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Spatial Distribution Data Augmentation for Long Range LiDAR Object Detection
Kristian Ceder & Arvid Enliden

Department of Electrical Engineering
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Abstract

Since the KITTI dataset was introduced in 2013, research in LiDAR-based object
detection (OD) has increased significantly in popularity. The spike in research has
also led to improved performance, but the predictions of these models are still not
robust or accurate enough to safely be used for autonomous driving. Although the
overall performance of the models is insufficient, long-range predictions is an area
where the need for better accuracy is particularly apparent. The emergence of large
datasets has improved the overall performance of such models, but most datasets
still require data augmentations to help models converge and generalize well to un-
seen data. Many methods used for data augmentation in LIDAR OD have been
accepted as standards in the field since they have been shown to improve overall
performance. Techniques like Ground Truth Database Sampling (GTDS) and Fade
are used without thoroughly analyzing the class-specific effects and results they im-
pose on the models.

This thesis investigates how spatial distribution data augmentations can improve
long-range accuracy of LIDAR OD. This is done by downsampling ground truth
objects from the original GTDS and moving them further away from the sensor.
The goal is to increase diversity in the long-range data while keeping a realistic
spatial distribution of points for objects sampled at that range. Furthermore, a class-
specific analysis of the widely accepted GTDS and Fade augmentations is conducted
to further explore the effects these data augmentations have on the popular nuScenes
dataset. All experiments are conducted on the two common benchmarking models
PointPillars and CenterPoint. The work shows that GTDS can negatively impact the
detection accuracy of less frequent classes in nuScenes, even if the overall accuracy
increases. Moreover, we demonstrate the importance of using Fade in conjunction
with GTDS and how it can mitigate class-specific accuracy losses introduced by
GTDS. Lastly, this thesis analyzes why the long-range sampler ultimately fails at
increasing long-range accuracy.

Keywords: Object detection, LIDAR, Data augmentation, Deep learning, nuScenes,
Long range.
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1

Introduction

In the pursuit of increased traffic safety and fully autonomous driving, the need for
accurate detection and localization of surrounding objects is becoming increasingly
important. Vehicles becoming fully autonomous could include several benefits, e.g.,
saving lives in traffic, making transport more efficient and freeing up time during
travel for humans. This often requires advanced object detection methods utilizing
multiple vision sensors. The most commonly used sensors for this purpose are cam-
eras, LIDARs and radars.

LiDAR sensors have become a central sensor in 3D Object Detection (OD). Thanks
to their precise distance measurements and low latency, LIDAR sensors excel at pro-
viding spatial information about objects that are far away from the sensor. Advances
in deep learning have enabled analysis of the detailed geometric data, allowing de-
tection algorithms to distinguish objects like pedestrians, bicycles and cars based on
their size and shape. Additionally, LiDARs are comparatively robust to low-light
environments and varying weather conditions, making them a good choice when
robustness is a deciding factor.

Although State of the Art LIDAR OD models continue to improve, current imple-
mentations have neither the robustness nor accuracy to be able to guarantee safety
in autonomous driving. A common problem with many of the algorithms using Li-
DAR point clouds is their inability to reliably detect and classify objects that are
far away from the sensor. This is mainly caused by LiDAR point clouds becoming
increasingly sparse further away from the sensor, but also a side effect of the lack of
annotated LIDAR data available at longer ranges. A common solution used in [22]
is to rely on a multi-modal fusion strategy e.g., combining a camera together with
the LiDAR to increase accuracy at a distance.

However, an important reason not to solve this issue by early fusion with camera
data is redundancy. The need for careful time synchronization and calibration be-
tween cameras and LiDARs makes early fusion models more sensitive to failure cases.
Ideally, the two different approaches should both, independently of each other, be
accurate enough to be used in the sensors’ preferred environment. Combining the
sensors too early in the research might inhibit the progress of the single modal-
ity models individually, ultimately affecting the overall safety and integrity of the
system.



1. Introduction

The amount of open-source annotated point cloud data available has increased in
recent times, but there is still a need for more diverse datasets to help the models
perform and generalize well to unseen data. In this thesis, we study techniques that
augment the data available in open-source datasets to further diversify it. We also
try to further enhance the techniques to provide more diverse data on longer ranges
by moving and downsampling parts of the data.

1.1 Thesis aim

Data augmentations used in new models and their publications are used as com-
mon practice and their effects are often overlooked or not analyzed closely in their
papers. The aim of this thesis is to investigate how some common augmentations af-
fect performance, with special focus on Ground Truth Database Sampling (GTDS).
Furthermore, it also aims to investigate if GTDS can be modified to increase de-
tection accuracy on longer ranges by moving sampled objects from the standard
GTDS further away from the sensor. This introduces additional challenges due to
the vastly different point representations of objects depending on their location in
relation to the sensor. Hence, we also aim to investigate how objects can be properly
downsampled to conform to these point representations.

GTDS is commonly complemented with an augmentation strategy called Fade [31],
which refers to training without GTDS during the later epochs of a model’s training
in order to better adapt to the real-world data distribution of the datasets used.
Although it has been proven to result in significant performance gains, it has to the
best of our knowledge never been examined systematically to determine its effect on
different detection classes.

1.2 Related work

This section aims at introducing work that is similar to what will be presented in
this thesis. It will focus on works that are closely related to GTDS and how they
relate to ours.

A few attempts utilizing advanced techniques have been made in order to realisti-
cally model where ground truth objects should be placed and what the subset of
points inside each object should be. The authors of [36] propose what they call Shape
Aware Data Augmentations or Frustum Augmentations, which is a modification of
GTDS where each bounding box is split into six different sections. Each section is
then randomly augmented with one of the following techniques before being pasted
into a scene: dropping all points in a section, swapping one of the sections with
the same section from another object, or downsampling one of the sections using
Farthest Point Sampling (FPS). According to the results presented in their ablation
studies, this improves the AP of the Car class on the KITTI dataset by about 0.5
percentage points for all three difficulty levels (easy, medium and hard) [11].
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1. Introduction

Another work, [17], puts more focus on where objects are placed when sampled.
They argue that placing objects randomly into scenes misleads the models to learn
the wrong context information between objects and background. As a result of this,
a method that extracts the valid space for where objects can be placed into a scene
is developed and used when applying GTDS on the KITTI dataset. The results vary
quite a lot between the different models the method is applied to but it generally
improves the detection score, especially for the cyclist class.

A specific work that shares a lot of similarities with what we are proposing in this
thesis is [16]. The authors of the paper aim to increase long-range detections on the
KITTI dataset by moving them further away from the sensor by a fixed factor of
twice the 2D Birds Eye View (BEV) distance. Downsampling the objects that are
moved further away is done systematically by deleting whole scan lines of the Li-
DAR points inside a bounding box along with removing every other point in the scan
lines that are left. This is easily manageable as long as the distance of the objects is
exactly doubled, since this should result in dividing the number of scan lines hitting
the object by 2 while also dropping every other point from each of the scan lines,
staying true to the natural representation of the objects detected by a LIDAR sweep.

However, this is a bit trickier on the NuScenes dataset due to the common con-
catenation of LiDAR sweeps that is used to make the point cloud more dense. The
concatenation adds noise to the scan lines between different sweeps, making it a
lot harder to distinguish which points belong to which scan line. A clear example
of this phenomenon is shown in Figure 1.1. This is especially true for objects that
are originally detected close to the sensor, leaving little room between scan lines.
Additionally, the concatenation process only takes into account the ego vehicle’s
movement, resulting in even more scan line noise for objects that are in motion.

(a) Side view. (b) Side-front view.

Figure 1.1: Two views of the same object to visualize the noise in scan lines for
objects with 10 concatenated frames on the NuScenes dataset. The object is a Car
located at a 13m distance from the ego-vehicle.
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1.3 Contributions

The main contributions of this thesis are as follows:

o We investigate the effect of GTDS on two models; PointPillars and Center-
Point, both on the nuScenes dataset. We show that while GTDS may be
beneficial in most cases, it can sometimes do more harm than good for specific
classes. We also show that these results may vary depending on which model
is used.

o We design range-specific tests for evaluating performance on the nuScenes
dataset. The range intervals include short, medium and long range.

o We make an attempt at increasing the mAP of these models for long-range
detections (on an interval ranging from 2/3 to 3/3 of the max range for each
class) by modifying the GTDS-sampler using three different methods. This
is done by moving objects further away from the sensor before downsampling
them accordingly or by simply filtering them by range in order to stay consis-
tent with the point distributions inside objects.

o We systematically examine the effects of Fade for CenterPoint and PointPillars
on the nuScenes dataset, which has to the best of our knowledge not been done
before. Our work show that Fade can mitigate the reduced accuracy that is
introduced by using GTDS for uncommon classes.

1.4 Thesis outline

In Chapter 2 (Preliminaries), background and important theoretical concepts are
explained in order to provide the reader with information that we find necessary
to be able to understand the rest of the work conducted in this thesis. In Chapter
3 (Methods) we describe how the experiments are conducted and present the dif-
ferent versions of the modified GTDS to be evaluated. Chapter 4 (Experimental
Evaluation) presents implementation details like tuning parameters of the methods
explained in Chapter 3, the results achieved by carrying out these experiments and
a detailed discussion about the outcome of these. Chapter 5 (Conclusion) starts
with the main takeaways from this thesis and is continued with proposed subjects
for further research. It is then finished with reflections on the possible ethical and
societal impacts related to research in OD.



2

Preliminaries

This section aims to give the reader knowledge of important theoretical concepts
related to LiDAR-based 3D OD and common data augmentations. It begins by
introducing the basics of LiDAR sensors and common OD datasets which include
LiDAR data. Furthermore, fundamental theory related to neural networks (NNs)
will be presented before moving on to subjects like 3D OD, metrics and data aug-
mentations, which are more specific to this thesis.

2.1 LiDAR

LiDAR is an abbreviation for Light Detection And Ranging. It is a sensor type that
is commonly used when precise 3D information is required. A LiDAR sensor cast
beams of light and measures the time it takes for that beam to reflect back to the
sensor. The LiDAR also measures the intensity of the reflected light. This informa-
tion is then used to create a sparse but highly accurate 3D environment of points.
The most common type of LiDAR is the 360° rotating LiDAR. The resolution of
rotating LIDARs is mainly affected by the number of beams (layers) used to scan the
environment. Most LiIDAR sensors use layer counts of 16, 32, or 64. Each layer is a
laser with a fixed angle relative to the sensor’s rotational axis. The layer dimension
is usually called elevation and the rotating angle around the sensor’s z-axis is called
azimuth.

As the sensor rotates, each laser in the layers measures the distance to a point in
space. The distance d of a point is calculated using the formula

c-t

d= 5 (2.1)
where c is the speed of light and ¢ is the time it takes for the ray of light to bounce
on an object and back to the sensor. Given a traditional spherical coordinate system
parameterized using elevation O, azimuth ¢ and distance d, a point in 3D can be
defined. All points acquired from one rotation of the sensor are then combined into
a point cloud represented with spherical coordinates. The point clouds are usually
converted to a Cartesian coordinate system for further processing. The Cartesian

coordinates of each point x, y and z are calculated using

x = dsin © cos ,
y = dsin © sin o, (2.2)
z = dcos ©.
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2.2 Object detection in 2D and 3D data

2D OD is a well-researched subject that refers to detecting instances of objects,
usually in an RGB image, while also classifying and localizing them. In images, this
task has during the last ten years been dominated by deep learning models. Some
of the most well-known models in later years for this task include YOLO [2], SSD
[21] and DETR [4]. YOLO and SSD are one-stage detectors that mainly utilize
convolutional neural networks, while DETR is based on a transformer architecture.
In order to be utilized for autonomous driving purposes, the most important OD
metrics are accuracy and speed (commonly measured as mAP and inference time [s]
or frequency [Hz|, respectively).

Although 2D OD can be argued to be a crucial part of autonomous driving, safely
navigating complex traffic environments relies on accurately localizing objects in a
3D environment. While this is theoretically possible using only cameras and Monoc-
ular Depth Estimation like [27], high-end precision for 3D OD currently relies on
other sensor modalities like RADAR and LiDAR. Although it has gained more trac-
tion in later years as sensors and computational hardware has been evolving and
getting cheaper, 3D OD is a substantially less researched area than 2D OD. The
main enabler of these methods was when the KITTT dataset was extended to include
benchmarks for 3D OD in 2017.

LiDAR 3D OD is similar to 2D OD in the sense that accuracy and speed are of great
importance, but the data that the NN’s operate on is vastly different. LiDAR data
is sparse by nature, which makes it hard to directly transfer 2D OD models to 3D
OD tasks. Generally, 3D OD performance is measured using mAP which is usually
calculated by Intersection over Union (IoU) matching [11, 30] or center-distance
matching [3].

2.3 Artificial neural networks

The term deep neural networks is commonly used for NNs consisting of many layers.
A layer generally consists of a fixed number of neurons, represented by a weight
matrix, w, and a bias vector, b, that take some kind of vectorized input z and
calculate an output a as

a=g(z-w+b) (2.3)

where ¢(-) is an nonlinear activation function. The simplest form of a neural network
has one neuron that takes a scalar input x and outputs a scalar y. For this case, the
dimensions of the w- and b-matrices would both be R'*!. Neurons can be stacked
on top of each other to form layers and next to each other to increase layer depth.
In a fully connected NN, the output of all neurons in a layer is connected to the next
layer as can be seen in Figure 2.1. In this figure, the input is of dimension 3. The
NNs (or subparts of NNs) consisting solely of fully connected layers are commonly
referred to as Multilayer Perceptrons (MLPs).

6



2. Preliminaries

Figure 2.1: 2-layer fully connected artificial neural network. Each layer has 4
neurons. Input size (dimension of x) is 3 and output size (dimension of y) is 2

2.3.1 Convolutional neural networks

Convolutional neural network layers are commonly used for processing images or
other regularly sized inputs of multiple dimensions that have a strong local connec-
tion between sections of the input. A convolutional layer takes a fixed-size input
and performs convolutional operations on it using fixed-size filters. Convolutional
layers, just like MLPs contain weights and biases.

To illustrate how convolutional layers work, let us look at a 2D convolutional layer
example. The network takes an image of fixed dimensions (width) x (height) x (c)
(where ¢ is the number of image channels) as input and applies a convolutional filter
of size 3x3 to each pixel in the image along with its closest neighboring pixels. In
our toy case, the input is of size 4x4x1 and consists of the pixels p;; where 7 is
the horizontal coordinate and j is the vertical coordinate. Such a filter contains
10 learnable parameters; one for each "pixel" in the filter along with a bias that is
shared for all filter pixels. The output yi; will be of size (width — 2) x (height —2),
which would be 2 X 2 in our toy case. The height- and width-reductions are a con-
sequence of the filter not being applicable to parts of the image where one or more
filter pixels would end up outside the input image, and this is commonly dealt with
by zero padding images in order to be able to keep the original dimensions.

If the filter weights are defined as w;; Vi,j € {1,2,...,s} where s is the filter size
along with the bias b, in this case 3, the first convolutional operation of the filtering
operation above can be described as
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3

3
Y11= Z me‘ ~wjj + b, (2.4)

i=1j=1

or more generally as a matrix multiplication

Yij = Pli—1:i+1),(i—1:j+1) - W + b (2.5)

It is common to add more filter channels in a convolutional layer. If a convolu-
tional layer has ¢ channels, this means it contains n filter which will each be ap-
plied to all of the output channels of the previous layer, producing an output of
(width — 2) x (height — 2) X (¢), where ¢ is the number of channels in the convo-
lutional layer. A layer of 3 x 3 filters like this will contain ¢ - (3 -3 4 1) learnable
parameters.

Convolutional layers work similarly in 3D as in 2D but are not used as frequently
due to the rapidly increasing computational complexity with respect to the input-
and filter-sizes. Some adaptations like Sparse convolution [12] and Submanifold
convolution [13] have been proposed to overcome this problem, and these are also
commonly used within the field of 3D OD.

2.3.2 Supervised learning
NNs are trained by feeding data into a network and tasking it with minimizing a

loss function £(0, #) where  is the NN output and 6 is the ground truth. Common
loss functions in OD include L1 loss,

L1(A,0) = |0 — 4|, (2.6)

for regression and binary cross entropy loss (BCE) for classification

BCE(0,0) = —(0log(6) + (1 — 6) log(1 — ). (2.7)

The minimization procedure is realized using an optimizer and most common opti-
mization algorithms used in deep learning are variants of gradient descent. Gradient
descent is an iterative algorithm and the simplest form of gradient descent can be
described by the equation

Tni1=x, —YVF(x,) (2.8)
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where x is the parameters of the multivariate function F', n is the iteration step,
is a step length or learning rate and VF' is the gradient of F.

Backpropagation is an efficient way to calculate the gradient of a loss function and
is the most common approach for learning in artificial neural network applications.
Backpropagation in neural networks was first introduced in 1986 [28]. It makes use
of the multivariate chain rule

d oy _ OF dx  OF dy

_OFox  OFdy 2.9
dr dt | dy dt’ (2.9)

and calculates the partial derivatives of the NNs parameters layer by layer, sweeping
backward through the network. Since the derivatives are calculated in a backward
sweeping manner layer by layer, it is easy to parallelize these calculations and speed
up the algorithm.

2.4 LiDAR OD model architectures

LiDAR OD models are commonly divided into backbones and detectors. This section
provides a brief explanation about their differences and how they operate on the
point cloud data.

2.4.1 Backbones

Three different types of backbones are generally used in LiDAR OD models. Point-
wise backbones were popular at the inception of LIDAR OD, but are less popular
nowadays due to their inability to effectively scale to high-resolution point clouds
that contain a massive amount of points. Pillarization backbones are commonly
used when inference speed is of great importance, while voxelization networks tend
to perform better in terms of detection score, at least for outdoor LIDAR OD chal-
lenges.

Pointwise

Pointwise backbones generally demand a fixed number of points as the input. As a
result of this, they require some kind of downsampling method to be applied to the
initial set of points in a point cloud that is produced by a modern LiDAR sensor
before they can be applied. This is usually done using FPS, which has a huge com-
putational load when applied to big sets of points.

The first successful method to apply pointwise backbones was PointNet [25]. It was
used to learn pointwise features directly from input point clouds to perform several
different tasks on indoor point cloud datasets. The key component in the PointNet
backbone is a max pooling operation that helps the network select points of interest



2. Preliminaries

while filtering out those that are not as important, all while encoding the reason for
selecting the "interesting" points into features. The final fully connected layers of the
model can then aggregate these features to make classification decisions. PointNet
structures are also commonly used for object refinements in two-stage detectors by
utilizing them on proposed regions of interest in the point clouds.

Pillarization

Pillarization was first introduced by [18] and is technically a voxelization technique.
The point cloud is divided into evenly sized pillars along the x- and y- dimensions
where the pillar size is a hyperparameter tuned during training. Each point in the
pillar is then augmented with information regarding the offset of the point from the
arithmetic mean of all points in the pillar, and also the offset in x- y- dimensions
from the pillar center. Due to the sparse nature of the point cloud, a maximum
number of non-empty pillars is enforced along with a maximum number of points
per pillar. If the limit for maximum number of points or pillars is violated, random
sampling is applied to achieve the correct number of points or pillars.

Each point in the pillar is further processed using a simplified version of PointNet
[25]. A max pooling operation over all the processed points in the pillar is used to
reduce the dimension further. These operations on all pillars result in a (C, L, W)
tensor where C' is the feature dimension acquired by the simplified PointNet, L and
W indicate the length and width of the pillarized point cloud.

Voxelization

Voxelization for 3D OD was first introduced by VoxelNet [37]. The point cloud is
divided into equally sized voxels where voxel size is a hyper-parameter. The points
which reside in each voxel are grouped together for further processing. To handle
the varying point density in the voxels, a fixed number of T points are randomly
sampled in those voxels which contain more than 7" points. The voxels containing
less than T points are instead zero-padded.

2.4.2 Detectors

The detectors, or heads, of the model can be divided into single stage and multi
stage detectors. The main difference between the two is whether there is a box
refinement process or not as mentioned in Section 1. We also differentiate between
Anchor-based and Anchor-free detectors. Here lies a more fundamental difference
between the two which will be presented below.

Anchor-based detection

Many of the initial efforts within 3D OD utilized anchors to define bounding boxes.
This also is a technique commonly used within 2D OD [2]. It works by predefining
a big number(usually thousands) of anchor boxes for each class in each scene. Due
to the rapidly increasing complexity and the sheer amount of required anchor boxes

10
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when translating this technique to 3D scenes, these anchors are commonly proposed
in the 2D Birds Eye View (BEV) for 3D OD. In the case where 3D anchor boxes are
used, they are commonly fixed with respect to sizes in all three dimensions (length,
width, height) [34]. Each ground truth in a scene is then assigned to the anchor box
that produces the highest Intersection over Union (IoU), as long as the IoU is larger
than a predefined threshold.

Anchor-free detection

Anchor-free OD models get rid of the anchor boxes altogether, usually in favor of
some kind of object center prediction model [6, 35]. The object center prediction out-
puts keypoint heatmaps for each specific class. The center predictions and features
extracted around them can then be used to regress all of the remaining parameters
such as length, width, height and orientation.

2.5 Datasets

Since the KITTI dataset was released, several advancements in datasets for au-
tonomous driving have been made to help drive the development of autonomous
vehicle solutions. This section aims to cover the most commonly used datasets and
their characteristics.

2.5.1 KITTI

The KITTI dataset for autonomous driving was introduced in 2013 [11] and was for
a long time the go-to dataset for 3D OD in outdoor scenes. The test vehicle used to
record the data for this dataset was equipped with two grayscale PointGrey Flea2
video cameras, a Velodyne HDL-64E LiDAR and a GPS/IMU localization unit. The
3D OD challenge presented in their paper supplies 7481 training images and 7518
testing images along with their respective point clouds. These are spread over 50
scenes, resulting in a total of about 80k labeled objects. The challenge performance
is evaluated by the PASCAL criteria [9]. For the 3D OD challenge, it contains
three different classes; car, pedestrian and cyclist. The individual samples for these
classes are each split into one of three different difficulties (easy, medium or hard)
depending on their 2D bounding box heights, occlusion level and truncation. True
positives are defined as bounding boxes with more than 0.7 BEV IoU for cars and
0.5 BEV IoU for pedestrians and cyclists. Regarding the class balance, cars account
for 82.99% of the annotated objects, with pedestrians and cyclists at 12.75% and
4.24% respectively [19].

The entirety of the KITTI dataset is recorded in Karlsruhe, Germany, and only con-
tains recordings from sunny days, thus leaving a lot to be desired regarding dataset
diversity. Due to this fact along with it only containing annotations in front of the
ego vehicle and a relatively low number of scenes available in the KITTI dataset, it
is no longer commonly used for training and evaluating 3D object detectors at the
time of writing.

11
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2.5.2 nuScenes

The nuScenes dataset was introduced in 2019 [3] by nuTonomy. It is claimed by the
authors to be the first dataset to carry the full autonomous vehicle sensor suite and
includes six cameras, five radars, one LiDAR and GPS/IMU localization. Each sen-
sor modality has a 360° field of view and the LiDAR is a 32-beam version producing
about 32K points per 360° scan. The data is recorded during different weather con-
ditions both in Boston and Singapore, resulting in a more diverse environment than
the ones provided by KITTI and WOD [23]. NuScenes consist of 1000 sequences,
annotating 10 different classes for the 3D OD challenge. The challenge is mainly
evaluated using nuScenes Detection Score (NDS), which is a weighted sum of the
mAP and a number of other metrics that are only calculated for the true positive
matches. Unlike for KITTI, the annotations are not categorized by difficulty. Also,
true positives are not matched using IoU, but instead by the distance between a
prediction box center and a ground truth box center. This is done for four different
distances (0.5m, 1m, 2m and 4m) and the final AP is an average of the AP for all
these distances. If more than one prediction is within a specific center distance, the
one with the highest confidence score is chosen while the others are discarded.

The point clouds of nuScenes are annotated at 2Hz while the LiDAR operates at
20Hz. The annotated point clouds are commonly referred to as frames while the non-
annotated ones are called sweeps. Due to the sparsity of the point clouds produced
by the 32-beam LiDAR sensor, the sweeps are usually concatenated with the help
of localization data to produce more dense point clouds. A downside of nuScenes is
that it suffers from severe class imbalance, which is mostly caused by the number
of classes represented. This is usually managed by utilizing data augmentations or
specialized loss functions [38].

2.5.3 Waymo Open Dataset

The Waymo Open Dataset (WOD) was introduced shortly after nuScenes in a col-
laboration of Waymo LLC and Google LLC [30]. It is recorded using a sensor suite
of five LiDARs, five cameras and a GPS/IMU localization system. Four of the Li-
DARs are of the short-range type (restricted to 20m range). These are placed at
the corners of the test vehicle used to record the data, while a mid-range (restricted
to 75m) LiDAR is placed on the top of the roof, resulting in a total of about 177K
points per scan. The data is recorded in the areas of Phoenix and San Francisco,
USA. Like for nuScenes, WOD consists of 20s sequences of data. There are 798, 202
and 150 scenes for training, validation and testing respectively. Regarding classes,
WOD is limited to wehicles, pedestrians, cyclists and signs. While this alleviates
some of the class imbalance seen in nuScenes, there is still a pretty big discrepancy
between the number of annotated objects (6.1M vehicles, 2.8M pedestrians and 67k
cyclists).

Similarly to KITTI, WOD uses two levels of difficulty for each detection sample. The

metrics for the harder level, LEVEL_ 2, accumulate and thus include all samples for
LEVEL_1 as well. LEVEL_ 2 is defined by bounding boxes that contain less than

12
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Intersection Union

Figure 2.2: Examples of intersection and union used to calculate IoU. The pre-
dicted bounding box A is represented in red, and the ground truth bounding box B
is represented in green. The intersection and union areas are marked in blue.

five points, or bounding boxes that are manually labeled as "hard". As for challenge
scores, WOD evaluates each difficulty level using standard AP, including all vehicles
with 2D BEV IOU of more than 0.7 and all pedestrians with a 2D BEV 10U of more
than 0.5. However it also uses a metric called AP Heading which puts emphasis on
the heading direction of the true positives. The WOD creators argue that this is a
critical aspect of 3D OD for autonomous driving purposes. NuScenes uses a similar
approach with their Average Orientation Error, but it is not weighed equally high
in their NDS.

2.6 Metrics

To be able to compare and evaluate the performance of different OD models some
metrics need to be defined. Commonly used metrics for 3D OD include mAP, ToU
and NDS.

IoU for 3D bounding boxes is calculated as

ANB
AUB’
where A is a predicted bounding box and B is a ground truth bounding box. ANB is

the volume of the bounding box intersection and AUB is the union. IoU is therefore a
scalar value between zero and one. A visual example in 2D can be seen in Figure 2.2.

IoU (A, B) = (2.10)

Matching of predicted bounding boxes and ground truth bounding boxes can be
done in different ways. A common approach is to use an IoU matching where a
match is defined by a lower limit on the IoU. NuScenes utilizes another approach
where the matching is defined by using prediction confidence and 2D center distance
d between the prediction and the ground truth bounding box. The matching is done
on the ranges d = [0.5, 1.0, 2.0, 4.0Jm respectively. Their reasoning for using this
instead of using an IoU threshold is that they want to decouple the orientation and

13
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Figure 2.3: A Precision-Recall curve describing the performance of a binary clas-
sifier over different confidence intervals. The dashed red lines are filtering limits
used to reduce noise in low precision/recall areas which are specifically used in the
nuScenes OD challenge.

scale from detection. Another reason is that classes with a small 2D area footprint
will have 0 ToU even for a minor translation error.

Precision and recall are used to measure the quality of the detections by calculating
the AP. Precision is calculated as
TP
Precision = ——— 2.11
recision = 5 (2.11)
where TP is a set of true positive matches and FP is a set of false positives. Recall

is calculated as P
l=— 2.12
Reca TP L PN ( )

where FN is a set of false negatives. AP is calculated as the normalized area under
the precision-recall curve, which is a graphical representation of a binary classifier’s
performance over different confidence values. An example can be seen in Figure 2.3.
The mAP is calculated as the mean over all classes and distance thresholds as

LSS AP(ea), (2.13)

mAP =
ICIID| 2 i

where C is the set of all classes and D is the the set of matching distance thresholds.
The true positive metrics TP, used are average translation error (ATE), average
scale error (ASE), average orientation error (AOE), average velocity error (AVE)
and average attribute error (AAE). T'P,, is only defined for correct matches at a
fixed 2D center distance d = 2.0. ATE is the 2D Euclidean center distance between
the ground truth bounding box and the matched predicted bounding box. ASE is

14
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calculated after box centering and alignment as 1 — IoU. The smallest difference in
yaw angle between the predicted and ground truth bounding box is used as AOE.
AVE is the L2-norm of the difference between ground truth and predicted velocities
and AAE is defined as 1 —acc where acc is the attribute classification accuracy. The
mean of each T'P,, (mTP,,) is calculated as

_ 1

mT P, =
C

S TP,(c). (2.14)

ceC

The nuScenes detection score is the primary metric used on the nuScenes leaderboard
of 3D OD and is defined as

NDS = 110 <5 -mAP+ > (1-min(l, mTPm(tp))>. (2.15)

tp€T Py,

2.7 Data augmentations for LIDAR OD

The nature of LiDAR point clouds in combination with the OD task allows for a
wide range of data augmentations. This section will structure the commonly used
data augmentations and describe them in detail. Following [15], the augmentations
will be divided into one of two categories; Global and Local augmentations.

2.7.1 Global augmentations

Global data augmentations consider the ones that augment the whole point cloud al-
together. The most common ones include Global Translation, Global Scaling, Global
Rotation, Global Random Flip, Ground Removal and the previously mentioned Sweep
Concatenation.

Consider the case of describing the set of all points in a point cloud P = {p1, pa, ..., pn}
with n number of points and m number of corresponding ground truth annota-
tions A = {ay,as,...,a,,}. FEach point p; € P can subsequently be described as
pi = [%i, yi, zi, 5] The reflectivity return r; will be dropped in this notation from here
onward as none of the data augmentations alter it. Additionally, ground truth anno-
tations are described using 3D bounding boxes a; = [z, y5, 2§, w;, l;, by, 05] : a; € A.

Global translation is usually implemented by sampling translations A,, A, and A,
individually from a normal distribution before applying these to all points as

P =[x + Ag,ys + Ay, z+ A Vie{l,2,..,n}. (2.16)

Additionally the center coordinates of the bounding boxes z¢, y{ and z{ also need
to be adjusted accordingly

15
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at‘rans — [1'5 + Ax, yjc —+ Ay, Z]C —+ AZ, Wi, lj, hj, HJ] Vj - {1, 2, ,m} (217)

J

Global Rotation essentially means rotating every point p; around the upright axis
(in most cases the z-axis) by an angle « that is usually drawn from a uniform dis-
tribution with limits +/3. The bounding boxes a; need to be rotated as well, which
requires the bounding box angles ; to be modified, resulting in

a';ot _ [L‘; . COS(O&) — yjc . sin(a), CL’; . SiIl(CY) + yj . COS(Q)7 ZJC‘7 wy, lj’ hj? Qj + Oé] (2 18)
Vie{1,2,.,m}, =
and
i = [ - cos(@) — i - sin(a), x; - sin(@) + y; - cos(a), z;
= - cos(a) = g -sinf). - sin(o) +iceos(a) 5]

Vie{l,2,...,n}.

Global Random Flip is an augmentation that refers to flipping the point cloud over
one of its Cartesian coordinate axes. Flipping over the z-axis is usually omitted
due to the irregular point cloud structures that are caused by doing this. However,
flipping over the x- and y-axes can be done both separately and simultaneously. In
the case of flipping over the forwards facing x-axis, the points in P will be translated
as

P = [y —y ] Vi€ {1,2,....n). (2.20)

In addition to requiring the negated y-coordinates, the ground truth annotations
also require alteration of their angles when flipped. For the same x-axis flip case,
the annotations will be modified as

a]xflip = [l'jy _y]c‘7 Z]c‘7 Wy, lja hj’ (0] + ﬂ-)mOd 271-] <221)

Similar equations with minor differences in ground truth annotation angles and signs
are used for flipping over the y-axis and flipping over both axes simultaneously.
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Global scaling simply refers to multiplying all the coordinates of a point p; by a
scaling factor s, also drawn from a uniform distribution with bounds 1 £+ 5,

scaled __
i =

[z~ s,yi- 8,2 -s] Vie{l,2,..,n}. (2.22)

The ground truth annotations will be modified according to

qscaled _ (255,955,255, wy - 8,055, hy - 5,0;] Vi€ {1,2,...,m}. (2.23)

J

Finally, Sweep Concatenation was described briefly in section 2.5.2. For nuScenes,
precise localization information is achieved by utilizing Monte Carlo Localization
using LiDAR and odometry data. These localization measurements allow for good
ego state estimation (<10cm error) which can be used to concatenate point clouds
across multiple sweeps without these turning out to look dragged out due to ego
movement [3]. It is however not able to account for the movement of surround-
ing objects, sometimes causing specific objects to have a dragged-out look. This
phenomenon is visualized in Figure 2.4. In order to combat this problem and also
provide the neural networks trained on the dataset with some temporal information,
each point p; is also augmented by concatenating them with a timestamp d; which
describes how far from the key frame it was recorded

P = (i, Yis 2574, 04 (2.24)

2.7.2 Local augmentations

Local augmentations are generally utilized less frequently than the global ones de-
scribed in the previous section, with the exception of GTDS. Some of them have
however been proven by other articles to have a positive effect on model performance
[15], and we will thus be going over them in this section. The most commonly uti-
lized ones that are known to us include Local Translation, Local Rotation, Local
Scaling and the previously mentioned GTDS.

Local Translation is similar to Global Translation but is only applied to ground
truth annotation and the points inside those. Just like for Global Translation, if
this augmentation is used the translations are usually sampled independently from
a normal distribution for x-, y- and z-coordinates.
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Figure 2.4: Moving Car at distance ~10m from the LiDAR sensor in the nuScenes
dataset. Sweep concatenation of 10 sweeps used. The direction of movement is
visualized by the green line.

Local Rotation implies rotating the points inside a ground truth annotation’s bound-
ing box around one of its center axes. Most commonly, this is done only around
the upwards-facing z-axis. If applied, it would once again be done by uniformly
sampling an angle a on an interval +43. It is important not to choose a value of 8
that is too high, as this could possibly alter the geometric information of an object
too much, e.g. turning an object that should be convex at its current position into
a concave one if rotated by m radians. The calculations applied to the points p
(assuming the center coordinates of the annotation are moved to [0,0,0]) inside the
ground truth annotation a; would be,

rot __

P =[xy - cos(ar) — yg - sin(a), xy - sin(a) + yi - cos(@), 2, (2.25)

and the corresponding ground truth annotation change,

ai = [.2?5, y]c‘a Z;’ Wy, lj> hja (6‘3 + a)mOd QW]’ <226)

J

where mod is the modulo division operation.

Once again similar to its global counterpart, Local Scaling would be implemented
by sampling a scaling factor s uniformly on an interval 1 £+ S before multiplying
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the coordinates of all the points inside a ground truth annotation bounding box the
C

factor s (assuming [0,0,0] at [z§,y5, 2§]) along with scaling the length, width and
height of the annotation by the same factor.

Finally, GTDS was first introduced by [34] and has since been applied when training
the majority of new SOTA LiDAR OD models. It collects all the ground truth an-
notations in the whole dataset along with their corresponding points and puts them
into an offline database. This database can be sampled from to paste objects into
other point clouds during training time in order to simulate more objects in each
point cloud. GTDS was proposed by its inventors to be able to increase both con-
verge speed and final detection results significantly. In order to minimize the possible
negative effects of this augmentation, it is usually implemented in combination with
a filter for minimum points inside each sampled annotation, a collision check in order
to avoid overlapping objects when pasting, a difficulty-level filter (only applicable
for WOD and KITTI) and class-specific sampling frequency parameters to allow
for some mitigation of dataset class imbalance. It also helps even out the distribu-
tion between foreground and background points in each training sample point cloud.

In their 2021 paper, [31] proposed a GTDS modification called Fade. They argued
that while the original GTDS augmentation helps the networks trained for LiDAR
OD converge faster and improves their final accuracy, it skews the object distribu-
tion which may result in unwanted predictions. Thus, they trained their model for
20 epochs but disabled GTDS for the last 5 epochs, improving mAP by a significant
amount. This has later also been utilized effectively by models like TransFusion [1].

Apart from these relatively common and general approaches to local data augmen-
tations, there also exist more specialized and complicated ones. An example of this
is frustum-based local augmentations, which were proposed in [7]. Just like the
name suggests, these operate on a frustum of the points inside a bounding box. A
frustum is a subset of the points in the bounding box which lie within a certain
subset of the volume spanned by the box. Frustum augmentations include Frustum
Dropout and Frustum Noise. Other examples include methods that specialize in
using GTDS to sample objects in logical locations of the point clouds, for example
pedestrians on sidewalks, or handling occlusion while pasting objects into scenes [29].

2.8 Farthest Point Sampling

Farthest Point Sampling (FPS) is an iterative approach to sample evenly spaced
points in a set of points in arbitrary dimensions. For the case of simplicity, we will
illustrate this in 2D but in practice it works for any number of dimensions.
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Figure 2.5: Comparison between points sampled from a 2D point grid using FPS
and random sampling. The initially random sampled point in the FPS algorithm is
marked in red.

Given a set of n points P = {po,p1,..,pn} € R? and the number of points to be
sampled N. One point p is picked at random and removed from P. The point p
is then added to the set of sampled points S. For each point in P, calculate the
shortest distance to any of the points in §. Add the point with the farthest distance
from S to § and remove it from P. The process is repeated until S consists of N
points. A visual example of the discrepancy between FPS and random sampling can
be seen in Figure 2.5
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Methods

With the aim of improving LiDAR object detection, this thesis focuses on investi-
gating the effect of data augmentations and improving the GTDS technique that is
commonly used while training models for this cause. The latter is mainly done by
extending the functionality of the original GTDS in order to enhance data diver-
sity and enable training to focus on more difficult objects, especially ones far away;,
instead of overtraining on closer objects that are generally easier for the models to
learn to detect. We evaluate three different methods of modifying GTDS:

1. Random Factor 2D range increase with downsampling (RFD)
2. Random Range sampling for 2D locations to paste objects into (RRD)
3. Hard Range Filtering by object range without any downsampling (HRFiS)

Each of these techniques will be described in their respective subsections below. For
all of our proposed methods, the number of sampled objects for each point cloud
is consistent with the ones in [35], which tend to sample uncommon classes more
frequently. These values are presented in Table 3.1. Keep in mind that the actual
number of sampled objects is slightly lower due to objects being filtered out when
they overlap with another object or when they end up outside the detection range.

Table 3.1: Number of objects sampled into each point cloud during training.

Class Num. Sampled
Car 2

Truck

Bus

Trailer

Construction Vehicle
Motorcycle

Bicycle

Pedestrian

Traffic Cone

Barrier

NN OO =W
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3.1 Dataset selection

The nuScenes dataset is selected for this work as it has a similar amount of LIDAR
data as WOD but with a wider range of classes. The long tail distribution of classes
makes good performance for all classes a challenging task. The number of classes in
the dataset opens up for performance improvements on the more difficult and less
frequent classes like Construction Vehicle and Bicycle. NuScenes also comes with
additional benefits compared to WOD. Since the dataset is collected both in the US
and in Singapore, the variation of shapes is greater compared to a dataset collected
in one country. There is also a larger portion of data collected during rainy days
compared to WOD which adds to making nuScenes a more diverse dataset [23].

3.2 Model selection

A major factor in deciding which models to use for the experiments in this thesis is
which ones are ready with open source configurations and support for the dataset
being used. Although this limits the model choice quite significantly, there are
still quite a few options available. With that in mind, we want to examine the
effects of our proposed modified GTDS and a few other already established data
augmentations techniques on models that have been included in several previous
research articles and are commonly used as baselines for experiments like these.
We also find it important to evaluate our methods using both one-stage and two-
stage models. Hence, the models that will be used for evaluation in this thesis are
PointPillars and CenterPoint.

3.2.1 PointPillars

First presented in 2018, PointPillars [18] was a pioneering work for 3D object de-
tection, especially in terms of the tradeoff between accuracy and inference speed.
At the time it was proposed, it achieved SOTA results on the KITTI dataset while
operating at a 62Hz frequency on a single NVIDIA GTX 1080ti GPU. The pillar-
based backbone that effectively enables the use of 2D convolutions for 3D object
detection tasks is frequently used to this day, especially for models which aim for
real-time inference speed.

For this study, we use a baseline implementation of PointPillars for the nuScenes
dataset that is provided as-is by MMDetection3D [8] with the addition of GTDS.
Other data augmentations used for the baseline include Global Rotation with limits
+%, Global Scaling with limits 1+ 0.05, Global Flipping only over the x-axis with a
probability of 50% and Multi-sweep concatenation utilizing 10 sweeps in total. We
also train a model which applies one version of our proposed modified GTDS and
apply Fade augmentation separately to both of these training runs, applied for the
last 25% of the epochs.

The PointPillars models that are trained for the experiments in this thesis use a
multi-step learning rate schedule for 24 epochs (see Figure 3.1) and a batch size of 4
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Figure 3.1: Visualization of multi-step learning rate schedule used for PointPillars
training.

for each GPU, resulting in an effective batch size of 16 when trained on four GPU:s
in parallel. The GPU:s used for all training runs in this thesis are NVIDIA A100.
Losses used for training this model include Cross Entropy Loss for the classification
task and Smooth L1 Loss for regression targets as per the baseline implementations
available in MMDetection3D [8].

3.2.2 CenterPoint

CenterPoint is a two-stage model that was introduced by [35] in 2021 and has since
become a common baseline within the field of LiDAR object detection. The au-
thors propose getting rid of an anchor-based detector in favor of their anchor-free
heatmap detector which aims to detect object centers in BEV as an auxiliary task.
The heatmap hotspots are then sent to one of several detection heads that regress
other important attributes like 3D orientation, 3D object size and velocity. Finally,
a second network stage is used to refine these predictions by utilizing additional
point features within the initially predicted object box. At the time of publication,
CenterPoint achieved SOTA results on the nuScenes 3D object detection task with
a score of 65.5 NDS for the version using a voxel-based backbone.

For the experiments in this thesis, the voxel-based backbone is replaced with a pillar-
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based one in order to reduce training time. Just like for PointPillars, the basis for
the implementation is the one from MMDetection3D. In order to properly evaluate
the general performance of GTDS on the nuScenes dataset, we start off by training
CenterPoint without using GTDS at all. This has not been thoroughly investigated
by any other publications to the best of our knowledge, even though [26] investigate
the effect of data augmentations for models trained on nuScenes specifically for the
Car class while [15] reviews its effect on the KITTI dataset. The augmentations
that are present for this training run follow the principles from section 2.7 and are
as follows; Global rotation with limits +%, Multi-sweep concatenation utilizing 10
sweeps in total and Random flip over both the x- and y-axes with a 50% probability.

The CenterPoint models for these experiments are trained using a 20-epoch cyclic
learning rate schedule that starts at 10™* and peaks at 1072 at the start of epoch 9.
It then gradually decreases and hits the minimum learning rate of 1078 at the end of
epoch 20. A visualization of this can be seen in Figure 3.2. Just as for PointPillars,
the model is trained using 4 NVIDIA A100 GPUs in parallel with a batch size of 4
for each GPU. Loss functions used for training are Focal Loss [20] for classification
heads and L1 loss for all of the regression targets.
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Figure 3.2: Visualization of cyclic learning rate schedule used for training Center-
Point.
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3.3 Range specific performance

To be able to evaluate performance on specific ranges separately, we alter the
nuScenes validation script to be able to filter out objects by range. This makes
it possible for us to calculate the nuScenes metrics described in Section 2.6 for any
range interval of our choice. We split the ranges into short, medium, long, where
each range represents 1/3 of the maximum detection range for each class available
in the nuScenes dataset. The range intervals of each class can be seen in Table 3.2.

Table 3.2: Detection range intervals for each class in the nuScenes dataset. C.V.
is used as acronym for Construction Vehicle.

Class \ Maximum detection range [m]
short medium long
Car, Truck, Bus, Trailer, C.V. | [0.00, 16.67] | (16.67, 33.33] | (33.33, 50.00]
Motorcycle, Bicycle, Pedestrian | [0.00, 13.33] | (13.33, 26.67] | (26.67, 40.00]
Traffic Cone, Barrier [0.00, 10.00] | (10.00, 20.00] | (20.00, 30.00]

3.4 Modifying GTDS

In order to try to improve the GTDS and make it cater more towards long range,
we present several versions of modified GTDS techniques in an attempt to improve
performance on this range interval. The distinctions for each one compared to the

original GTDS will be described below.

3.4.1 Random Factor range increase and Downsampling
(RFD)

Our initial idea of how to modify the GTDS extends the functionality of the GTDS
sampler by introducing three new parameters for each class available in the dataset.
Firstly, downsampling rate R is a class-specific number on the interval [0, 1] which
determines how many of the originally sampled ground truths a; that will be chosen
for downsampling. Whether a sampled object should be downsampled and moved
is decided by uniformly sampling a number X on the interval [0,1]. In the case
where X < R, the ground truth will be moved and downsampled, while if X > R
nothing will be done to alter the object range or points inside it. Along with this
comes a Translation Factor (T'F'), which is given by a vector containing upper and
lower limits specific to each class. For example, if the class is Car, T'F,,,. = [1.5,2.5]
denotes the lower and upper limits for how much further an object can be moved
away in relation to its original coordinates if the object is marked for downsampling
after comparing X and R.

When an object is marked for downsampling, another uniformly sampled variable S
is generated on the interval defined in T'F. Adopting the notation from Section 2.7,

this number is then used to multiply the x- and y-coordinates of the marked object,
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(2

in order to move it further away. To conform to the number of points an object
should have at the new range, the points p; inside the marked bounding box a; are
reduced according to

PP = f(pi, S), (3.2)

where the function f(-) is the downsampling function (in the case of this thesis,
Random or FPS). The number of points to use in a downsampled object should
theoretically be quadratically proportional to S but due to occlusions, which are
much more frequently present at longer ranges, we find through experiments that
the number of points left when moving an object further away have a relation to
S that is much closer to cubic. The outcome of one of these experiments can be
seen in Figure 3.3. Note that when generating the red plot of this figure, aggressive
filtering with respect to the number of points in each object was used when setting
up the GTDS (minimum points 100 for the Car class, the one visualized), which
is why the red samples do not reach as far down as the blue ones. The plots are
produced using Monte Carlo Simulations on the original implementation of GTDS
(labeled as DBSampler v1 in Figure 3.3) along with the one utilizing RFD (labeled
as DBSampler v2 in Figure 3.3).

As a result of these experiments, the number of points kpg used for an object that
is marked for downsampling is

kps = floor(é?g), (3.3)

where floor(-) is the floor division operator and k is the initial number of points for
the object.

As a last addition to RFD, we also add a global flip augmentation to the sampled
objects, i.e., flipping these objects within the point cloud over the global x- and y-
axes. This is a simple addition implementation-wise and is done in order to further
diversify the data that comes out of the RFD. Even though this is partly covered
by the global flip augmentation that is also used when training, we suggest that
since global flip is applied on all the objects at the same time after sampling with
GTDS this may be important to improve the diversity of objects in relation to each
other in each specific point cloud used for training. Local flip is implemented with a
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Figure 3.3: Number of points as a function of range from the sensor for original
GTDS and modified GTDS. Number of points kept when downsampling cubically
proportional to Y. Class Car.

probability of 50% for flipping over both the x- and y-axes in all experiments. The
bounding boxes and points of flipped objects are modified accordingly to produce
realistic objects when flipping.

3.4.2 Random Range generation and Downsampling (RRD)

Secondly, we propose another way to go about modifying GTDS in order to support
the NNs to improve long-range detections. Just like for the method described in
the subsection above, this one uses a downsampling rate R to determine whether
an object from the base GTDS should be downsampled and moved away or not.
The difference to the previous method is that the Translation Factor limits T'F' are
removed in favor of uniformly sampling a class-specific BEV distance d for where
the downsampled object is supposed to end up. The upper and lower bounds for
d are the main tuning parameters for RRD. Once a distance d is generated, it can
then be used to calculate how many points the downsampled object should contain
according to the cubical relation described in the previous subsection. For an anno-
tation of a sampled object a; = [z;,y;, 2;, w;, l;, hj, 0;] with k corresponding points
pi Vi €{1,2,..,k — 1,k}, this is done as

S = , (3.4)
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and

p’® = f(pi,S). (3.5)

The number of points that should be used in the downsampled object can then be
calculated as in equation 3.3. In the case where the generated distance d is less than
the distance that the sampled object is originally at, all of the downsampling steps
are skipped.

The reason for introducing this method instead of just tuning the S-parameters
of the previous versions is that when trying to bias sampled objects more towards
longer ranges, RFD is hard to tune correctly without a lot of the downsampled
objects ending up outside the maximum detection range for the nuScenes dataset
(Table 3.2). It does however introduce some additional problems regarding the point
distribution within the objects, especially when the downsampling function f(.) is
set to Random. As opposed to the previous method where the upper limit of S is
generally not set higher than 2.5 in order to avoid a lot of the downsampled objects
ending up outside the maximum detection range, this method can potentially pro-
duce values of S up to 25. This can in turn result in very bad representations of the
downsampled objects due to the nature of how points for downsampled objects are
chosen when done randomly.

This method is tuned using two different configurations. One where half of the
sampled objects are chosen for downsampling and translation away from the sensor
(RRDv1), and one where all of the sampled objects are (RRDv2). Both configura-

tions share the same lower and upper limits for d.

3.4.3 Hard Range Filtering Sampling (HRFiS)

Finally, we propose a third, much simpler modification to GTDS. In addition to
being able to filter the database samples by number of points at the build phase of
GTDS, we add the option of being able to filter objects by their 2D BEV range from
the sensor. This enables us to exclusively sample objects that are far away from the
sensor without having to downsample any of them. A major drawback of using
a method like this is that it might severely limit the data diversity of the sample
objects. However, it forces all of the sampled objects to stay true to their point
distribution and location in the actual dataset, which is why we find it interesting
to evaluate this option as well.

28



3. Methods

3.5 Tuning modified GTDS

Before training models with the three methods presented in the previous section,
some offline tuning work is done using Monte Carlo simulations on the samplers.
The number of simulations run for all experiments is 100k. Along with looking at the
number of points in objects as a function of range as in Figure 3.3, we also examine
the BEV distributions of objects sampled using 2D histograms (also referred to as
heatmaps). For an illustration of this, see Figure 3.4. Heatmaps for classes that are
not included in this section can be found in Appendix A. The size of each bin in
the heatmap is 2x2m. The light blue square represents the voxelization range of the
trained model while the pink circle is the maximum detection range for the current
class in the nuScenes dataset. The color scale represents how many times an object
is sampled within each grid cell of the heatmap. Regarding coordinate systems, the
positive y-direction in the heatmap represents forwards of the ego vehicle, i.e., the
driving direction.
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(a) Heatmap for the Car class. (b) Heatmap for the C.V. class.
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Figure 3.4: Monte Carlo simulations of sampling the Car and Construction Vehicle
classes using the original GTDS sampler with no modifications. Note that the
heatmaps do not share the same color bar scale.

This not only gives us a good idea of how objects are generally distributed when
using the original version of the GTDS sampler but also of where objects are mainly
appearing within the whole dataset. Figures 3.4a and 3.4b introduce two different
problems. For the Car class, we observe that the heatmap distribution is heavily
skewed towards objects at closer ranges. While it does make sense to train the
models using more samples that are close to the sensor if this is what we will later
evaluate on, this is probably not the case in a real-world scenario. The reason the
data looks like this is rather a combined effect of objects being harder to annotate
as they are further away from the sensor along with the increased probability that
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objects farther away from the sensor are occluded by something that is closer, espe-
cially in a city environment. Hence we find it reasonable to bias the sampled objects
towards longer ranges in order to try to even out the distribution more regarding
range from the sensor.

For the Construction Vehicle (CV) class, we notice a different problem. CVs tend to
appear at very specific locations a lot of the time, resulting in a very biased distribu-
tion regarding heatmap location. This is likely a side effect of the small sample size
of CVs available in the dataset (11,050 as opposed to 339,949 Cars). The same thing
is also true for other less frequently appearing classes like Bicycle and Motorcycle.
This should in theory be bad for helping the trained models generalize to be able to
detect CVs at different locations in relation to sensor position. It makes our choice
of uniformly sampling the position of downsampled objects for both RFD and RRD
seem like a reasonable choice when it comes to further diversifying training data.
It is also the main reason we add the local flip augmentation to both of the methods.

These conclusions lead us to tune the database samplers with two different goals.
Firstly, we attempt using modified GTDS to achieve a more even distribution of
objects as a function of BEV range from the sensor since the distributions are gen-
erally biased towards close objects. Secondly, we aim to perform experiments that
bias the sampled objects more heavily towards longer ranges, since shorter ranges
are already well represented in the training data before pasting more objects into it
with GTDS. Close-range objects should theoretically also require less training data
than long-range ones, since the number of points inside these will be drastically
higher, making them easier to distinguish.

Thirdly, we aim to use the modified GTDS methods to create training distributions
where objects don’t end up in very specific places as often, as seen in Figure 3.4b.
This is already somewhat mitigated by the Global Flip and Global Rotation aug-
mentations, but does not take into account where objects tend to end up in relation
to each other since these augmentations are always applied after GTDS.

3.6 Estimating training variance

Some variance between different training runs is to be expected due to the stochastic
nature of database sampling, other data augmentations and minibatch training.
Hence a CenterPoint Baseline and CenterPoint HRFiS model, both with and without
fade, will be trained three times each to be able to get a good idea of how the end
results on the validation set vary between runs. The mean of the three runs are
calculated along with the difference between the best results and the worst one for
each class and metric. This is intended to give a rough estimate of how big we can
expect the difference for each metric to be in the other experiments performed and
provide tools to determine if the results are significant.
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Experimental evaluation

In this chapter, specific implementation details and results for the various configu-
rations and models are presented. We move on to discuss the results of the different
configurations and underlying factors of their performance.

4.1 Implementation details and tuning

Our work is made possible by building upon a few already existing libraries for deep
learning, LiDAR object detection and 3D calculations. PyTorch [24] is used as the
base library and our work builds directly on MMDetection3D [8].

4.1.1 MMDetection3D

MMDetection3D by OpenMMLab is an open source deep learning library for both
indoor and outdoor 3D object detection. It supports single- and multi-modality
detectors and mainly builds upon PyTorch and MMDetection[5]. PyTorch is an
optimized tensor library that is commonly used for all kinds of deep learning. The
variety of models implemented in the MMdetection3D framework opens up for sim-
pler comparison of new concepts and models with older SOTA models.

4.1.2 CenterPoint

First off, we train the Baseline of our models, which is the one from section 3.2.2
utilizing the completely unmodified GTDS.

We then move on to the second method described in the Methods chapter, RFD.
This is the only method for which downsampling using FPS is evaluated. Hence
there are two different models trained for this method. The tuning parameters
for the downsampling rate R, the downsampling factor S and minimum amount of
points in a sampled object are the same for both runs (Random downsampling and
FPS downsampling) and are presented in table 4.1. Although the minimum points
filtering might seem aggressive, we find it necessary in order to ensure that objects
of high enough quality and within reasonable range are sampled. Local xy-flip is
utilized for both runs.

These parameters are tuned mostly using 2D histograms like the ones in Figure

3.4 along with 1D histograms showing BEV range from sensor distributions. The
tuning goal for these runs is to produce a more even distribution in regards to 2D
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Table 4.1: Tuning parameters for training runs with RFD.

Class | R S Min. points
Car |09 [1.7,2.2] 100
Truck | 0.5 [1.4, 1.7] 50
Bus | 0.5 [1.4,1.6] 100
Trailer | 0.5 [L5, 1.5] 100
C.V. 0.5 [1.3,1.8] 100
Ped. 0.5 [1.5, 1.8] 20
Mot. | 0.5 [L.4, 1.6 15
Bicycle | 0.5 [1.4, 1.6] 15
T.C. |05 [L5, 15 10
Barrier | 0.5 [1.3, 1.5] 15

BEV coordinates of objects within their respective detection ranges, i.e., removing
positional bias. Comparisons between the original GTDS and the results of tuning
RFD are shown for Construction Vehicle (Figure 4.1) and Truck (Figure 4.2). The
total number of sampled objects is the same in both subfigures, but the distribution
is much more even in terms of 2D BEV location for RFD.

An important note here is that the final distribution of all annotated objects used
to train will not be represented by Figure 4.1b alone, but rather a weighted combi-
nation of both of the subfigure distributions. This is because the distribution before
sampling additional objects in the point clouds is still approximately represented by
Figure 4.1a. The same is true for Figures 4.2a and 4.2b. The final distribution will
also be influenced by how many objects of each class are already natively present in
the point clouds versus how many are sampled into each point cloud, meaning that
for Construction Vehicle it will be more biased towards the representation in Figure

4.1b.
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(a) Heatmap original GTDS. (b) Heatmap RFD tuned.
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Figure 4.2: Distributions of Truck with GTDS and RFD. Same total number of
sampled objects for both versions with color scale normalized.
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Figure 4.1: Distributions of Construction Vehicle with GTDS and RFD. Same
number of sampled objects for both versions with color scale normalized.

The next method used for training is RRD. This version aims to introduce more
bias towards training on long range and is trained using two different tuning param-
eter setups. One where half of the sampled objects are chosen to be moved away
and downsampled (RRDv1), and one where all of them are (RRDv2). The ranges
that objects are moved into for both of these training runs lie within the long range
intervals for each class that were previously presented in Table 3.2. As an extra
addition, an online number of points-check is implemented in order to ensure that
objects contain at least five points after being downsampled. In the case where they
do not, the sampled object is used as-is without moving or downsampling it. A
typical class distribution for one of these cases is shown in Figure 4.3.

Finally, CenterPoint with HRFiS is trained using two different tuning configurations.
One where for all classes, only objects that are originally within what we define as
long range are sampled (HRFiSv1). This is done in order to evaluate whether our
downsampling methods can possibly have a negative impact due to how they af-
fect the point distribution within objects. The other configuration (HRFiSv2) only
applies this to classes that are more frequent in the original nuScenes data; Cars,
Trucks, Buses, and Pedestrians. It also adds local xy-flip of sampled objects which
is not present in HRFiSvl. We propose that using HRFiSv2 for more uncommon
classes like Construction Vehicles limits the available objects to be sampled. Filter-
ing on the interval 2/3 to 3/3 of max range for Construction Vehicle results in only
being able to sample about 42% of all the Construction Vehicles originally avail-
able in the database, which could potentially have a big impact on training data
diversity for this class. This could in turn have a big negative impact on the final
results, a hypothesis that is further confirmed while later looking at the results of
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Figure 4.3: 2D heatmap for Class car. RRD with downsampling rate 0.5.

HRFiSvl. As for Barrier and Traffic cone, these are not as poorly represented as
Construction Vehicle but are very locationally biased towards short range and are
hence also excluded when filtering by range in HRFiSv2.

4.1.3 PointPillars

We also perform experiments for some of the configurations on PointPillars in order
to see if the results are consistent across different models. The configurations used
for training on PointPillars are identical to their counterparts in section 4.1.2 and
the following are used:

Without GTDS

o With Baseline GTDS

With RFD using Random downsampling
o With HRFiSv2
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4.2 Evaluation on nuScenes validation set

Due to the fact that evaluation on the nuScenes test set requires a formal model
submission, we perform all evaluations of our methods exclusively on the validation
set. This section presents the results of our experiments on performance variance
between training runs and experiments on the original implementations of GTDS
and Fade.

4.2.1 Estimating variation limits between training runs

In order to provide some context in regards of performance differences between
different training runs using the exact same model configuration, we start by per-
forming the experiments described in section 3.6. The numerical results are provided
in Table 4.2. For class-specific AP metrics along with mAP and NDS, the biggest
difference per metric across both model configurations is presented. This is meant
to represent the biggest difference we can expect to encounter when training with
our different configurations. It is not done for the other class-specific TP-metrics
since we find that there is big variance in a lot of them and they each contribute rel-
atively little to the NDS. For a more detailed Table of these results, see Appendix B.

For the version of HRFiS used in these experiments (HRFiSv2), we apply hard range
filtering to the classes Car, Truck, Bus and Trailer with a range from sensor interval
of [20,50] in meters, along with Pedestrian on the interval [15,40]. All sampled
objects are also filtered by a minimum amount of points inside the bounding box
of 5. Class acronyms used in the tables include C.V. for Construction Vehicle, Ped.
for Pedestrian, Mot. for Motorcycle and T.C. for Traffic Cone.

These results should be kept in mind while reading the rest of this chapter, and we
recommend going back to them when examining results that are similar between
different methods.

4.2.2 Baseline GTDS and Fade augmentation experiments

In order to evaluate the performance gains from utilizing the Fade augmentation, we
apply training with Fade to all configurations of both the CenterPoint and PointPil-
lars Baseline models and compare them to their non-Faded counterparts. We also
train models entirely without GTDS and compare these to the baseline models with
and without Fade. The results of these experiments are presented in Tables 4.3 and
4.4.
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Metric | MED

Car AP 0.002
Truck AP | 0.013
Bus AP 0.032
Trailer AP | 0.013
C.V. AP 0.016
Ped. AP 0.011
Mot. AP | 0.014
Bicycle AP | 0.041
T.C. AP 0.020
Barrier AP | 0.022
mATE 0.008
mASE 0.002
mAOE 0.046
mAVE 0.027
mAAE 0.008
mAP 0.007
NDS 0.004

Table 4.2: Maximum Expected Difference (MED) for all class-specific APs; all
mean metrics and NDS.

Table 4.3: Full range results for CenterPoint without GTDS and CenterPoint
Baseline with and without Fade. Green numbers represent better performance scores
compared to No GTDS while red ones represent worse performance. Acronyms
include C.V. for Construction Vehicle, Ped. for Pedestrian, Mot. for Motorcycle
and T.C. for Traffic Cone.

CenterPoint
Class AP (Full range)
No GTDS GTDS GTDS Fade

Car 0.817 0.840 0.839
Truck 0.479 0.500 0.513
Bus 0.579 0.618 0.640
Trailer 0.333 0.329 0.366
C.V. 0.142 0.127 0.203
Ped. 0.753 0.778 0.777
Mot. 0.499 0.426 0.585
Bicycle 0.199 0.157 0.305
T.C. 0.516 0.539 0.552
Barrier 0.552 0.608 0.598
mAP 0.487 0.492 0.538
NDS 0.597 0.597 0.628
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Table 4.4: Full range results for PointPillars without GTDS and PointPillars Base-
line with and without Fade.

PointPillars
Class AP (Full range)
No GTDS GTDS GTDS Fade

Car 0.806 0.801 0.810
Truck 0.370 0.372 0.413
Bus 0.447 0.468 0.497
Trailer 0.280 0.257 0.307
C.V. 0.056 0.033 0.098
Ped. 0.735 0.717 0.738
Mot. 0.391 0.215 0.399
Bicycle 0.122 0.023 0.129
T.C. 0.340 0.236 0.345
Barrier 0.530 0.524 0.570
mAP 0.408 0.365 0.431
NDS 0.540 0.525 0.563

From the results presented in Table 4.4 it can be seen that when used for Cen-
terPoint, GTDS can have a negative impact on the AP for some classes even if
the overall performance in terms of mAP and NDS increases. The affected classes
are less frequent ones that are sampled in larger quantities compared to the more
common classes. The same trend can be observed when looking at the PointPillars
results in Table 4.4. Although even more of the classes are negatively impacted here,
it is still most apparent for the more unusual ones.

The main reason for this seems to be connected to the number of predictions gen-
erated for these classes. Using GTDS without Fade teaches the model that the
uncommon classes are more common than they really are in the dataset, which
increases the amount of FP predictions. Comparing Tables 4.3 and 4.5 it can be
noticed that for the classes where AP is reduced the most when applying GTDS, the
number of FPs for GTDS is significantly larger compared to No GTDS and GTDS
Fade which ultimately affects the AP for these classes. A qualitative example of
the discrepancy in predicted objects is shown in Figures 4.4 and 4.5. Only predic-
tion and ground truths for the class Bicycle are shown since it is the class with the
highest proportional difference between FPs and TPs. Notice that while the model
trained without Fade manages to predict bicycles for both available ground truths,
it also produces many more false positives. The one trained with Fade (Figure 4.5)
misses one of the bicycles but has no false positives at all.

It is also interesting to look at how Fade improves long-range results, which is pre-
sented in Table 4.7. While looking at the results for HRFiSv1 in this table, we
can conclude that even when the model that the Fade training is resumed from
(before Fade) produces significantly worse results than its counterparts, the Fade
augmentation is able to make up for this shortcoming fairly effectively, closing the
gap between good and bad configurations.

The results for PointPillars in Table 4.4 show an overall loss of performance, in
terms of both mAP and NDS, from using GTDS. This is not consistent with the
results presented in [18] when GTDS was applied to the KITTI dataset. Since the
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experiments were carried out using a GTDS version tuned as in [35], this shows that
the results can be connected to tuning of the number of sampled objects in GTDS
when training Pointpillars on nuScenes. For comparison, the GTDS configuration of
[18] on the KITTI dataset used a sampler tuning of 15, 0 and 8 for Car, Pedestrian
and Cyclist respectively. This is a totally different ratio between how commonly
each of the classes are already present in the dataset.

In terms of the ratio between FPs and TPs, PointPillars is much worse than Cen-
terPoint. These results are presented in Table 4.6. This seems to be mostly due to
the sheer amount of FPs produced by the model but we once again see a pattern of
reducing FPs drastically by applying Fade.

Table 4.5: Comparison between the number of FP and FN for CenterPoint evalu-
ated on the nuScenes validation set. The matching is done on the shortest distance
threshold d = 0.5 m. Red values represent the worst value for each specific class
and metric and green represent the best value

CenterPoint FP (Full range)

Car Truck  Bus Trailer C.V Ped. Mot.  Bicycle T.C  Barrier
No GTDS 101,696 22,654 1,535 2,824 3,264 96,231 1,599 2,132 51,297 26,849
Baseline GTDS 84,530 36,453 5,962 23,798 39,274 94,380 43,562 125,576 85,470 50,105

Baseline GTDS + Fade | 81,530 24,419 1,688 3,559 4,515 86,692 3,995 7,691 49,468 23,976

TP (Full range)

No GTDS 42,869 5,334 1,095 684 228 21,250 1,041 590 8,434 10,621

Baseline GTDS 43,967 5,613 1,197 821 362 21,584 1,242 1,264 8,942 11,883

Baseline GTDS + Fade | 43,813 5,624 1,237 764 338 21,572 1,228 991 8,664 11,547
# GT objects available

53,043 9,260 2,062 2331 1,513 23,500 1,855 1,824 10,570 15,903

Table 4.6: Comparison between the number of FP and FN for PointPillars eval-
uated the nuScenes validation set. The matching is done on the shortest distance
threshold d = 0.5 m.

PointPillars FP (Full range)

Car Truck Bus Trailer (CAY Ped. Mot. Bicycle T.C Barrier
No GTDS 196,106 108,479 20,608 44,388 43,512 174,021 30,077 47,901 123,880 83,756
Baseline GTDS 224,010 167,262 54,493 185,698 207,479 243,038 207,910 272,177 201,274 142,665

Baseline GTDS + Fade | 194,716 109,216 17,344 40,608 36,626 196,908 35,193 59,612 138,989 83,219
TP (Full range)

No GTDS 41,916 4,819 943 497 295 21,722 1,372 1,084 8,669 10,924
Baseline GTDS 41,622 5,060 1,010 580 397 22,055 1,428 1,391 8,840 11,303
Baseline GTDS + Fade | 42,137 5,220 1,016 639 370 22,038 1,374 1,263 9,040 11,351

# GT objects available
53,043 9,260 2,062 2,331 1,513 23,500 1,855 1,824 10,570 15,903
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Figure 4.4: Bicycle GTs (green) and predictions (red) generated by CenterPoint
Baseline without Fade.

Figure 4.5: Bicycle GTs (green) and predictions (red) generated by CenterPoint
Baseline + Fade.

The main takeaway from these experiments is that GTDS can turn out to have a
quite large negative impact on the detection results before applying Fade, especially
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for classes that are more uncommon in the unmodified data and are hence sampled
more often. These are however also the ones that benefit the most from applying
Fade, compared to their no GTDS-counterparts. The results suggest that no matter
which variant of GTDS is used, it must be done with careful tuning and the results
of doing so may vary a lot between different models, even on the same dataset.

4.3 Modifed GTDS long-range detection results

As stated in section 3.3, we also find it interesting to report results for different
ranges. As the modifications of GTDS presented in this thesis aim to focus on long-
range detections, only metrics for what we previously defined as long range will be
presented here. Once again, all results are evaluated with the nuScenes validation
split as a base.

4.3.1 CenterPoint results

In order to closely examine the results of CenterPoint on longer ranges, we present
tables of all nuScenes mean-metrics along with tables of class-specific AP for all
available classes and configurations.

Table 4.7: CenterPoint long-range results for different versions of the GTDS with
and without Fade. The best results for each metric are marked with green text
while the worst one are marked with red. Methods marked with * are heavily tuned
towards long range.

Method Metric (long range)

mAP mATE mASE mAOE mAVE mAAE NDS
No GTDS 0.334 0418 0.289 0.454 0.372 0.161 0.498
Baseline GTDS 0.328 0.420 0.286  0.468 0.372 0.179  0.491
Baseline GTDS + Fade | 0.373 0.417 0.281 0.417 0.348 0.168 0.523
RFD Random 0.332 0415 0.284 0471 0.399 0.191  0.490
RFD Random + Fade 0.370 0414 0.279  0.426 0.366 0.182  0.519
RFD FPS 0.335 0.423 0.285  0.458 0.412 0.183  0.492
RFD FPS + Fade 0.367 0.405 0.278 0422 0379 0.177 0.518
RRDv1 0.317 0418 0.287  0.469 0.414 0.186  0.481
RRDv1 + Fade 0.366 0.418 0.282 0416 0.385 0.172 0.516
RRDv2* 0.320 0410 0.283  0.513 0.416 0.184  0.480
RRDv2 + Fade* 0.370 0.404 0.281 0.482 0.389 0.177  0.511
HRFiSv1* 0.287 0.422 0.289 0.508 0.393 0.205 0.462
HRFiSvl + Fade* 0.357 0.414 0.286 0447 0.363  0.186  0.509
HRFiSv2 0.324 0417 0.285 0471 0.419 0.190 0.484
HRFiSv2 + Fade 0.368 0.404 0.279 0432 0.383 0.176  0.517
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Table 4.8: CenterPoint class-specific long-range results for different versions of the
GTDS with and without Fade. The best results for each class are marked with green
text while the worst one are marked with red. Methods marked with * are heavily
tuned towards long range. For mAP/NDS, see Table 4.7.

Method Class AP (long range)

Car  Truck Bus Trailer C.V  Ped. Mot. Bicycle T.C Barrier
No GTDS 0.580 0.326 0.375 0.209 0.033 0.653 0.283 0.108 0.306  0.475
Baseline GTDS 0.618 0.322 0401 0.212 0.017 0.689 0.150 0.011 0.340 0.517
Baseline GTDS +Fade | 0.617 0.353 0.441 0.238 0.074 0.688 0.348 0.096 0.353 0.520
RFD Random 0.625 0.327 0.394 0.225 0.022 0.684 0.193 0.012 0.318 0.523
RFD Random + Fade | 0.620 0.337 0.425 0.245 0.063 0.692 0.339 0.114 0.345 0.523
RFD FPS 0.620 0.339 0.393 0.242 0.044 0.693 0.172 0.018 0.327 0.507
RFD FPS + Fade 0.615 0.339 0429 0.266 0.049 0.693 0.350 0.092 0.345 0.496
RRDv1 0.612 0.308 0.381 0.219 0.013 0.679 0.125 0.007 0.316  0.506
RRDv1 + Fade 0.612 0.334 0408 0269 0.071 0.684 0.341 0.093 0.352 0.499
RRDv2* 0.622 0.325 0.408 0.236 0.009 0.684 0.130 0.008 0.311 0.471
RRDv2 + Fade* 0.619 0.353 0.445 0.275 0.050 0.689 0.332 0.092 0.344  0.497
HRFiSv1* 0.601 0.278 0.334 0.174 0.002 0.670 0.059 0.002 0.277 0476
HRFiSvl + Fade* 0.609 0.334 0394 0227 0.031 0.683 0.317 0.112 0.351 0.509
HRFiSv2 0.619 0.309 0.393 0.201 0.024 0.684 0.136 0.020 0.347  0.510
HRFiSv2 + Fade 0.619 0.338 0.424 0.252 0.078 0.693 0.315 0.113 0.338 0.514

4.3.2 CenterPoint discussion

One of the most interesting takeaways when looking at table 4.7 is that HRFiSv1
results in the worst performance for four out of six metrics and also NDS which is a
weighted average of the other ones. This method was trained with the sole purpose
of trying to increase long-range detections by biasing towards them when utilizing
GTDS. The idea was that this might result in better performance than RRDv2, due
to the fact that it does not alter the point distributions within objects since no mov-
ing of sampled objects or downsampling is applied. Ultimately, HRFiSv1 still fails at
producing any performance gains for long range, which we find interesting to discuss.

A possible reason for why this happens is that we aggressively limit the number
of different objects to be sampled, as described for Construction Vehicle in section
4.1.2. This is increasingly obvious when looking at the class-specific long-range re-
sults in Table 4.8. The most uncommon classes (C.V., Motorcycle, Bicycle) exhibit
the most significant drop in performance from using this method. Although the
Trailer and Bus classes are almost as uncommon, a larger portion of their objects
that are available for sampling are still present when filtering by long range, since
they appear more frequently at longer ranges. We also argue that these are easier
for the network to learn to detect, both based on training results and their gen-
eral geometry and size. The fact that HRFiSv1 limits the number of objects that
are available for sampling drastically is more or less true for all of the classes and
could likely have harmful effects on the final performance by greatly limiting data
diversity. Also, since there is no moving of sampled objects done online for this
configuration, the models could end up with even more bias in regards of where
objects are predicted within each point cloud sample. Since we saw a clear local
bias for some classes already in the unfiltered 2D heatmaps 3.4b, we can expect this
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locational bias to be even more prominent when aggressively filtering out a big por-
tion of the objects available for sampling. An interesting way to tackle this problem
would be to make more use of the local augmentations described in section 2.7.2.
This is what we would proposedly do if we had more time to further evaluate this
approach. Both in terms of mAP, which is the main contributor to the NDS, and
actual NDS, this configuration is the worst one while significantly exceeding all of
the expected differences between training runs presented in section 4.2.1.

Continuing on the trail of trying to force long-range bias for the models, RRDv2
exhibits better performance than HRFiSv1. Still, in terms of mAP and NDS, it
performs slightly worse than the baseline for long-range detections, both with and
without Fade. This leads us to believe that there might be some issues with the
techniques we use to downsample objects. If the downsampled objects did in fact
contain good point distributions that conform to how objects look at longer ranges
in the real data, it is hard to see how RRDv2 would not produce better results at
longer ranges than the baseline even if this would come at the cost of worse results
for short- and medium-range. A solution like this could be interesting in a scenario
where we run two networks in parallel on a vehicle, one that is biased towards long
range and one that is biased towards short and medium. However, this is not a
result we managed to achieve in this thesis and we propose to look further into this
in the future.

The configuration that produces results that are closest to the baseline for long-
range detections is RFD Random with Fade. Although it is slightly worse than the
Baseline with Fade, these values lie within the expected differences between model
trainings both for mAP and NDS. It is reasonable to consider these two methods
equal until they have been trained more times and an average of these training runs
can be made to get a more certain result. These results are possibly an effect of
RFD Random being a bit more conservative when it comes to moving objects further
away. Since it never moves a sampled object more than 2.2 times further away from
the sensor than where it was sampled, the choice of a subpar downsampling method
does not have the same risk of producing a bad point distribution within an object.
An object that is only moved twice as far away will still conform better to the general
point distribution in terms of the number of scan lines hitting the object than one
that is e.g., moved 10 times further away than where it was originally found (which is
possible in RRD). Hence, we propose that if using another technique to downsample
objects, RRD could possibly produce better results than other methods.

4.3.3 PointPillars results

The long range results for PointPillars will be presented in this section. Since the
experiments on Pointpillars was not as extensive as those for CenterPoint, only some
versions of the modified GTDS sampler are represented here. The overall metrics
can be seen in Table 4.9.
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Table 4.9: PointPillars long-range results for different versions of the GTDS with
and without Fade. The best results for each metric are marked with green text while
the worst ones are marked with red.

Method Metric (long range)

mAP mATE mASE mAOE mAVE mAAE NDS
No GTDS 0.258 0.511 0.301 0.530 0.371 0.149 0.443
Baseline GTDS 0.223 0488 0.297 0.541 0377 0.183 0.423
Baseline GTDS + Fade | 0.266 0.472 0.289 0.514 0.369 0.165 0.452
RFD Random 0.232 0.484 0.295 0.565 0.412 0.184 0.422
RFD Random + Fade | 0.274 0477 0.290 0.567 0.373  0.162  0.450
HRFiSv2 0.225 0.477 0300 0.543  0.367 0.189 0.425
HRFiSv2 + Fade 0.267 0.482 0.293 0.518 0.360 0.164 0.452

4.3.4 PointPillars discussion

One interesting takeaway from Table 4.9 is the similarity of results between Baseline
GTDS + Fade and HRFiSv2 + Fade which suggest that the closely sampled objects
do not affect the long-range performance of PointPillars as it does for CenterPoint.
The loss of mAP for Baseline GTDS mentioned in 4.2.2 can also be seen for the
long-range results. This is not surprising since no additional techniques are used to
improve long-range performance. RFD Random + Fade and Baseline 4+ Fade are
performing similarly in relation to each other as they do for CenterPoint. The same
reasoning as for the CenterPoint versions applies in this case. It is interesting that
the main contributor to the lower NDS for RFD Random + Fade is the mAOE. If
the difference between training runs is similar to those of CenterPoint, the mAOE
lies within the expected difference but the mAP does not. This could indicate that
a better result from RFD Random can be expected if more trainings were made and
an average of these runs was used instead.

4.3.5 Effect of Random sampling vs. FPS

When examining the differences between using FPS and Random choice to down-
sample objects, the long-range results are quite similar. RFD FPS performs slightly
better than RF'D Random without Fade, while when adding Fade to both RFD Ran-
dom pulls ahead slightly. For all of the metrics, the difference between these two
methods are within or very close to the usual training variance differences presented
in Tables B.1 and B.2. This is one of the main reasons we chose not to proceed with
using FPS for downsampling objects in RRDv1 and RRDv2.

Another perhaps more important reason is that using FPS for downsampling increase
the time it takes to train a model. When training RFD with the configuration we
used for these experiments and Random downsampling, the training times on four
NVIDIA A100 GPUs were about 36 hours. When using FPS for downsampling
instead, the training time ended up being about 62 hours. This corresponds to an
increased training time of more than 70% while not even accounting for the time
used to validate the models between epochs (this is done between every epoch for
these training runs), which is unaffected by the choice of downsampling method.
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Figure 4.6: Comparison of FPS implementations for numbers of points to sample
[100, 1000, 2000, 10000]. The maximum amount of points (10000) is roughly the
same as the maximum amount of points present in a Car ground truth as per Figure
3.3. Data transfer time between CPU and GPU tensors is taken into account.

The above experiment is however done with an implementation of FPS that runs
entirely on a CPU. As FPS is an algorithm that should in theory benefit a lot from
extensive multi-threading on a GPU, we perform some minor experiments on dif-
ferent implementations. The implementation used for training is the one provided
by Deep Graph Library (DGL) [32] and we compare it to one provided by PyTorch
Cluster [10] and one by PointNet2 [33]. Both of the latter utilize cuda code to im-
plement the algorithms to run on a GPU and are run the experiments are run on a
NVIDIA GTX 1650Ti GPU. Since this is a far inferior GPU compared to the A100s
used while training, we can at the very least expect the results of the GPU-based
variants to be on par with these. The results are obtained using Monte Carlo Sim-
ulations on random sets of LiDAR points and are presented in Figure 4.6. They
show that using the PointNet2 implementation of FPS can reduce the time spent
calculating the set of points for FPS by up to 85%.

In conclusion, the benefits of using FPS to downsample objects instead of Random
downsamplings are close to none, and we proceed to not further evaluate this tech-
nique for RRDv1 and RRDv2. This is, judging from the overall results in Table 4.7,
possibly a side effect of both FPS and Random sampling both being subpar choices
of downsampling methods.
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4.4 Results for all range intervals and comparison
with long-range results

Finally, with long-range results already in mind, we present the results for short-
and medium-range as well. Even though the work in this thesis is focused on long-
range detections, our work might have unintended effects on the detections for other
ranges. Hence, class-specific metrics for CenterPoint on all- and medium- and short-
range are presented in Tables 4.10, 4.11 and 4.12 respectively.

Regarding the more common classes (Car, Truck, Pedestrian), the results are very
similar across all methods except No GTDS for the full detection range. This con-
firms our previous conclusion about the different variations of GTDS not having
a very big impact on these classes. However, there is one outlier; RFD Random’s
performance without Fade on the Car class. The all-range AP-increase (Table 4.10)
of 0.003 compared to the second best model in the category is slightly higher than
the approximated maximum difference presented in section 4.2.1. The ranges that
seem to contribute most to these results are also long and medium. Keep in mind
that for this configuration, 90% of the sampled cars were chosen for downsampling
with a downsampling factor ranging from 1.7 to 2.2 as presented in Table 4.1. The
overall quality of sampled cars for this configuration was also fairly high due to the
minimum point-filtering also presented in the same table. This leads us to believe
that for classes that are well represented and contain diverse enough data, more
aggressive minimum point-filtering along with random downsampling can result in
a positive impact on final performance. A better downsampling technique would
likely have an even better effect though.

The method that performs the worst in terms of all-range-mAP is once again
HRFiSvl. An interesting thing to note is that most of this performance degra-
dation seems to originate from its long-range predictions. For many of the classes,
it does not perform significantly worse when it comes to short- and medium-range.
Our intuition about why this happens is that we repeatedly sample from a much
less diverse subset of the data (since this method samples objects at long range
exclusively, without any moving and downsampling) and hence introduces a great
amount of locational bias for the longer ranges. This would however have to be
confirmed by extensive examination of specific frames, in order to see if it often
predicts objects in the same places for long range i.e., having large locational bias.

Regarding the other methods, they usually perform fairly similarly when it comes
to short- and medium-range. A clear trend that can be seen from these tables is
that even when biasing more towards longer ranges, GTDS results in improvements
AP-wise for most classes compared to using No GTDS at all. This is true both
before and after applying Fade.

Finally, Table 4.13 show that in terms of mAP, all models utilizing some type of
GTDS except RRDv2 and HRFiSv1 exhibit similar performance when we average
over all three range intervals. The degradation in performance for RRDv2 seems
to mostly be due to low performance on close ranges, while the degradation for the
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Table 4.10: CenterPoint class-specific all-range results for different versions of
the GTDS with and without Fade. The best results for each class are marked with
green text while the worst ones are marked with red. For overall AP/NDS; see Table

4.13.

Method ‘ Class AP (all range)

‘ Car  Truck Bus Trailer C.V  Ped. Mot. Bicycle T.C Barrier
No GTDS 0.817 0479 0579 0333 0.142 0.753 0.499 0.199 0.516 0.552
Baseline GTDS 0.840 0.500 0.618 0.329 0.127 0.778 0.426 0.157 0.539  0.608
Baseline GTDS + Fade | 0.839 0.513 0.640 0.366 0.203 0.777 0.585 0.305 0.552  0.598
RFD Random 0.843 0.507 0.633 0.328 0.139 0.778 0.466 0.154 0.538 0.615
RFD Random + Fade | 0.839 0.514 0.640 0.336 0.195 0.785 0.586 0.299  0.554  0.612
RFD FPS 0.840 0.505 0.620 0.348 0.126 0.782 0.444 0.134  0.550  0.595
RFD FPS + Fade 0.838 0.511 0.640 0.376 0.180 0.785 0.586 0.280 0.557  0.592
RRDv1 0.838 0.493 0.607 0.343 0.130 0.779 0425 0.121 0.551  0.604
RRDv1 + Fade 0.836 0.503 0.627 0.383 0.201 0.779 0.581 0.281 0.561 0.586
RRDv2* 0.838 0.495 0.612 0.341 0.106 0.777 0.395 0.112 0.528  0.578
RRDv2 + Fade* 0.838 0.516 0.633 0.391 0.166 0.784 0.563 0.258 0.539  0.587
HRFiSv1* 0.833 0.474 0.566 0.292 0.049 0.768 0.317 0.085 0.512 0.577
HRFiSvl + Fade* 0.836 0.521 0.611 0.343 0.143 0.775 0.538 0.260 0.551  0.590
HRFiSv2 0.839 0.483 0.609 0.306 0.120 0.780 0.431  0.158 0.537  0.597
HRFiSv2 + Fade 0.838 0.508 0.636 0.358 0.196 0.787 0.576 0.319 0.543  0.599

latter is more related to its medium- and long-range performance.
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Table 4.11: CenterPoint class-specific medium-range results for different versions
The best results for each class are marked
with green text while the worst one are marked with red. For overall AP/NDS, see
Table 4.13. Methods marked with * were heavily tuned towards long-range bias

of the GTDS with and without Fade.

Method ‘ Class AP (medium range)

‘ Car  Truck Bus Trailer C.V  Ped. Mot. Bicycle T.C Barrier
No GTDS 0.828 0.508 0.649 0.362 0.221 0.748 0.520 0.196 0.510 0.492
Baseline GTDS 0.856 0.526 0.696 0.368 0.216 0.762 0.435 0.180 0.541  0.565
Baseline GTDS + Fade | 0.855 0.520 0.699 0.401 0.277 0.760 0.594 0.306 0.554  0.542
RFD Random 0.856 0.536 0.731 0.349 0.214 0.765 0.477 0.160 0.545 0.572
RFD Random + Fade | 0.853 0.534 0.719 0.339 0.255 0.770 0.602 0.303 0.558 0.567
RFD FPS 0.854 0.532 0.708 0.372 0.152 0.771 0.448 0.146 0.547 0.545
RFD FPS + Fade 0.850 0.530 0.715 0.401 0.234 0.777 0.583 0.276  0.542  0.549
RRDv1 0.855 0.523 0.696 0.386 0.219 0.769 0.463 0.125 0.555  0.562
RRDv1 + Fade 0.851 0.512 0.707 0.402 0.270 0.762 0.605 0.289 0.558 0.543
RRDv2* 0.847 0.516 0.678 0.383 0.221 0.767 0.456 0.149 0.544  0.546
RRDv2 + Fade* 0.849 0.530 0.679 0.428 0.233 0.771 0.578  0.253  0.537  0.539
HRFiSv1* 0.848 0.526 0.693 0.340 0.154 0.762 0.442 0.209 0.517 0.534
HRFiSvl + Fade* 0.850 0.557 0.695 0.356 0.206 0.767 0.533 0.270  0.536  0.545
HRFiSv2 0.851 0.503 0.696 0.334 0.172 0.777 0453 0.196 0.533  0.550
HRFiSv2 + Fade 0.850 0.524 0.706 0.377 0.225 0.778 0.595 0.342 0.545 0.549

Table 4.12: CenterPoint class-specific short-range results for different versions of
the GTDS with and without Fade. The best results for each class are marked with
green text while the worst one are marked with red. For overall AP/NDS, see Table
4.13. Methods marked with * were heavily tuned towards long-range bias.

Method ‘ Class AP (short range)

‘ Car Truck Bus Trailer C.V  Ped. Mot. Bicycle T.C Barrier
No GTDS 0.957 0.672 0.782 0.627 0.229 0.844 0.703 0.285 0.651 0.750
Baseline GTDS 0.960 0.723 0.813 0.573 0.284 0.866 0.762 0.275 0.648 0.797
Baseline GTDS + Fade | 0.960 0.728 0.861 0.719 0.348 0.868 0.824 0.504 0.663 0.799
RFD Random 0.960 0.732 0.833 0.614 0.298 0.869 0.777 0.324 0.658 0.793
RFD Random + Fade | 0.959 0.753 0.857 0.652 0.359 0.878 0.832 0453 0.677 0.793
RFD FPS 0.961 0.706 0.831 0.629 0.261 0.867 0.767 0.259  0.684 0.798
RFD FPS + Fade 0.960 0.736 0.866 0.665 0.345 0.870 0.827 0.472 0.695 0.796
RRDv1 0959 0.721 0.818 0.572 0.334 0.872 0.768 0.282 0.686  0.792
RRDv1 + Fade 0.959 0.747 0.849 0.689 0.354 0.874 0.800 0.459 0.688 0.772
RRDv2* 0.958 0.703 0.847 0.544 0.256 0.861 0.671 0.244 0.624 0.780
RRDv2 + Fade* 0.958 0.723 0.853 0.581 0.260 0.872 0.797 0.423 0.650 0.784
HRFiSv1* 0.961 0.711 0.838 0.602 0.259 0.854 0.735 0.292 0.672 0.789
HRFiSvl + Fade* 0.960 0.731 0.855 0.687 0.248 0.859 0.780 0.365 0.680 0.784
HRFiSv2 0.960 0.725 0.813 0.576 0.262 0.859 0.769 0.254 0.645 0.801
HRFiSv2 + Fade 0.959 0.753 0.861 0.656 0.363 0.871 0.839 0476 0.658 0.809
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Method ‘ Range interval mAP
short | medium | long all

No GTDS 0.650 0.503 0.335 | 0.487
Baseline GTDS 0.670 0.515 0.328 | 0.492
Baseline GTDS + Fade | 0.727 | 0.551 | 0.373 | 0.538
RFD Random 0.686 0.520 0.332 | 0.500
RFD Random + Fade 0.721 0.550 0.370 | 0.536
RFD FPS 0.676 0.507 0.335 | 0.494
RFD FPS + Fade 0.723 0.546 0.367 | 0.535
RRDv1 0.680 0.515 0.316 | 0.489
RRDv1 + Fade 0.719 0.550 0.366 | 0.534
RRDv2* 0.649 | 0.511 0.320 | 0.478
RRDv2 + Fade* 0.690 0.540 0.370 | 0.527
HRFiSv1* 0.671 | 0.502 | 0.287 | 0.447
HRFiSvl + Fade* 0.695 0.531 0.357 | 0.517
HRFiSv2 0.666 0.507 0.324 | 0.486
HRFiSv2 + Fade 0.724 0.549 0.368 | 0.536

Table 4.13: CenterPoint mAP for all range intervals. Methods marked with * were
heavily tuned towards long-range bias.
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Conclusion

Through extensive experiments on two different models and the NuScenes dataset,
this thesis shows the importance of utilizing GTDS carefully and correctly. This
foremost includes the need for tuning the number of sampled objects for the specific
application and dataset.

Our experiments using GTDS and Fade suggest that while GTDS was originally de-
signed to smoothen out the discrepancy between background and foreground points
along with tackling class imbalance, it can potentially hurt the performance of the
more uncommon classes a lot if not tuned correctly. The Fade augmentation is par-
tially able to make up for the shortcomings of subpar GTDS tuning but can enhance
results even further if the original GTDS tuning is good.

Although our proposed methods ultimately fail when it comes to increasing long-
range detection performance, a detailed discussion about why this is the case is
provided along with recommendations about what we think should be done differ-
ently. We also show that long-range accuracy seems to be more connected to the
quality of sampled objects and diversity in the data. This leads us to believe that
there is still untapped potential when it comes to utilizing GTDS as effectively as
possible.

5.1 Proposed further work

As a consequence of the fact that some of our GTDS configurations that were tuned
to be biased towards longer ranges had a negative impact on the long-range detec-
tion performance, this leads us to believe that the choice of downsampling method
might be a problem. Hence, our first proposal when it comes to future work is to
try out other downsampling methods. A good starting point for this would likely
be an adaption of [16] towards the nuScenes data format. Even though we’ve pre-
viously mentioned that this might be tricky due to noise originating from sweep
concatenation used in nuScenes, it might be possible to do sufficiently well by e.g.,
dividing the scan angles into fixed bins. It would also be interesting to treat the
relation between the number of points in an object and its distance from the sensor
by modeling occlusion in objects instead choosing the points to sample cubically
proportional to the factor S by which we move objects further away. The reason for
this is that the number of points should actually be quadratically proportional to
the range of the detections.
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5. Conclusion

One subject not touched upon regarding downsampling and translation of GT ob-
jects is that of point intensity. It could be that the intensity of the downsampled
objects points need to be adjusted accordingly to properly represent objects further
away.

Lastly, since models using voxel-based backbones were not evaluated in this thesis it
could be of value to investigate the effect of our techniques on these. The reason for
this is that more spatial information is preserved by using a voxelized point cloud
rather than pillarized one.

5.2 Ethical aspects

When conducting new research, it is important to take all possible use cases of the
research into account. In the bigger picture, the question is if the rapid advances
in object detection will be of positive significance or if it also comes with new haz-
ards to take into account. Since most of the object detection research is done to
accelerate the realization of AD, some aspects need to be taken into consideration.
Can you trust an autonomous vehicle to properly handle all edge cases that the
average human would be able to in a traffic situation, and who is to blame if it fails?
There are many of these different ethical and moral dilemmas that might come to
mind when dealing with AD. One common dilemma that usually surfaces in this
discussion is the Trolley Problem, where a bystander has the opportunity to divert
a runaway train heading towards a group of people, but in doing so will make the
train head for a single person. What is the morally correct thing to do in this case?
Such questions are difficult even for human experts to answer, and can we trust a
machine or an algorithm to make a good decision?” No matter the outcome of such
a dilemma, one question still remains, and that is who should ultimately be held
responsible for the decision made.

Better and more precise object detection could potentially be implemented for mil-
itary usage in autonomous weapons. One might argue that more precise object
detection could reduce the risk of collateral damage and civilian casualties, but it
could as likely be used to target power or healthcare infrastructure and people with
a specific ethnical background. Weaponizing object detection and deep learning
algorithms is something that has already been done, like the STM Kargu which
according to the UN security council’s panel of experts was utilized in Libya 2020
to hunt down and kill a human target.

On the other hand, improved object detection has the possibility to save countless
lives, not only when used for full AD in the future, but when used for active safety
systems in today’s implementations. As more and more new cars are being equipped
with advanced LiDAR sensors [14], this is of increasing importance.
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B. Appendix B

Table B.1: CenterPoint Baseline differences between runs. Results presented before
Fade (b.F.) and after Fade.

Class Metric
AP ATE ASE AOE AVE AAE

b.F. Fade | b.F. Fade | b.F. Fade | b.F. Fade | b.F. Fade | b.F. Fade
Car 0.002 0.001 | 0.002 0.001 | 0.001 0.002 | 0.005 0.003 | 0.004 0.014 | 0.004 0.003
Truck | 0.013 0.013 | 0.019 0.021 | 0.006 0.008 | 0.028 0.030 | 0.010 0.035 | 0.014 0.006
Bus 0.009 0.024 | 0.013 0.013 | 0.010 0.007 | 0.064 0.018 | 0.044 0.030 | 0.005 0.006
Trailer | 0.003 0.009 | 0.020 0.018 | 0.009 0.013 | 0.049 0.042 | 0.013 0.031 | 0.013 0.019
C.V. 0.007 0.016 | 0.030 0.046 | 0.012 0.010 | 0.157 0.226 | 0.009 0.003 | 0.018 0.047
Ped. 0.007 0.011 | 0.000 0.001 | 0.003 0.005 | 0.012 0.021 | 0.007 0.004 | 0.005 0.006
Mot. 0.010 0.012 | 0.004 0.002 | 0.003 0.005 | 0.052 0.041 | 0.144 0.033 | 0.009 0.023
Bicycle | 0.014 0.035 | 0.007 0.003 | 0.003 0.003 | 0.147 0.138 | 0.006 0.014 | 0.006 0.002
T.C. 0.010 0.010 | 0.011 0.003 | 0.009 0.012 | n/a n/a | n/a n/a | n/a n/a
Barrier | 0.008 0.022 | 0.002 0.005 | 0.003 0.001 | 0.009 0.008 | n/a n/a | n/a n/a

mAP mATE mASE mAOE mAVE mAAE NDS

b.F. Fade | b.F. Fade | b.F. Fade | b.F. Fade | b.F. Fade | b.F. Fade | b.F. Fade

Overall | 0.001  0.003 | 0.001 0.007 | 0.002 0.001 | 0.035 0.046 | 0.021 0.005 | 0.004 0.008 | 0.004 0.003

Table B.2: CenterPoint HRFiSv2 differences between runs.

before Fade (b.F.) and after Fade.

Results presented

Class Metric
AP ATE ASE AOE AVE AAE
b.F. Fade b.F. Fade | b.F. Fade | b.F. Fade | b.F. Fade | b.F. Fade
Car 0.001  0.001 | 0.002 0.002 | 0.001 0.000 | 0.004 0.003 | 0.002 0.003 | 0.006 0.009
Truck 0.012 0.011 | 0.004 0.013 | 0.003 0.006 | 0.033 0.012 | 0.019 0.005 | 0.019 0.009
Bus 0.032 0.040 | 0.034 0.035|0.008 0.012 | 0.013 0.014 | 0.033 0.049 | 0.012 0.017
Trailer | 0.013 0.006 | 0.025 0.025 | 0.004 0.005 | 0.017 0.038 | 0.045 0.042 | 0.005 0.025
C.V. 0.013 0.013 | 0.010 0.050 | 0.017 0.016 | 0.120 0.093 | 0.007 0.014 | 0.033 0.036
Ped. 0.010  0.008 | 0.003 0.002 | 0.001 0.001 | 0.017 0.027 | 0.003 0.004 | 0.003 0.005
Mot. 0.014 0.003 | 0.007 0.014 | 0.004 0.006 | 0.019 0.022 | 0.184 0.049 | 0.030 0.034
Bicycle | 0.041 0.004 | 0.003 0.006 | 0.006 0.006 | 0.033 0.036 | 0.046 0.037 | 0.007 0.002
T.C. 0.010 0.020 | 0.011 0.008 | 0.002 0.004 | nan nan nan nan nan nan
Barrier | 0.011  0.002 | 0.000 0.008 | 0.005 0.003 | 0.011 0.009 | nan nan | nan  nan
mAP mATE mASE mAOE mAVE mAAE NDS
b.F. Fade b.F. Fade | b.F. Fade | b.F. Fade | b.F. Fade| b.F. Fade | b.F. Fade
Overall | 0.007 0.005 | 0.008 0.008 | 0.001 0.002 | 0.005 0.011 | 0.027 0.009 | 0.002 0.004 | 0.004 0.004
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