frame when loaded through the web
renderer showed each image as darker than it appears making it much harder to annotate
the underbody of vehicles or areas with low lighting. Since OpenCV has useful image
transforms (or the ability to combine several together), added a custom pre-processor for
frames made the annotation of some objects more accurate. For each frame, every car
having a ground truth bounding box was given a tight segmentation boundary, given an
object identifier (ID) which is consistent across frames in the KITTI dataset as well as a
label identifier that corresponds to the 0-based index of the object in the KITTT label file
for the associated frame. Label files are how KITTT annotations are stored for each training
frame, with each row giving the annotation for one object in the frame/scene including
its 2D and 3D bounding box. Since the object IDs persist across frames for the same
Car, these annotations can be used for evaluating object tracking algorithms in addition
to segmentation algorithms. Indeed, KITTT already provides what it calls tracklets for a
limited number of frames in the training set. This limited number of frames comes from a
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small number of sequences where every every object is given a unique, trackable ID across
every frame in the sequence where it shows up. The information from those frames was used
to cross-reference our own annotations and ensure complete consistency. In some cases,
objects had multiple visible parts that meant multiple polygons had to span the object
such as shown in Figure 5.3. In such a case the same label index and object ID would be
entered for the parts, and in the exported results after the completion of segmentation the
resulting data would just need to be post-processed to group the polygons (a list of points)
into a list representing all regions for an object.
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Figure 5.3: Example of a split segmentation where an object is spanned by multiple dis-
connected regions (image from [37])

Some examples of annotated frames are shown in Figure 5.4 (zoomed for clarity) with
the segmentation boundary displayed for the car class. The annotation process took ap-
proximately 2 months to complete.
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Figure 5.4: KITTI 'Car’ class semantic segmentation annotation examples (red boundaries)
along with ground truth bounding boxes (images from [37])
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5.3 Image Feature Fusion

A proposed extension to the PointPillars model is to incorporate knowledge from the 2D
images associated with each LIDAR frame. Vora et al. propose the PointPainting extension
to PointPillars [110], that modifies the encoder with semantic segmentation of classes in
the scene to help with detection. This relies on first applying a model to perform semantic
segmentation of the scene so as to label every pixel in the 2D image of that scene. The
LiDAR points can then be projected to the image and the projected LiDAR point can then
be assigned the label at the integer coordinate image pixel it was projected to (or None if
the segmentation yielded no labelling at that location). This approach requires obtaining
segmentation information from a separate 2D segmentation stage (in their case pre-trained)
adding significant computational burden to the network (especially when considering the
possible computational complexity of such a segmentation model to the complexity of a
PPslim model). Since both the segmentation and 3D detector must be run in sequence,
the computational cost cannot be easily hidden. In their work, the resulting model shows
no improvement for the Car class, a 5 AP improvement on the Pedestrian class and <1 AP
improvement on Cyclist. Even when merging near ground truth segmentation information
for NuScenes, the results suggested the mAP performance does not approach "perfect"
performance. If we consider that this occurs even with the use of ground truth, then it
suggests that the fusion of image features through the encoder may not be the best strategy
for PointPillars.

Since we have the ground truth segmentation maps for the Car class, this allows us
to train the model using the ground truth data as the input. The idea is to see how well
the encoder learns in the presence of ground truth information. We expect that with this
information, the performance should jump noticeably if the network is able to effectively
use the information. It’s worth emphasizing that this fusion is for analysis purposes only,
as using the ground truth as an input to the model is not realistic.

There are 2 basic ways to perform the fusion. The first is to take the 2D grid in the BEV
and to intersect it with the ground truth bounding boxes for that scene (both original and
inserted boxes) as shown in Figure 5.5. This approach can be called "GT Box". Any 2D
gridbox that intersects the GT box will have a constant C as an activation at that gridbox.
For our experiments, we found that it is sufficient to keep activations in one feature map
regardless of class and to use a value of 1.0 for the activation (0 elsewhere).

The alternate approach that can be called "GT Seg", which is similar but doesn’t
use ground truth boxes, relies only on the segmentation information so as to be more
fair in comparison with PointPainting. This approach projects 3D LiDAR points to the
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2D image and, for 2D points that fall into a ground truth segmentation mask, marks
the corresponding feature map position for the pillar/grid box the 3D point came from
as a 1.0 similar to Figure 5.5. The caveat here is that scene objects undergo random
transformations and we don’t know what the segmentation mask will look like in the image
afterwards. Likewise for objects inserted into the scene. So instead we first project 3D
LiDAR point to the image, and when a point falls within a mask we instead mark the 3D
point as being part of a segmentation mask for a class. Object clouds inserted from other
scenes have their individual clouds pre-marked as being part of a mask (if it fell within
one) in the scene the object came from. This allows us to apply arbitrary augmentations
to the point cloud, including object insertions, and only after those augmentations are
complete compute which grid boxes/pillars are occupied with marked cloud points. This
strategy allows us to avoid complicated augmentation strategies where visual consistency
in the corresponding 2D image has to be maintained while augmentations are performed
to the 3D point cloud.

Point-based FM
Occupancy

=

S
-

i

Box-based FM
Occupancy

Figure 5.5: Converting KITTI GT bounding boxes to feature map activations

It’s useful to define a dropout probability ps-., per object to get an idea of how much
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information from a GT is needed to affect performance. Once the grid boxes occupied by
an objects mask are computed, this probability is used to decide how many actual grid
boxes to keep (or ’light up’ in the spirit of Figure 5.5). Furthermore, the layer at which
to fuse (Dyyse) the information is important since fusion at earlier layers should mean the
extra information would contribute more to the final output. The fusion of extra feature
maps can be achieved using concatenation of the new channels with the input or output
feature maps at particular layer.

Starting with an original reference PointPillars model we can introduce the ground
truth fusion for the same model, using different values of pgrop and Dyyg. The results are
show in Table 5.2. We can see that even as we increase pg,o, to high levels of dropout (over
95%), the model maintains high levels of performance. The first row of Table 5.2 shows
the result for our implementation of PointPainting just with ground truth segmentation
data. The remainder of the row is empty since we don’t have ground truth segmentations
for the other classes. For the remaining rows, the Car result columns use segmentation
data while the result columns for the other 2 classes use ground truth box projections as
described earlier in this section.
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Segmentation
Merge Darop | Dsuse Car @ 0.7 Cyclist @ 0.5
Method

Pedestrian @
0.5

3D | BEV | 2D 3D | BEV | 2D 3D | BEV | 2D
/ 76.77 | 87.65 | 88.73 | 64.18 | 68.76 | 74.29 | 66.15 | 72.41 | 61.1

Predicted Seg Via /
Encoder (Authors)

(Baseliliznf?Pslim) / /| 775 | 87.74 | 89.51 | 64.39 | 67.15 | 71.1 | 54.1 | 62.88 | 57.9
GT Seg Via
B / /| 7824 |89.46 | 90.26 | / / / / / /

GT Seg+GT Box
Via FM Fusion
GT Seg+GT Box
Via FM Fusion
GT Seg+GT Box
Via FM Fusion

0.9 2 86.35 | 98.19 | 89.21 | 82.75 | 80.72 | 82.78 | 76.73 | 79.75 | 75.36

0.9 7 78.1 | 89.33 | 89.85 | 74.57 | 75.9 | 76.97 | 68.02 | 78.02 | 65.43

0.99 2 88.27 | 98.77 | 88.95 | 81.64 | 81.82 | 82.4 | 69.92 | 79.38 | 60.74

Table 5.2: Summary of performance at the moderate difficulty level across classes at a
given IOU and for the corresponding challenge. The first row is the original PointPainting
model. The second row is our PPslim model, with an unoptimized Pedestrian result.
The third row is our result of fusing ground truth segmentation data through the PPslim
encoder. The remaining rows show a combination of "GT Seg" (Car) and "GT Box"
(Cyclist+Pedestrian) fusion and their results with various drop probabilities and fusion
depths. All base models (except the author reported result for PPaint which uses a 0.16m
grid) are PPslim with a coarser 0.22m grid.
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We can modify the architecture diagram for the original PointPillars model in Figure 4.1
to the diagram shown in Figure 5.6. The PointPainting approach fuses the segmentation
information at the beginning of the network by concatenating to the input tensor fed to
the encoder. Our comparison approach, "FM Fusion", is shown in the figure as being after
the encoder with the computed feature map activations (built as shown in Figure 5.5)
concatenated at convolutional layer Dy,q from the start of the backbone portion of the
network. To fuse deeper in the network (larger values of Dy,s.), we just need to build a
coarser grid or build a finer grid then down-sample before concatenating (we found building
the fine grid and using stride 2 convolutions to down-sample works best).

We expect that the fusion described should improve the BEV performance of the model
the most because we're essentially providing a strong cue of the location of object locations
in the BEV. The 3D performance (and the 2D performance which largely depends on the
3D) should also increase but to a lesser extent. Indeed, this is exactly what we observe
where even with an aggressive value for pg,.., of 99% (using a small PPslim model), the
performance increase is large relative to the original model. If we use the first described
strategy of using GT boxes for the Pedestrian and Cyclist classes (shown in Figure 5.5)
and use the segmentation mask strategy for the Car class, we obtain a similar jump in
performance for the non-Car classes. These results support our hypothesis that this fu-
sion strategy is preferred to fusing the same information at the encoder stage. Fusion of
features deeper into the network yields smaller performance increases to the point where
performance begins to revert back to the performance of the original model since the fusion
is too late in the network and at too low a resolution to make an impact.

5.4 PPslimg: PPslim Augmentation Using Ground Plane
Fusion

In Section 5.3, we showed how different fusion routes of feature information with the
PointPillars model can make a difference in performance. If we consider the analysis from
Section 4.4.3.1, we see that where the model performance can be most improved are the
“vertical” predictors of the 3D boxes (box vertical position and box vertical height). To
address this improvement, we propose providing additional cues to the model in the form
of feature maps encoding vertical offset information (in the spirit of Section 5.3) that
bypass the encoder stage and are fused directly with convolutional feature maps. But
which vertical offset information? The encoder stage already uses the components of the
average 3D position of pillar points as input features, so its possible those could be used as
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separate inputs (one dimension per feature map). However we instead focus on estimating
a feature that the network would already learn implicitly, which is the ground plane.

To generate an estimate for the ground plane, we can use a similar approach to Principal
Component Analysis (PCA) to obtain the principal axes that capture the variance in the
point cloud data for a pillar. Assume a pillar grid G having individual physical pillar
dimensions CxCxE, where C is a scaled up value (by an integer) of the corresponding
pillar grid dimension of the underlying network, to allow gathering more points for the
ground plane approximation. For a 0.22m grid in the underlying network, a grid with
C=0.66m works well for example. For a pillar grid position (i,j) in G, the cloud points
falling within the pillar can be grouped as an Nx3 matrix D ;.

11 T1,2 T1,3

To1 X222 X23

D, ;= (5.1)

IN1 TN2 TN3
The mean position of the points is then d; ; = [3‘51 To i'g} which we can copy across
rOWS as:

Dij=1: & (5.2)
T1 T9 T3
We can then subtract both matrices to produce the matrix M, ; = D; ; — Dm on which
we can apply the Singular Value Decomposition (SVD). This allows us to represent M as
follows, where in our case U is Nx3, ¥ is 3x3 and V7 is 3x3.

M;; = U, ;SVE (5.3)

The mean centering is necessary since we want to perform the analysis relative to
the center of the cloud rather than in the direction of it. Performing PCA would mean
constructing the covariance matrix using M (specifically the construction of ﬁM M
followed by an eigendecomposition. From applying SVD, the matrix > represents singu-
lar values (01, oo and o3 ordered from highest to lower) that are the square roots of the
eigenvalues that would have been obtained for the covariance matrix and its eigendecompo-
sition. The right singular vectors V' (having columns V;, V5 and V3) represent the principal
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axes from PCA, and are mutually orthonormal vectors. For the purpose of ground plane
estimation, our interest is mainly in the smallest singular value and its relationship with
the other two along with its corresponding principal axis.

If the current grid square points indeed form a ground plane, the two principal axes
from the SVD with the most variance should capture most of this cloud variation in a
plane spanned by these axes while the remaining axis would be normal to this plane. The
square of the corresponding singular value o3 (also 0, (M) = o3, the minimum singular
value for M) is then proportional to the variance of the points in this direction:

1

N 10§ (5.4)

Variance =

For point clouds that are increasingly planar, M will be increasingly ill-conditioned.
To decide whether the estimate is "good enough" as a plane estimate, we can perform
a number of checks of the SVD result to decide whether to keep or ignore the estimate
(other pre-checks such as requiring a minimum number of points, P, in the pillar to apply
the SVD are also required, that we take as 7). We first check whether smallest singular
value (0,,q,(M)) is non-zero and check the condition number (Equation (5.5)) to ensure
it is greater than a constant 77. The condition number is the ratio of largest to smallest
singular values for M, with larger values indicating a more ill-conditioned M. We also check
the ratio of the second largest singular value oy to o3 to ensure it is greater than a constant
T,. We use a value of 25 for the thresholds based on checks against the training set. Finally,
we check the resulting vector V3 (which is the normal vector) to ensure its dot product with
the vertical vector in the LiDAR frame (Y=[0 0 1]) is within J degrees (a cone around the
the vertical direction). Using a value of J=10 degrees is quite lenient in our experiments,
where for KITTT only yaw angle is provided for ground truth or expected to be predicted.
In practice, AASHTO regulations [32] in the US recommend maximum road slopes of 3
to 6% in urban and suburban environments (up to 10% in extreme cases for an angle of 6
degrees).

w(M) = Zmer M)

—Umm(M) (5.5)

For candidate normals that remain after filtering, we apply nearest neighbors to spread
its values among its 8-connected neighbors for F iterations (taken to be F=3). The value
spread is the location of the original ground plane estimate so that the new square can
compute its own ground plane. We want to spread the strictly filtered values to locations
that may have objects to provide a ground plane estimate there. We can check if this
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is occurring by applying our CxC grid G to all KITTI training frames and intersecting
ground truth boxes with this grid. We can then measure on average (per frame) how many
grid squares intersect with an object only (no ground plane estimate), how many intersect
with only a ground plane estimate and how many have both an object and a ground plane
estimate. The same check can be applied after the nearest neighbor check. We see from
Table 5.3 that initially, on average, very few grid square positions contain ground plane
estimates. After nearest neighbors, many more object positions now have a ground plane
estimate "under them" and two sets of grid squares now exist; seed squares that started
with a normal and neighbor squares that be populated from seed squares. We can visualize
the results of this process in Figure 5.7.

Mean Grid Squares | Mean Grid Squares Mean Grid Squares

Condition Object Occupied GP Occupied Object + GP Occupied
(per frame) (per frame)
Pre-Nearest
Neighbors 104 £ 79 273 £ 111 2+1
Post-Nearest
Neighbors 57 £ 52 1107 + 379 50 £ 46
(3 steps)

Table 5.3: For the KITTI training data, the number of 0.66m grid squares on average (mean
+ standard deviation) that intersect with a ground truth box only, contain a ground plane
estimate only or, intersect with an ground truth box and have a ground plane estimate.
Both pre and post nearest neighbors is shown. Using 0.66m grid squares, minimum of
7 points and maximum of 16 points per voxel, 3 steps of 8-connected nearest neighbors,
maximum ground plane angle to vertical of 10 degrees and maximum condition number of
25.
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Figure 5.7: Visualization of "seed" grid squares (0.66m grid) for 3 scenes. The top row
shows the scene. The middle row shows a point cloud and the initial seed squares (green)
on the ground plane for each corresponding scene (above). The bottom row shows the
locations where seed squares have spread after applying nearest neighbors (N=3).

Having spread the ground plane information, each "occupied" grid square will point
back to the original seed square for its ground plane estimate n,;. The last step is to
compute the actual ground plane at the original seed locations using the point mean EZM
in those seed grid squares, then compute the ground plane heights at both seed and non
seed squares. The plane normal n; ; must be orthogonal to a vector from any point on the
plane x (which is in the LiDAR frame) and the mean grid square point Pij:

n; (T — pi,j) =0 (5.6)

This can be expanded to give the equation of the line:

T + oY + N3z — NPy — NaPy — Nzpy = 0 (5.7)
nx +ngy +n3z+Q =0 (5.8)
Q = —(n1py + n2py + n3P3) (5-9)
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The plane "height" within a grid square is taken to be the center of the 0.66m grid
square in LiDAR coordinates. We can benchmark on the Jetson, the latency in computing
this estimate takes at various power modes to see how it may impact PPslim inference
speed. We can see from Table 5.4 there is a small impact due to the sparsity of the overall
LiDAR data and, assuming we use a default of a maximum of 24 points per grid square
to compute the SVD. If we compute this estimation in parallel with the voxelization and
encoder stages, we can full amortize the computation time to remove any impact on the
PPslim backbone. This is made possible since we are fusing this new information through
the feature maps and not through the PPslim encoder.

Jetson Power | Max Points Average Time
Setting Per Pillar (ms)
MAXN 16 /24 /32| 7.01 /8.6 /10.8

15W 16 /24 /32| 13.5 /14.1 / 17.9

Table 5.4: Comparison of Jetson AGX Xavier runtime per KITTI frame for computing all
SVDs and final 8-connected nearest neighbor densification using different maximum point
counts per 0.66m pillar (from 0.22m base pillar size)

When comparing the best observed PPslimg model to PPslim and PointPainting, we
see that we generally exceed the detection performance of PPslim while outperforming
PPaint in most difficulties and challenges for Car and Cyclist, as summarized in Table 5.5,
without incurring the cost of the semantic segmentation extraction stage. We can further
compute our summary F1 score for the 3D moderate challenge, as summarized in Table 5.6,
and although we don’t quite match PointPillars*, we do improve relative to PPslim.
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Method | Cyclist 2D | Cyclist BEV | Cyclist 3D Car 2D Car BEV Car 3D
mod | hard | mod | hard | mod | hard | mod | hard | mod | hard | mod | hard
RAD 71.27 | 68.23 | 65.53 | 61.79 | 62.03 | 58.28 | 91.94 | 89.34 | 88.21 | 85.70 | 75.8 | 72.65
FA3D / / 66.29 | 62.89 | 60.23 | 56.86 / / 88.1 | 85.49 | 75.47 | 71.97
PP* 71.75 | 68.45 | 68.58 | 62.9 | 65.6 | 61.16 | 89.43 | 88.26 | 88.31 | 86.96 | 77.65 | 75.56
PPslim 71.1 | 69.14 | 67.15 | 62.88 | 64.39 | 59.76 | 89.51 | 88.18 | 87.74 | 86.56 | 77.5 | 75.24
PPaint | 74.29 | 69.85 | 68.76 | 63.99 | 64.18 | 60.79 | 88.73 | 87.4 | 87.65 | 85.56 | 76.77 | 70.25
PPslimg | 75.05 | 70.75 | 68.17 | 64.89 | 65.49 | 60.81 | 89.81 | 88.67 | 88.13 | 86.68 | 77.52 | 75.33

Table 5.5: Average Precision on the KITTI Car & Cyclist classes for each of the 3 challenges
(2D, BEV and 3D) and 2 difficulties (moderate & hard). Include methods are our PPslimg
method as compared to our PPslim model, PointPillars* (PP*) as our implementation
of PointPillars and the PointPainting (PPaint) image fusion approach. Also shown are
the competing RAD and FA3D methods. We see that PPslimg generally exceeds PPslim
performance and exceeds the performance of PointPainting even with its advantage of
fusing semantic segmentation information.

Model Flg e
SA-SSD 85.29
Point-RCNN | 82.91
PointPillars® | 81.1
PPslimg 80.98
PPslim 80.35
RAD 78.79

Table 5.6: Extension table to Table 4.13. Summary of maximum F1 scores for models on
the KITTI Car class with PPslimg included (3D moderate challenge @ 0.7 IOU)

5.5 Conclusion

In this chapter we described an extension to the KITTI 3D Detection dataset that pro-
vides fine semantic segmentation annotations for the Car and Truck classes. The resulting
annotations are to be made publicly available for download. We use these new annotations
to analyze an existing extension to the PointPillars model, PointPainting, that performs
a fusion of semantic segmentation information to increase performance. We show that the
model performance can be drastically improved using a different fusion strategy (with the
same data) that bypasses the encoder stage and instead creates an occupancy grid for con-
catenating with backbone feature maps. Since the difference in computational complexity
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between both approaches is negligible, our fusion approach should be preferred since in
the limit of better semantic segmentations, the model will converge to the performance it
achieves using ground truth data.

We leverage this realization to propose an extension to our modified PPslim model from
Chapter 4, that takes localized ground plane estimations (and LiDAR reflectance values)
and fuses them by bypassing the input encoder. This fusion is performed in the same way
that was discovered to improve the fusion of semantic segmentation ground truths, relative
to the PointPainting model. The resulting model, PPslimg, maintains the fast inference
speed of PPslim while improving performance relative to it on both the Cyclist and Car
classes while exceeding the performance reported on PointPainting in most comparison
categories.
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Chapter 6

Conclusion and Future Work

In this thesis, we explored the improvement in efficiency for 2D & 3D ConvNet object
detection models for power restricted embedded platforms.

In Chapter 3 we propose using a heatmap-style approach to perform coarse pedestrian
detection. This approach relies on a simplification of a popular ConvNet architecture,
SqueezeNet, that is already built with a focus on parameter reduction. This extension uses
partially connected activations in a weighted voting scheme for the location of pedestrians,
resulting in a kind of heatmap of their location in the scene. In the process, we end up with
a small 3.24MB model which can run in real-time at 30FPS on an automotive processor
operating within a 2W envelope on an ADAS targeted embedded platform while showing
that the evaluation process for our model puts it reasonably close to good models that
can’t run on the same hardware.

In Chapter 4, we extended the existing PointPillars 3D ConvNet detector by modifying
its input encoder and remaining parts of the network that by analysis, showed little to no
performance benefit on the KITTI dataset (while using valuable computation). The result-
ing model was named PPslim. The encoder optimization for PPslim relied on a squeeze
and expand pattern, whose application was possible due to the max pooling operator used
in the encoder to remove a large dimension from the input tensor to the encoder. The
input to the network (pre max pooling) could then be squeezed in dimension while the
post max pooling stage could be expanded in dimension. Following these complexity sav-
ing modifications and having retained the encoder instead of removing it, meant that we
could decrease the resolution of the input grid to the network, allowing us to further reduce
complexity of all parts of the network (including the SSD-based detection stage). By keep-
ing the encoder, we showed the network maintains an excellent resilience to large changes
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in the grid resolution and, is something directly competing modifications for PointPillars
cannot do partly due to a misidentification of the networks weaknesses that we leverage as
strengths. We found experimentally that our modifications mean we can run our model far
faster than directly competing models. Experimentally it was also found that the resulting
model needed to be trained for far longer, likely due to the drastic decrease in parameters.

In Chapter 5, we looked to further extend the PointPillars and PPslim models through
the fusion of additional information. Our standard was the PointPainting model, which
performs a computationally expensive, sequentially executed with the 3D detector stage,
semantic segmentation of image corresponding to a 3D point cloud of a scene. To facilitate
our analysis, we first annotate the Car class of the KITTI dataset with detailed semantic
segmentations (along with an additional class). However, our approach does not fuse 2D
image features (in the form of semantic segmentations) during the encoder stage of the
PointPillars model. Instead, we compute a projection of LiDAR to the 2D segmentation
mask and use the knowledge of the resulting points spatial locations to mark a corre-
sponding feature map in the BEV with an indication of object presence. This feature map
was then fused with the convolutional layers of the PointPillars network at various depths
through experiments to show its effectiveness towards reaching ideal detection performance
on the KITTI benchmark. The realization that pushing semantic information through the
PointPillars encoder may create a performance bottleneck led us to extend the PointPil-
lars architecture by fusing an estimate of the ground plane in the same manner as our
comparison approach to PointPainting. This fusion bypassed the encoder stage while also
encoding ground level estimates to give an additional cue to the detection head regarding
the placement of 3D boxes. While the improvement for the Car class was small, a more sig-
nificant improvement was noted for the Cyclist dataset. The resulting model experienced
a small decrease in speed relative to PPslim while exceeding the evaluation performance of
PPaint without needing complex image feature fusion. We will release our segmentation
annotations publicly to aid future research.

6.0.1 Future Work

The drastic reduction in model complexity & increase in speed all the while maintaining
performance (and exceeding competing models) means that it’s possible in the future to
implement our PPslim model as a two-stage detector. With such a model, we could predict
a ground plane along with the original predictions at the first stage. The ability to estimate
a ground plane could be helpful for guarding against the increased performance loss in
the prediction of 3D box vertical size and vertical position (as revealed by our parameter
analysis). In the second stage, the proposed predictions could be merged and re-weighted to
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produce the final predictions. The first stage of such a network could omit the computation
of NMS (a threshold could still be applied to filter the first stage proposals), meaning that
a significant portion of the computational cost could be deferred to the second stage of
the network. With a two stage architecture, the feature merging approach described in
Chapter 5 would be more feasible since the addition of extra network layers would mean
a later fusion would be possible. This would allow a 2D image feature extractor (such as
a segmentation network) to execute in parallel with the two-stage network and to perform
a late fusion of features (without the drawback of having to run sequentially as in the
case of PointPainting). Even if our model speed is halved it would still run faster than
its nearest competing model. Some initial tentative work has also shown some promise in
applying our PPslim model to the NuScenes dataset, with a similar drastic reduction in
model parameters while maintaining detection performance.

Given the evaluations that we’ve performed on the Jetson using competing models, it
would be beneficial to evaluate those detectors in terms of their range performance including
minimum number of LiDAR points to maintain a certain performance threshold. We could
contrast that analysis with power consumption on the Jetson along with comparisons of
model complexity and parameter counts. It would give an opportunity to incorporate some
additional, newer, detectors from the last few years such as those utilizing transformers,
for example.

Future work following from Chapter 5 can be broken down into 2 main tasks, with the
first having a number of independent subtasks. The first is regarding the segmentation an-
notations. Since it was recently discovered that competing segmentation annotations were
released for KITTI [19] after our work was complete, a number of useful extensions could
be applied to our data. The first is to validate the competing annotations for correctness,
as several pending issues were raised on the project page regarding data quality. In our
case, the annotations were manually verified and verified through automation. Automa-
tion verification included confirming existing tracking information, for the few sequences
where it was available, matches our labels and also verifying 2D box bounds fully enclose
segmentation regions.

But in addition to this annotation subtask, another subtask would be to adjust KITTI
3D box bounds (and in turn the 2D box bounds) to give much tighter results based on a
combination of segmentation information and the visibility indicator already assigned to
each instance (fully visible, partially occluded, heavily occluded). This is due to the fact
that there are a noticeable number of KITTI 3D ground truth boxes with very large over
estimations of box bounds, likely caused by the Mechanical Turk nature of the annotations.
The sides of the 3D bounding boxes can be adjusted for fully visible sides of cars, especially
if they’re within a certain range (cloud point density). As an optional step, since KITTI
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cars are generally symmetric, points could be mirrored across the longitudinal axis of
each vehicle. Then, a registration across all separate point clouds for each unique car
in KITTI can be performed since we provide tracking information for each car, allowing
one to identify all point clouds belonging to the same vehicle across scenes. This would
give a more dense cloud for a car than any single point cloud and can be combined with
the knowledge of occlusion levels for each instance. With a dense cloud and knowledge
which cloud sides were fully visible around the object, the 3D box bounds could be moved
towards the cloud, in a negative direction to the outward pointing normal to each box face.
Consistency of the new 3D box could be checked by projecting to 2D and comparing to the
segmentation mask bounds in all frames where the car is fully visible. Furthermore, one
more subtask could be the investigation of whether utilizing the segmentations to pre-train
semantic segmentation models, that then train on a larger dataset such as NuScenes would
obtain even better performance.

The second task from Chapter 5 would be to investigate ground plane estimation as part
of the PointPillars model. The feature analysis we performed in Section 4.4.3.1 showed that
after we controlled for classification (which had a small impact on overall performance), a
large performance increase was observed through a better knowledge of the vertical position
of 3D boxes. If the PointPillars model was trained to predict the ground plane along with
3D predictions, and the ground plane was then used to adjust the 3D predictions at its
most confident ground plane locations or locations with "low" object scores, it would be
interesting to see the detection performance impact from such an adjustment. Additional
segmentations could be added for the drivable area within the scene where a definitive
ground plane ground truth could be obtained from enclosed cloud points. The reason
to do this is that even though ground plane estimation approach seems reasonable, an
end-to-end trained approach is generally preferable to a hand-crafted approach.
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Appendix A

PPslim Training Parameter
Configuration

The following tables break down PPslim training parameters into groups depending on
whether they are applicable for model building, training or augmentation.
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Description

Parameter Setting (if applicable)
Pillar Volume [0.0, -40.48, -3.0, The min and max XYZ bounds given as
Bounds 70.4, 40.48, 1.0] XY Zin and XY 7,0
Pillar Dimension [0.22, 0.22, 4] The dimension of a single pillar (meters)
Downsample Strides 2, 2] For initial convolution in each block
Encoder pre-max pool 116,32] The number of FC units
FC units ’ per layer before max-pooling
Encoder post-max pool The number of FC units
. [64] )
FC units per layer after max-pooling

Backbone Block

Channel Counts [32,64] The per-block channel counts
Backgz;lsrflock 3, 5] Number of convolutional layers in each block
Upsg?;;ie]?leCk [128, 128] Number of upsample channels per block
Up;ixggeles]i?;leock 1, 2| When upsampling block outputs

Max Pillars 8000 Maximum pillars per scene

Max Points 125 Maximum points per pillar

Table A.1: Voxelization, input encoder and backbone parameter for training an example
PPslim model from Chapter 4. Bounds and coordinates are relative to the KITTI LiDAR
frame (XYZ where X:forward, Y:left, Z:up)
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Parameter Setting (1]?2201;1112 2{;{;)
Car Anchor Size [1.6, 3.9, 1.56] In meters
Cyclist Anchor Size 0.6, 1.76, 1.73] In meters
CAynC(lzilSzraK(rilg?;r 0, 5 Values as a list (in radians)
NMS Score Threshold 0.3 Cutoff to consider for NMS
NMS IOU Threshold 0.01 10U for rejecting overlap
Rotate NMS Yes Type of NMS
Pre-NMS Max Samples 1000
Post-NMS Max Samples 300
Region Similarity I0U-based
Car Matched Threshold 0.6 Positive cutoff for SSD
Car Unmatched Threshold 0.45 Negative cutoff for SSD
Cyclist Matched Threshold 0.4 Positive cutoff for SSD
Cyclist Unmatched Threshold 0.25 Negative cutoff for SSD
Focal Loss « 0.25 Positive/negative balance factor
Focal Loss v 2.0 Easy /hard focusing factor
Activation Function Swish For entire network
Smooth L1 Localization o 3.0
Smooth L1 Localization [1.0, 1.0, 4.0, 1.0, Applied respectively to the
Loss Weights 1.0, 4.0, 3.0] XYZ position, LWH and yaw angle loss
Classification Weight 1.0 Multiplier for respective loss
Localization Weight 2.0 Multiplier for respective loss
Loss Normalization Positives Only | Which samples to count to normalize loss
Gradient clipping 15 L2 clipping
Batch Size 2
Optimizer Adam With 0.0001 weight decay
Learning Rate Exponential 0.0003 initial, decay 0.1 by 0.8
Learning Rate Policy 300+-300+300 Epochs

Table A.2: SSD detection head (including NMS) and loss parameters for training an ex-

ample PPslim model from Chapter 4. Bounds and coordinates are relative to the KITTI
LiDAR frame (XYZ where X:forward, Y:left, Z:up)
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Parameter Setting (i?(;i)c;llilz: 2{;{;)
Car samples 20 Count per scene
Car Min Points D Count per object
Cyeclist samples 8 Count per scene
Cyclist Min Points 5 Count per object
Scene Rotation Noise 5 In radians
Scene Scale Noise [0.95, 1.05] Min and max factor
Scene Translation Noise 0.2 For each XYZ, in meters
Scene Random Flips Yes
Object Rotation Noise 2 In radians
Object Scale Noise |0.95, 1.05] Min and max factor
Object Translation Noise 0.1 For each XYZ, in meters

Table A.3: Sampling augmentation parameters for training an example PPslim model from
Chapter 4. Bounds and coordinates are relative to the KITTI LiDAR frame (XYZ where
X:forward, Y:left, Z:up)
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