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Uncertainty estimation in multi-modal 3D object detection

ANTON ROSEN
Department of Electrical Engineering
Chalmers University of Technology

Abstract

Object detection is an important part of many autonomous driving systems, provid-
ing condensed information about the vehicle’s surroundings. For good performance
in different environmental conditions, multi-modal object detection is often used,
where information from different sensors are fused. Due to factors such as sensor
noise, occlusion, and adverse weather conditions, there is an inherent uncertainty
in the object detection task. Most state-of-the-art approaches for multi-modal 3D
object detection do not model these uncertainties for regression. Explicitly modeling
and estimating the uncertainties leads to higher interpretability, allows analysis of
difficult situations, and can improve the performance of downstream tasks.

In this work, we explore how uncertainty can be modeled and estimated in multi-
modal 3D object detection. We show that directly modeling the uncertainties of
bounding box parameters can provide meaningful uncertainty estimates without
sacrificing neither predictive performance nor computational efficiency. We compare
modeling the uncertainties both separately per detection, using normally distributed
random vectors, and jointly per frame, using Poisson multi-Bernoulli random finite
sets. Our results show that separate modeling enhances predictive performance,
while joint modeling yields more accurate uncertainty estimates. Additionally, we
demonstrate that these predicted uncertainties can identify unlabeled data where
the model performs poorly, underscoring their importance for more interpretable
and safe autonomous driving systems.

Keywords: 3D Object Detection, Sensor Fusion, Uncertainty Estimation.
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Introduction

Vehicles with autonomous capabilities have the opportunity to improve the trans-
portation sector in several ways. Autonomous vehicles can reduce the number of
traffic-related accidents, as the majority of accidents are a result of human error
[2]. They can also revolutionize shared transportation. With driverless vehicles, the
scope of public transport and other mobility services can be wider and offered at
a lower cost, thereby reducing overall road congestion, decreasing parking demand,
lowering energy usage, and cutting greenhouse emissions [3]-[6].

For vehicles to operate autonomously, several different systems work together. One
of the key systems required is the perception system, which is responsible for iden-
tifying and analyzing the car’s surrounding environment. Some typical perception
tasks include detecting and tracking objects such as cars and pedestrians, classifying
traffic signs, and finding lane markers. To perceive the world, autonomous vehicles
utilize different sensor types, usually referred to as modalities. Some commonly
used modalities are camera, LIDAR, and radar, all with respective advantages and
disadvantages. Cameras provide high-resolution and semantically dense data. How-
ever, they typically perform poorly in low-light situations and do not provide depth
information. LiDAR and radar both provide depth information and perform well
under low-light situations, but the data is at a much lower resolution and does not
contain color information. By combining these sensors effectively, it is possible to
get the benefits of the each respective sensor type, enabling systems that perform
well in a wider range of situations.

To effectively act on the information provided by perception systems, it is mean-
ingful to consider not only the output of a model but also the certainty of that
information. No matter how good a model is, uncertainty will always be present
in any perception system. Examples of unavoidable sources of uncertainty include
adverse weather conditions limiting visibility, the presence of new unseen objects in
the scene, occluded objects, and inherent sensor noise. Knowing how much a detec-
tion can be trusted can provide vital information for the real-time decision-making
systems of autonomous vehicles.

Perception uncertainties can be used to improve the safety of autonomous vehicles,
by for instance propagating them through downstream tasks [7]. Many downstream
tasks, such as target tracking [8], trajectory planning [9], and simultaneous localiza~
tion and mapping [10], assume some measurement noise on the perception outputs.
By estimating and outputting uncertainty in the perception model, a more repre-
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sentative measurement noise can be used, potentially increasing the performance on
the respective tasks. Separately, precautions such as slowing down, handing over
control, or coming to a safe stop can be implemented in the presence of perception
uncertainty.

Uncertainties can also enhance the interpretability of autonomous vehicles by pro-
viding deeper insights into their decision-making processes and predicted actions.
Interpretability of autonomous driving systems are important on several levels. For
passengers, model interpretability can increase the trust that the vehicle will drive
them to their destination safely. Increased interpretability can also help diagnose
issues with models, help validation against safety standards, and provide better
accountability if something goes wrong [7].

Additionally, the predicted uncertainties could be used for active learning [11], by
finding unlabeled instances where the model is uncertain. These instances can then
be annotated and used to improve the model. By efficiently finding informative
data points, both the annotation cost and training time can be decreased, as less
overall data is required. It is thus desirable for a model to provide well-calibrated
uncertainty estimates with its predictions.

Autonomous driving perception can be divided into different tasks. In this thesis,
we focus on 3D object detection, where the task is to detect and classify objects, as
well as regress their 3D pose. In the object detection literature, the vast majority
of papers do not consider the uncertainty of predictions [12]. Of the papers that do,
most papers only consider 2D object detection on images, e.g., [12]-[15]. A number
of works consider 3D object detection with one modality, e.g., [16]-[18]. Very few
works study uncertainty in 3D object detection with multiple modalities, however,
one example is the work of Feng et al. [19].

In this thesis we investigate the estimation of uncertainties in camera-LiDAR 3D
object detectors. Instead of only focusing on predictive performance, our main focus
is on the uncertainty estimates: how they can be obtained, how to evaluate them,
and how they can be used to create safer, more interpretable autonomous vehicles.

1.1 Thesis Objectives

The objective of this thesis is to identify and evaluate methods to estimate the
uncertainty in 3D object detectors. The goal is to develop a model that provides
useful uncertainty estimates that can be used in, for instance, downstream tasks or
for active learning by highlighting cases where the model is uncertain. Modeling
the uncertainties should ideally not sacrifice predictive performance or come at a
significant computational cost, as that would limit the practical application of the
model.
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1.2 Limitations

As the focus of the thesis is to investigate uncertainty modeling, we will not design
an object detector from scratch and instead use and modify the state-of-the-art
model BEVFusion [20] to perform our experiments.

There are also a large amount of sensor modalities that could be used, for instance,
camera, LiDAR, radar, and ultrasonic sensors. To keep the scope manageable, we
will only consider the fusion between the LiDAR and camera modalities. This also
enables us to use the Zenseact Open Dataset [1], which does not feature radar or
ultrasonic data.

Additionally, there are a wide variety of ways to model and estimate uncertainty.
Due to time limitations, we will not cover all the possible ways of estimating un-
certainty. Most notably, we chose not to investigate Bayesian Neural Networks due
to their poor predictive performance on 3D object detection [21]. We will also not
investigate sampling based approaches such as Monte Carlo Dropout or Deep En-
sembles, as they are computationally inefficient, requiring multiple forward-passes
at test time [12].

1.3 Contributions and Main Results

The main results of this this thesis can be summarized in the following list:

o Direct modeling can effectively be applied to a general multi-modal 3D object
detector to produce accurate uncertainty estimates without severely influenc-
ing inference time.

o Modeling the object detection problem as a set prediction problem, optimizing
jointly over all predictions, produces the most accurate uncertainty estimates.

e The produced uncertainty estimates can be used to identify when the model
performs poorly, help find out-of-distribution unlabeled cases for active learn-
ing, and lead to overall more interpretable object detectors.



1. Introduction




2

Background

To model the uncertainty of object detectors, a few key prerequisites are described.
Firstly, a general introduction to 3D object detection is given. Here, the problem is
defined, common methods are illustrated, and the evaluation metrics are outlined.
Secondly, a primer is given on random vectors and sets to be able to model the
uncertainty. Finally, how the uncertainties are modeled and estimated is shown.

2.1 Object Detection

There are many ways to capture the information present in images or point clouds,
all with respective advantages and disadvantages. By performing classification on
an entire image or point cloud, one can obtain a high-level representation of the
scene. Classifying every single pixel or point separately, as in segmentation tasks, a
very detailed semantic understanding can be obtained. Object detection is instead
a set prediction task, where the goal is to predict the set of all object in a scene.
Normally, the set prediction problem is divided into one regression problem and one
classification problem, where the goal is to regress — typically box-shaped — bound-
aries around all objects, and classify the object contained within each boundary.
This creates an efficient representation of the environment and is typically used in
autonomous driving applications to, for instance, detect vehicles, pedestrians, and
obstacles.

One important distinction is between 2D and 3D object detection. In 2D object
detection, the aim to find the boundary parameters of objects in the 2D image
plane. The resulting object boundaries are thus in pixel coordinates (u,v), giving
no notion of absolute scale, rotation, or position. In 3D object detection, the goal
is instead to find the 3D locations of objects in a real-world reference frame. The
resulting boundaries are thus in world coordinates (x,y, z), yielding a more useful
representation for the task of autonomous driving.

The boundaries used in object detection are typically represented using boxes, as
they serve as good approximations and are computationally efficient. These boxes
are referred to as bounding boxes, and are defined as boxes that contain the objects.
To gain the maximum information, it is desirable for the the bounding box to be
as tight as possible to the object. More rigorously, the goal is to find the minimum
bounding box of an object, i.e., the box of minimum volume that the object is fully
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within.

For 2D object detectors, these bounding boxes are typically axis-aligned, meaning
that they have no rotation with respect to the Cartesian coordinate axes. This yields
a four degrees of freedom (DoF) parametrization of the bounding box, made up of
either the coordinates of opposing corners or the coordinates of the center point
together with the box size. When moving to 3D, rotation has a larger effect on the
tightness of bounding boxes. In 3D there are 3 DoF for rotation. For autonomous
driving perception, often only the rotation in the ground plane, yaw, is modeled.
Figure 2.1 shows the difference between a 2D axis-aligned bounding box and a 3D
bounding box with yaw rotation.

Figure 2.1: Difference between 2D (left) and 3D (right) bounding box representations
on an example image from ZOD'[1]. The 2D bounding box can not capture the depth
and does not represent the location of the object with respect to the ego-vehicle.

Early object detectors used traditional machine vision algorithms, and relied on
detecting hand-crafted features to find vehicles in images. Over the past decade,
deep learning-based object detectors have become more and more capable, offering
great detection performance and the capability of working in real-time on embedded
hardware. Instead of relying on hand-crafted features, deep learning-based object
detectors instead learn to identify what makes up objects by training on a large set
of examples.

Generally, deep learning-based 3D object detectors first extract and encode features
from the input. This process differs depending on the modality used. For camera-
based detectors, features are often processed first in the 2D image plane, before the
depth of features are estimated further processed in 3D. For LiDAR-based detectors,
an initial transformation is often done to the unstructured, unordered point cloud,
before 3D feature encoding is done. Finally, common for any modality, is the use of
a detection head to perform bounding box regression and classification.

The detection head requires proposal bounding boxes to perform the regression and
classification. There are two types of methods to generate proposals: anchor-free
methods and methods based on anchor boxes. Anchor boxes are pre-determined
bounding boxes of different sizes and at different locations. Generally, a large num-
ber of anchor boxes are required to cover the 3D space with sufficient density [22].
This can also create a large number of overlapping predictions. To deal with these

ILicensed under CC BY-SA 4.0, see Appendix A.1 for license details
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overlapping predictions post-processing steps like non-maximum suppression [23]
can be utilized, which remove overlapping detections by thresholding on the amount
of overlap and the classification confidence. Anchor-free methods instead generate
proposals based on the features, often requiring significantly fewer proposals. An
example of an anchor-free detector is CenterPoint [22], which is described in Section
2.1.2.

2.1.1 3D Object Detection Metrics

One of the most common performance metrics used for 3D object detectors is average
precision (AP), which considers both classification and regression. AP is computed
in two steps. First, the predictions from a 3D object detector are matched to the
corresponding ground truth annotations. All predictions are sorted by confidence,
and — starting with the most confident prediction — compared against all the annota-
tions using some criterion. The criterion is typically the Euclidean distance between
bounding boxes centers. If a prediction is within a specified distance threshold, the
prediction is marked as a true positive and the corresponding annotation is not
considered for the matching of future predictions.

After the matches have been computed, the second step is to, for each class, compute
the average precision for different levels of recall. Using the matches, the detections
are divided into false positives (FP), false negatives (FN), true positives (TP). Using
these, the recall is given by

TP
l=———— 2.1
Reca TPLEN (2.1)
and the precision by
Precisi TP (2.2)
ecision = ————— . .
RO = TP FP

The precision and recall values can be used to construct the precision-recall curve,
where precision is plotted against recall. The AP is then computed by integrating
the precision-recall curve. This is done for each class separately and the AP is the
mean over the classes. In the matching step, chosen threshold is a bit arbitrary. To
counteract this, the mean average precision (mAP) can be used, where the mean of
AP is taken for different thresholds. Typically, the thresholds are set at 0.5m, 1m,
2m, and 4m for the Euclidean distances between the centers of bounding boxes.

This formulation of mAP does not consider how well all the bounding box parame-
ters of each match the ground truth, only considering the center location. To resolve
this, some metrics extend mAP to additionally capture this information. One no-
table example of this is the nuScenes Detection Score (NDS) [24]. In NDS, the
average translation error (ATE), scale error (ASE), and orientation error (AOE)
are computed for true positive detections. In nuScenes, bounding boxes are addi-
tionally parameterized with velocity and class specific attributes, e.g. sitting and
standing for pedestrians. These are captured with average velocity error (AVE) and
attribute error (AAE). For exact definitions of each quantity, see [24]. The NDS is
finally defined as the average of all these metrics, with mAP recieving the highest

7
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weight,

NDS 5mAP + ) (1 — min(1, AE))) : (2.3)

1
 |AE[+5 ( AE
Here AE € {ATE,ASE,AOE,AVE,AAE} are the additional metrics. If some quanti-
ties are not estimated, they can be omitted from AE. In this thesis we do not esti-
mate velocity or class specific attributes and instead use AE € {ATE,ASE ,AOE}.

2.1.2 LiDAR-based 3D Object Detection

Due to the explicit 3D representation of LiDAR data, LiDAR-based 3D object detec-
tors have become very capable. LiDAR stands for light detection and ranging and is
an active sensor technology that transmits and receives waves of light. This makes
LiDAR capable of performing well in low-light scenarios where passive technologies
— like cameras that rely on the light in the environment — struggle. While LiDAR
sensors are less common than cameras, due to recent improvements in resolution,
cost, and volume, some car manufacturers have started integrating LiDAR sensors
into their vehicles [25]-[27].

The sparse, unordered, point-based LiDAR data is not trivial to process. For LiDAR-
based 3D object detectors, three types of approaches are common to transform
and process the input: projection-based approaches, point-nets, and voxel-based
approaches. The differences between these are illustrated in Figure 2.2.

Figure 2.2: Different point cloud representations in 3D Object detection. Projection-
based approaches (left) project the 3D points into a 2D image plane. Point-nets
(middle) operate on the regular unordered set of points. Voxel-based approaches
(right) divide the point cloud into structured voxels. Example point cloud from
ZOD?[1].

Projection-based approaches utilize the large amount of research done on 2D object
detectors and project the point cloud into 2D. Projection-based approaches work
in three steps. First, they generate a 2D image — either from the point of view of
the LiDAR, or from a bird’s-eye view (BEV) perspective — from the point cloud.
Secondly, they perform 2D object detection on that image. Thirdly, they regress
3D bounding boxes using the depth information provided by the point cloud. This
approach was used by for instance [28] and [29] to set a new state-of-the-art. Since

?Licensed under CC BY-SA 4.0, see Appendix A.1 for license details
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then, more powerful approaches have been proposed where the 3D representation is
used.

Point-nets, instead utilize the sparse, unordered, point-based representation of point
clouds by directly taking them as input. This method was popularised and named by
the paper PointNet [30], where the layers operate on the individual points separately
before transforming and aggregating them into a global feature vector. While this
reduces the need for special transformations, and is invariant to the order of points,
its computational complexity grows with the number of points in the point cloud
and is sensitive to input perturbations.

The final type of LiDAR-based 3D object detectors are voxel-based representations.
These methods partition space into voxels, which are the 3D generalization of pix-
els. VoxelNet [31], is one prominent voxel-based method. In VoxelNet, following
voxelization, point-nets are applied to the points within each voxel to encode the
shape information into a vector format. The spatial context is then aggregated
across voxels using 3D convolutions, creating a feature map that is later fed into a
detection head. However, 3D convolutions are computationally expensive, leading
to different proposed improvements. SECOND [32], utilizes sparse convolutions to
speed up the inference, and PointPillars [33], create a 2D grid of voxels with infinite
height, enabling the use of the more efficient 2D convolutions.

Most of the previous methods used anchor-based detection heads. These either
use axis-aligned anchor priors, that struggle to accurately capture the orientation
of 3D objects, or use different anchors for each orientation, greatly increasing the
computational burden. Therefore, anchor-free detection heads that do not rely on
priors have become increasingly prominent. CenterPoint [22], is one such method.
CenterPoint takes a feature map from any 3D backbone, such as the ones used in
VoxelNet or PointPillars, and predicts a heatmap Y € [0, 1]V*#*C where W, H
are the number of width and height pixels in the heatmap, and C is the number
of classes. A prediction of }A/xyc = 1 corresponds to a detected object of class ¢ at
(x,y) and ffmyc = 0 corresponds to background, making the peaks of the heatmap
the location of objects. An example heatmap from CenterPoint is shown in Figure
2.3. These heatmaps are learnt by projecting the annotated bounding boxes into a
heatmap Y and performing pixelwise logistic regression with focal loss [34],

e T e

A,

oo Y},;yc)ﬁ (nyc> log (1 — Y}cyc) otherwise

Here, av and 3 are hyper-parameters of the focal loss and N are the number of ground
truths. The top NV peaks of the predicted heatmaps are then used as object proposals,
with a class label assigned depending on which heatmap the object corresponds to.
The precise bounding box parameters are parameterized as sub-voxel refinements,
(0, dy); height over ground, z; size, (I, w, h); and (sin(f), cos()) for a wrap-around
resilient representation of the yaw angle. These parameters are later regressed for
each proposal using a feed-forward network. A confidence score for each prediction
is also obtained, with higher heatmap peaks corresponding to higher confidences.
This confidence score indicates the likelihood of an object existing and is useful
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for ranking and thresholding detections; however, it is not a calibrated existence
probability.

TransFusion [35], extends the CenterPoint head by using a transformer-based ap-
proach. In TransFusion, the top candidates from the heatmap are used as object
queries, which are cross-attended with the feature maps to aggregate relevant con-
text, and self-attended to reason about the relation between candidates. The queries
are then independently decoded into boxes and class labels by a feed-forward net-

work.
0.6
0.4
0.2
0.0

25 50 75 100 125 150 175 y
Heatmap « pixel

Heatmap y pixel

Figure 2.3: Example of a predicted heatmap on a frame from ZOD?3[1]. The peaks
in the heatmap (left) represent the predicted object locations. In this example, all
major peaks align with one of four horizontal lines, corresponding to the vehicles
in the four lanes (right). The ego-vehicle is located at (0,85) in the heatmap, high-
lighted with a red arrow on the y-axis.

2.1.3 Camera-based 3D Object Detection

Camera-based 3D object detectors aim to localize and classify objects in 3D by only
utilizing cameras. Compared to LiDAR-based 3D object detectors, vision-based
detectors generally perform far worse on common benchmarks [21]. Despite this,
using cameras for 3D object detection in autonomous vehicles is well studied [36].
Cameras, resembling human eyes in their data capture approach, are favored for
their affordability, compact size, and ability to provide rich visual information. This
makes them a preferred choice for 3D object detection tasks. The major problem
with using cameras, is their lack of direct depth information. For each pixel in an
image, there are an infinite amount of 3D points along its projective line that could
correspond to it, making accurate 3D localization difficult.

Many ways have been proposed for estimating depth using cameras and the methods
are divided into two categories: those based on monocular cameras and those based
on stereo cameras. Utilizing stereo cameras, with known intrinsic and extrinsic
calibrations, it is possible to estimate the depth by, for instance, matching features
between the cameras. With features matched between the cameras, we can find
the intersection of the projective lines, solving the depth ambiguity [37]. Stereo

3Licensed under CC BY-SA 4.0, see Appendix A.1 for license details.
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cameras, however, requires two, well calibrated, time synchronized, and spatially
spread cameras for each view that you want to capture. This increases the cost, leads
to higher data volumes and makes hardware integration into vehicles challenging. In
contrast, while integration with monocular cameras is simpler, the geometry cannot
be leveraged in the same way, requiring different methods.

Monocular depth estimation is the process of estimating depth from a single im-
age. Here, instead of using pure geometry, the context of the image has to be
utilized. One method to perform monocular depth estimation is to utilize ground
truth depth information from a LiDAR and supervise a network to predict this depth
[38]. Instead of relying on LiDAR, [39] uses data from stereo cameras and enforces
consistency in the disparity between the left and the right images, producing accu-
rate depth estimation without a ground truth depth. By assigning a depth to each
pixel, a pseudo-LiDAR point cloud is obtained. These pseudo-LiDAR point clouds
have been used in models like [40] and [41] to accurately regress 3D bounding boxes
from 2D images.

A similar approach, popularised by Lift-Splat-Shoot (LSS) [42], is to implicitly
unproject, or lift, pixels into 3D, generating a representation at multiple differ-
ent depths for each pixel. For an image X € R*>%W  we associate |D| points
{(u,v,d) € R3|d € D} to each pixel, where D is a set of discrete depths, and (u, v)
are the image coordinates. From (u,v,d), the 3D coordinates (x,y, z) can then be
obtained using the intrinsic and extrinsic matrices of the camera, together with a
representative camera model. This creates a dense point cloud of size D - H - W,
and for each pixel, the network predicts a distribution over the depth together with
a context vector c. The feature c, associated with a point at a given depth is then
defined as the context vector scaled by the depth probability «y. This means that
the network can choose between placing the context at a single point, if the depth is
certain, and spreading the context across the ray, if the depth is uncertain. Figure
2.4 shows an example of lifting a 2D image into 3D using a pinhole camera model.
In [43], this was applied to perform monocular 3D object detection by using a swin-
transformer [44] image backbone, lifting into 3D, pooling the point cloud to BEV
and using a CenterPoint [22] head.

2.1.4 Fusion-based 3D Object Detection

When it comes to fusing different sensor modalities, it is important to consider when
the fusing is done. Many early methods for sensor fusion relied on late fusion, where
separate networks were used for each modality to produce detections that were later
merged together. This is a quite interpretable representation, as the individual
outputs of the different sensors can be analysed. However, by fusing at the object
level, some information that the sensors could use to help each other in the detection
process is lost. For instance, if one sensor sees the front of an object and another
sees the rear, a system using object-level fusion would likely be unable to capture
the full object.

Many fusion-based object detectors instead choose to fuse the different modalities
earlier, by e.g., fusing features between modalities or decorating the input of one
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Figure 2.4: Example of the lifting step in Lift-Splat-Shoot [42]. The features are
unprojected into 3D at some discrete depths, and for each depth the network predicts
a depth probability ay that together with the context vector encodes the feature
in 3D. The depth probabilities allow the network to choose between assigning the
feature to a few select points, if the network is certain of the depth (green line),
or to spread it out, if the network is uncertain (orange line). Figure shows the
unprojection of a vertical line in the image, with features from one channel, using
the pinhole camera model. The opacity of points correspond to their probabilities.

modality with the other. Early multi-modal deep learning models opted for the
second approach, either projecting a point cloud into a camera, e.g., [45], or project-
ing a camera into a point cloud, e.g., [46]. Both of these methods provided better
results than their single-modality counterparts, however, there are some downsides.
By projecting the camera information into a point cloud, the semantic density of the
camera is lost, as a very small amount of pixels get a corresponding LiDAR point.
And by projecting the LiDAR information into a camera, the geometric structure is
lost, as neighbors in 2D space could be far away in 3D space.

Instead, most current state-of-the-art fusion-based 3D object detectors use separate
backbones for each modality and then represent the features in a shared BEV rep-
resentation. For LiDAR, this transformation can be done by flattening along the
z direction, whereas for camera, a view transformation, for instance as in [42], can
be used to lift the features into 3D before pooling into BEV. Among the first 3D
object detectors to efficiently perform this was BEVFusion [20], which has been the
foundation for many state-of-the-art 3D object detectors since, e.g., [47] [48].

The original BEVFusion architecture is made to work with a wide variety of back-
bones, necks and heads. An overview of the architecture can be seen in Figure
2.5. For the baseline implementation, the authors used the voxel-based backbone
SECOND [32] to encode the LiDAR features, a swin-transformer [44] to encode the
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Figure 2.5: Overview of the BEVFusion architecture [20] using example inputs from
ZOD'[1]. For each modality, features are extracted and transformed into BEV. The
BEV features are then concatenated and further processed before the detection head
predicts the bounding box parameters and class labels with confidences.

camera features, a LSS-based view transformer [42] and a detection head based on
TransFusion [35]. The main contribution of the BEVFusion paper was to make the
pooling into BEV after the view-transformation more efficient, by implementing a
specialized CUDA kernel. This allows the use of more accurate, computationally
expensive methods, whilst maintaining real-time performance.

2.1.5 Datasets

Over the years, a huge amount of data has been collected and annotated for au-
tonomous driving applications. While much of this data is proprietary, there are also
several publicly accessible datasets. Notable examples include KITTI [49], nuScenes
[24] and the Waymo Open Dataset [50]. These datasets feature diverse sensor config-
urations, annotations covering varying distances, and are captured across different
geographical locations.

In this thesis, we leverage the recently released Zenseact Open Dataset (ZOD) [1].
Z0D contains 100,000 curated frames, where each frame consists of data captured by
a high-resolution camera equipped with a wide-angle fish-eye lens, alongside inputs
from three LiDAR sensors and other complementary sensors. The sensor setup
and coordinate systems are illustrated in Figure 2.6, and a detailed description of
relevant sensors is available in Table A.1. Each frame is annotated with objects
visible in the image data, and contains 3D bounding boxes if the object is also
present in the point cloud. The object classes in ZOD are divided into static —
non-moving — objects, and dynamic — potentially moving — objects. The classes
are split into general top-level classes, such as Vehicle, and further divided into
sub-classes, such as Car and Bus. Additionally, each frame also contains metadata
with sensor calibrations and additional information such as weather, time of day,
and the occlusion ratio of an object. This extensive metadata enables, for instance,
analyzing how the performance of a model changes in different environments and
conditions.

4Licensed under CC BY-SA 4.0, see Appendix A.1 for license details.
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Figure 2.6: Sensor setup used in ZOD with corresponding coordinate systems [1].
VLP16 and VLS128 are the LiDARs, and OxTS is the GNSS/IMU defining the
ego-vehicle frame. Figure reproduced with permission.

The camera used in ZOD is a wide-angle camera, meaning that there is a non-
negligible optical distortion and the standard pinhole projection model is not appli-
cable. Instead the cameras are modeled using the Kannala-Brant projection model
[51], and the dataset includes fitted distortion and undistortion parameters for each
frame. In the Kannala-Brant projection model, a 3D point, (x,y,2) € R3, is pro-
jected into 2D, (u,v) € R?, using

7:m7

0 = atan2(v, z) ,
Gd =40 + 0193 + 0295 + 0307 + 0499 s

; (2.5)
u= fxﬂ +c
Y
Oay
v = fy? + Cy s

where ¢1, ¢2, ¢3, ¢4 are distortion coefficients, f,, f, are the focal lengths, (c,, ¢,) is the
coordinate of the principal point, and atan2(y, z) is the argument of the complex
number z + iy. Note that the 3D point that is projected is with respect to the
camera, meaning that additional transformations might be needed to, for instance,
project 3D LiDAR points into the camera. Similarly, unprojecting a point from 2D

to 3D is done using
2 2
B (u—cx> +<u—cx>
P = )
J fa Ja

¢ = atan2(y, z) ,

0 =p+kip® + kop® + kap” + kyp” (2.6)
x = sin(f) cos(¢)d

y = sin(f) sin(¢)d ,

z = cos(f)d ,
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where ky, ..., ks are undistortion coefficients, and d is the depth of the unprojected
point.

2.2 Random Vectors and Sets

There are different ways to model the uncertainty in object detectors. For instance,
each detection can be viewed as a random vector. Random vectors extend the
concept of a single random variable to multiple dimensions, where each element
represents a distinct quantity subject to randomness. For each detection, the random
vector contains both the variables that parameterize the bounding box, as well as
the individual class probabilities. Typically the class probabilities are modeled using
the discrete categorical distribution®, and the bounding box parameters are modeled
using the continuous normal distribution.

Furthermore, the number of detections in each frame is also unknown. To model
this, random finite sets (RFSs) can be used. Random finite sets model an unknown
number of unknown variables, variables which themselves could be random vectors.
The object detection problem can thus be modeled using an RFS, where an unknown
number of objects, each consisting of random vectors, are modeled. Section 2.2.2
provides a brief introduction to RFSs, with a focus on their application to object
detection. For a complete rigorous treatment of RFSs, readers are refered to, e.g.,
[52]-[54].

2.2.1 Normally Distributed Multivariate Random Vectors

A normal distribution, also referred to as a Gaussian distribution, is a continuous
probability distribution widely used to model random variables with unknown distri-
butions. This section summarizes some important properties of normal distributions,
more information is available in for instance [55]. One reason for the wide use of
normal distributions is the central limit theorem. The central limit theorem states
that for a sufficiently large random sample from a distribution of finite mean and
variance, the random samples are approximately normally distributed. This holds
true even if the source distribution is not normal, making the normal distribution
appropriate to model the uncertainty of unknown distributions.

One-dimensional normally distributed random variables are denoted z ~ N (u, o),
where 1 € R represents the mean and o2 € R the variance. The probability density
function (PDF) of a univariate normal distribution is

fla) = — e (5

NG

(2.7)

The multivariate normal distribution generalizes the univariate normal to higher
dimensions, modeling random vectors. An n-dimensional random vector that is
normally distributed can be denoted as x ~ N (u, X)), where pu € R™ denotes the

5See Appendix B.1 for a brief review of the categorical distribution.
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mean vector and X € R™ ™ the covariance matrix. The PDF of the multivariate
normal distribution is

f(x) = (2m) "2 det(2) " exp (—;(X —p) I (x - u)) : (2.8)

The covariance matrix of a multivariate normal distribution generalizes the vari-
ance to higher dimensional random variables. These matrices have a few important
properties. For instance, all covariance matrices are symmetric, i.e., ¥ = X7 and
positive semi-definite, i.e., x ¥x > 0 Vx € R™. Checking that a matrix is symmetric
is trivial, however, checking that a matrix is positive semi-definite is slightly more
difficult. One way, is to verify that all the eigenvalues are real and non-negative,
another, is to utilize the property that all positive semi-definite matricies A can be
Cholesky decomposed into the form

A=LLT (2.9)

where L is a lower triangular matrix with positive diagonal entries. Thus, if a matrix
cannot be decomposed into ¥ = LL”, then it cannot be a covariance matrix.

2.2.2 Random Finite Sets

A random finite set (RFS) is a random variable that takes values as unordered finite
sets [52]. For an RFS the number of constituent elements, or cardinality of the set,
is random and the elements themselves are random, distinct and unordered. This
means that they can be used to model an unknown number of objects, where the
objects themselves have unknown properties. Random finite sets are well used in
the multi-object tracking literature, e.g., [56], [57], and have recently been used in
the context of object detection [14].

In simple terms, an RFS can be specified using a distribution describing the car-
dinality, and distributions describing the elements, conditioned on the cardinality.
The next subsection describes the distributions of some concrete RFSs applicable to
object detection.

2.2.2.1 Poisson Multi-Bernoulli Random Finite Sets

The Bernoulli RFS is one of the simplest examples of an RFS. The Bernoulli distri-
bution is probability distribution that can model the outcome of a single event with
two possible states®. For the application of an object detector, this can be used to
model the existence of one object, where the two states are the object existing or
not existing. The probability distribution of the Bernoulli RFS is

l—r ifY=0]
f8(Y)=q{rly) ifY={y} , (2.10)
0 if |Y|>1

6See Appendix B.2 for a brief review of the Bernoulli distribution.
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where Y is the set of objects assigned to the Bernoulli RF'S, r is existence probability
and p(y) the single object density, describing the spatial and class densities of the
object [56]. As the Bernoulli distribution is only capable of modeling the outcome of
a single binary event, the Bernoulli RFS is only capable of modeling a single object,
producing a probability of 0 for sets with more than one object.

To combat this, the multi-Bernoulli RFS (MB RFS) can be used. As the name
suggests, the MB RFS utilizes multiple Bernoulli RFSs to be able to model several
objects. More concretely, taking the union of n independent Bernoulli RFSs yields
a multi-Bernoulli RFS with density

n

X)) = > IIfs (X)), (2.11)

W, X, =X j=1

where X is the MB RFS, Xy,...,X, are the independent Bernoulli RFSs, and
o X; = X are all disjoint subsets whose union is X [14]. However, one problem
with using MB RFSs to model arbitrary objects is that the number of independent
Bernoulli RFS used to build the MB RFS needs to be larger or equal to the number
of objects in a scene. Otherwise, at least one Bernoulli RFS will be assigned to
multiple objects”, leading to a likelihood of 0 for the MB RFS.

There are several ways to extend the MB RF'S to handle arbitrary number of objects.
One such way, used in model-based tracking, is to model the detected objects using a
MB RFS, and model undetected objects using a Poisson point process (PPP) [58]. A
Poisson point process is an RFS where all elements are independent and identically
distributed, and the cardinality is Poisson distributed®. The density of the PPP for
multiple objects is

fepp(X) = exp (—/A(x')dm’) I M=) . (2.12)

zeX

where A\(x) is the intensity function of the PPP, and integral represents the expected
cardinality of the set [14]. Combining the multi-Bernoulli RFS to model detected
objects with the PPP to model undetected objects we obtain the Poisson multi-
Bernoulli RFS with density

fens(X) = > feep (XU> fuB (XD) , (2.13)

XUwXP=X

where XY denotes the set of undetected objects, XP the set of detected objects, and
XY W XP = X all possible ways of partitioning X into these two disjoint sets [14].

"This is an example of the widely-known pigeonhole principle, which states that if there are
more pigeons than pigeonholes, there must be at least one pigeonhole with at least two pigeons.
Here, the pigeons are objects and the pigeonholes are Bernoulli RFSs.

8See Appendix B.3 for a brief review of the Poission distribution.
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2.3 Uncertainty Modeling

There are many factors that introduce uncertainty in a model, from noisy sensor data
to the concept defining what the goal of the model is. To try and formalize this
[59] outlined seven different kinds of uncertainty for autonomous perception. These
seven different kinds are: conceptual uncertainty, development situation and scenario
coverage, situation or scenario uncertainty, sensor properties, labeling uncertainty,
model uncertainty, and operational domain uncertainty. However, the authors did
not suggest how these quantities should be measured. Instead uncertainty is often
decomposed into epistemic and aleatoric uncertainty, which have more concrete
mathematical definitions.

Epistemic uncertainty, also known as model uncertainty, measures how certain a
model is in using its parameters to describe a dataset. Unknown objects or scenarios
not present in the training data, so-called Out Of Distribution (OOD) data, will
cause high epistemic uncertainty. Epistemic uncertainty can be generally reduced
by increasing the amount of training data [60].

Aleatoric uncertainty, on the other hand, can generally not be reduced by just in-
creasing the amount of training data [61]. Aleatoric uncertainty models the observa-
tion noise of data and can be seen as data uncertainty. In autonomous perception,
it is likely to observe high aleatoric uncertainty when using RGB cameras at night
or when there is heavy rain affecting the LiDAR.

Using the total law of variance, the decomposition of uncertainty into aleatoric and
epistemic uncertainty can be viewed as

Var(X) = Var(EX|®]) + E[Var(X | ©)] (2.14)
——
total uncertainty epistemic uncertainty aleatoric uncertainty

for a random variable X, and parameters @ [62], [63]. From (2.14) we can see how
epistemic uncertainty can be reduced by using more data, as the posterior for ©
will concentrate, reducing the variance of the expectation. In the same way the
aleatoric uncertainty approaches the variance of X, or variance independent on the
parameters. In practice, completely decomposing uncertainty is challenging, and
various models are employed to estimate aleatoric and epistemic uncertainties, with
most models capturing both types to some degree.

Estimating these uncertainties in neural networks can be done in several ways. One
way to get estimates of uncertainty is to use Bayesian Neural Networks (BNN). BNNs
are neural network models that incorporate Bayesian principles, allowing them to
express uncertainty in their predictions by representing weights and parameters as
probability distributions rather than fixed values. This means that the uncertainties
are directly modeled and optimized for in the network structure, making BNNs a
compelling choice for estimating uncertainties. However, one main downside of
BNNs is that they are generally harder to train and harder to perform inference
with compared to non-Bayesian neural networks, especially for large datasets and
models [64], [65]. Furthermore, empirical evidence suggests that BNNs often exhibit
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inferior predictive performance compared to state-of-the-art non-Bayesian models,
as observed in the nuScenes 3D object detection leaderboard [21].

2.3.1 Sampling-based Uncertainty Estimation

Instead of using BNNs, it is possible to extend non-Bayesian networks to model
the uncertainty. In the literature, e.g. [12], the methods are typically divided
into epistemic and aleatoric uncertainty estimation, however, all methods typically
capture both to some extent. The approaches for epistemic uncertainty estimation
are typically sample-based, where multiple predictions are generated and seen as
samples from some underlying distribution. By assuming a specific distribution, the
samples can then be used to estimate the parameters of that distribution.

Two common sample-based approaches to model uncertainty are Monte Carlo Dropout
and Deep Ensembles. Monte Carlo dropout works by training a model using dropout
[66] and, deviating from how dropout typically is used, keeping the dropout active
during inference. By performing inference multiple times with the dropout active,
a variation in predictions will be produced that can be used to approximate a dis-
tribution. For instance, by assuming that the parameters of a bounding box are
normally distributed, one can associate predictions between samples, and for each
detection estimate the mean and variance of each parameter. The downside of this
is that multiple predictions have to be made at test time, with some suggesting up
to 50 predictions [61] to get good results, leading to high latency and computational
cost.

Deep ensembles work in a similar fashion, where an ensemble of networks of the
same architecture with different initialization of parameters and training data are
used to create a spread of predictions [67]. Similar to Monte Carlo dropout, deep
ensembles require several predictions to be made at test time. Additionally, they
require training separate networks, in contrast to Monte Carlo dropout where the
same network can be used to generate each prediction. One benefit of deep ensembles
is that they require significantly fewer predictions during inference, with [67] showing
that only 5 networks can be sufficient. Common to both of these methods is that
very little modification to the base network is required.

2.3.2 Direct Uncertainty Estimation

To model aleatoric uncertainty, the most common method is to use direct modeling.
This is done by assuming that the observation noise depends on the input data,
i.e. that uncertainty is heteroscedastic. In direct modeling the output is assumed
to follow a certain distribution — e.g. assuming that the outputs making up the
3D bounding boxes follow a Gaussian distribution - and then adding extra output
layers in the model to predict the parameters of the distribution [60]. This requires
modifying the base network by changing the output layers and loss functions to effi-
ciently learn the variance. However, this method does not directly imply a significant
increase in computational load at test time.

A few different loss functions have been proposed to learn the distribution parame-
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ters. In contrast to many other learning tasks, there is no ground truth which can
be used to directly learn the parameters. This makes sense as it is impossible to
annotate how uncertain a model is in a given scenario. Instead, we have to condition
the models to output uncertainty estimates using proxies. The most common exam-
ple of this is using the negative log likelihood (NLL) of the underlying distribution.
The likelihood of a distribution is the probability of observing a certain set of data
points given the parameters. By minimizing the NLL, we maximize the probability
of observing the data, making the NLL a good candidate for a loss function. For a
multivariate normal distribution, the NLL is

N
NLL = - (2o — ) 7 (20 — ) + logdet 3, | (2.15)
2N —
where N is the size of the dataset, z,, are the ground truth parameters, pu,, is the
predicted mean, and 3, is the predicted covariance matrix. When using the NLL
as a loss function, the model will be penalized for predicting a low variance if the
error is high, due to the inverse of the covariance matrix magnifying the error. In a
similar way, the model is punished for predicting a high variance if the error is low,
due to the additive last term in (2.15).

One downside of the NLL as a loss function is that it penalizes underestimating
the variance much more severely than overestimating it, leading to miscalibrated,
underconfident predictors. This is due to the fact that, for a fixed error, the NLL
grows with 1/x when the variance tends towards 0, but with log(z) when the variance
tends to infinity. This has led to using alternative loss functions to estimate the
distribution parameters. One such loss function is the energy score loss. The energy
score can be written as

1M1 M
sz: M;Han_an MQZZHZHZ ZWH) (2.16)

=1 j=1

where M is a fixed number of samples, and z,, ; is the i-th independent and identically
distributed sample from N (p,,, X,,) [13]. This can be efficiently approximated using
the Monte-Carlo method [68], yielding

1 N 1 M—-1
ES = n,i nll = 8 ar aN ng — Lng ) 2.1
5= 5 2 (57 Sl = #all = gy & ez} 17

significantly reducing the number of samples required.

By modeling object detection as a set prediction problem, and representing the
detections as coming from a Poisson multi-Bernoulli RFS; it is possible to use the
NLL of the PMB RFS density as a loss function. Naively, one can obtain the NLL
by computing the likelihood of observing the ground truths, given the density (2.13),
parameterized by the detections. However, this considers all possible assignments
of objects to ground truths, which grows super-exponentially. Instead, [69] proposes
to consider only the most likely assignments, arguing that the contribution of non-
likely assignments are negligible. By constructing an optimal assignment problem,
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and extracting the @ likeliest assignments A7, --- , Ay using Murtys algorithm [70],
the PMB-NLL can be approximated using

Q m
PMB-NLL ~ / M) dy —log | TT A II /e (Vi (A7) ] . @18)

q=1 yEYU (A;) k=1

where A\(x) is the PPP intensity function, fg, is the density of a Bernoiulli RFS
(2.10), Yy (AZ) = {yj eY| [Aﬂk = 1}, denoting the ground truths assigned to
7]

Bernoulli RFS k, and YV (A;) =Y\ur, Y, (A;), denoting the ground truth ele-
ments matched to the PPP.

2.3.3 Evaluating Uncertainty Estimates

By only evaluating probabilistic object detectors using regular object detection met-
rics, such as classification accuracy, mAP, or NDS, the uncertainty is not directly
captured®. Instead, different metrics, ideally proper scoring rules, have to be used.
A scoring rule is a function that maps from a predicted probability distribution and
a ground truth value to a single scalar value, and a proper scoring rule is a scoring
rule that is only minimized if the predicted probability distribution is the ground
truth distribution [12]. One example of a proper scoring rule is the Negative Log
Likelihood (NLL) and it has additionally been shown that mAP, and thus also NDS,
are not proper scoring rules [13]. Therefore, by applying the NLL — using either the
Poisson multi-Bernoulli representation in (2.18) or the more common representation
in (2.15) — one obtains a more mathematically grounded score.

Another way to gain insights in the uncertainty estimates of a probabilistic object
detector is to look at the calibration of the estimates. Calibration measures how
accurate or biased the uncertainty estimates are. A calibrated model is a model that
accurately estimates the probability of an event. In other words, the model is neither
overconfident nor underconfident in its uncertainty estimates. This property can be
visualized with a calibration plot, see Figure 2.7, where generated distributions are
plotted with predictive probability on the x-axis and the empirical probability on
the y-axis. If a network produces estimates such that the empirical probability is
generally higher than the predictive, then the network is underconfident, and vice
versa. To generate this calibration plot for regression, m confidence intervals are
chosen, 0 < p; < ps <--- < p, < 1. For each threshold p;, the empirical frequency
is calculated

]3‘ — ‘{yt’Ft(yt) é pjat = 17 e 7T}|
J T )
where T' is the total number of detections made with the predictor, and F; is the
cumulative distribution function of the random variable corresponding to detection

(2.19)

9In mAP and NDS, the classification confidence is indirectly considered during the matching
step. However, only the ranking of the detections is important; the actual confidence value itself
is not captured.
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t [71]. Furthermore, the calibration error can be obtained by

m

CErs = > (0; — 1)) - (2.20)

j=1
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Figure 2.7: Example calibration plot. For the blue predictor the observed probability
is higher than the expected probability, implying that it is underconfident. For the
orange predictor the observed probability is lower than the expected probability,
implying that it is overconfident. The black dashed line shows a perfectly calibrated
predictor, where the observed probability is equal to the expected probability.

All previously mentioned methods require ground truth annotations. One way to re-
duce the uncertainty to a single number in the absence of annotations is to compute
the entropy of the predicted random variables. The entropy captures the average
level of uncertainty in the outcome, however, does not measure how good the esti-
mate is. This means that it has limited application in evaluating detectors. Instead,
the entropy can serve as an indicator of the overall uncertainty, even on data that
is not annotated. Generally, the entropy of a discrete random variable X with
probability mass function p(z) is

H = =3 p(x)logp(z) , (2:21)

where the sum is taken over all possible values of X. The entropy can also be
extended to continuous random variables. Commonly, the differential entropy is
used

H = —/f(x) log f(z)dz (2.22)

where f the PDF of the random variable, and the integral is taken over the support
of the PDF.
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Taking the example of modeling object detection as random vectors, the entropy
is divided into two parts. One classification part, to model the categorical class
probabilities, and one regression part, to model the bounding box parameters. The
entropy for the classification case is

cls - Z p IOg ) (223)

ceC

where C is the set of classes, and p(c) is the class probability for class c¢. In this
case, the entropy is maximized when all classes have the same probability, which is
the case where the model is the most uncertain. For the bounding box parameters,
assuming that they are normally distributed, the entropy is

Hyey = ;log (2me)" det(x)) (2.24)

where ¥ € RV¥*N is the covariance matrix of the random vector. Here, the en-
tropy is only dependent on the determinant of the covariance matrix, capturing the
overall regression uncertainty. When instead modeling object detection as random
finite sets, the entropy can be computed by inserting the PDF (2.13) into (2.22).
However, as for the NLL of the PMB RFS, the analytical solution for the entropy
is intractable.
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Methods

This chapter describes the methods used during the thesis to achieve the thesis
objectives described in Section 1.1. We describe how the baseline models were
modified and implemented. Additionally, the uncertainty modeling is detailed and
the training procedures are described.

3.1 Baseline BEVFusion Modifications

To obtain a baseline for comparision, the state-of-the-art multi-modal 3D object
detector BEVFusion [20] is implemented. The implementation is based on the open
source repository! published by the authors of the BEVFusion paper, which utilizes
the PyTorch-based 3D detection framework MMDetection3D [72], [73]. The original
BEVFusion is implemented for the nuScenes dataset, and a few key changes are
made for ZOD. These include modeling lens distortion, modifying class predictions,
changing the bounding box parametrization, and adapting for a longer detection
range.

3.1.1 Modeling Lens Distortion

The images used in nuScenes are rectlinear, meaning that the optical distortion
is negligible and that the simple pinhole camera model can be used in the lifting
step. In ZOD, the camera is fitted with a wide-angle lens and the distortion is
non-negligible. One solution is to rectify the images by undistorting and cropping,
the process of which is shown in Figure 3.1. However, this reduces the effective area
covered by the camera, which results in reduced detection capability. Therefore, we
instead modify the lifting step in BEVFusion — the original lifting step is illustrated
in Figure 2.4 — to use a camera model that can capture the distortion, allowing the
utilization of the full field of view of the camera. We here apply the Kannala-Brandt
projection model [51], performing the unprojection from 2D to 3D using (2.6).

Thttps://github.com/mit-han-lab/bevfusion
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Figure 3.1: The image rectification process on an example image from ZOD?[1].
The original distorted image (left) is undistorted (top) and cropped to produce the
rectified image (right). The rectified image does not include the vehicle near the
bottom right corner, and the car on the bottom left becomes more occluded.

3.1.2 Bounding Box Parametrization

Further modification is made to the parametrization of the bounding boxes. The
original encoding of the bounding boxes is

[0z, 0y, z,log(l), log(w), log(h),sin(f), cos(d)] , (3.1)

where dx, 0y are sub-voxel refinements of the bounding box center in the heatmaps,
z is the height over the ground, log(l), log(w), log(h) are the logarithmized sizes,
and 6 is the yaw angle. This representation has some benefits, for instance, the
logarithmized sizes mean that the decoded size of a bounding box is always non-
negative. However, when modeling the variances as in Section 2.3.2; the variables
representing the bounding boxes dictate what variance we are estimating. This
means that we, for instance, would estimate the variance of log(l) instead of the
variance of [. To address this, it is possible to scale the variances afterwards.
The variance of the bounding box center can be analytically converted using that
Var(a + bX) = b*Var(X), for a random variable X, and two scalars a,b. However,
for the logarithm, no analytical solution exists, meaning that approximation errors
would be introduced. Therefore, we instead change the bounding box representation
to

[z, y, 2,1, w, h,sin (0/2) ,cos (0/2)] , (3.2)

where x, ¥, z denote the 3D center of the bounding box in the ego-vehicle frame. In
addition, the size of the bounding box is described by I, w, h, and sin (6/2) , cos (0/2)
represent the q.,q, components of a quaternion where the axis of rotation is the

?Licensed under CC BY-SA 4.0, see Appendix A.1 for license details.
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z-axis. Doing this we obtain more interpretable variances, as they are in standard
units.

3.1.3 Computing Existence Probabilities

In the original model, only a confidence score proportional to the heatmap peak
is computed for each detection. This confidence score indicates the likelihood of
there being an object, but is not a calibrated existence probability. Additionally,
no class probabilities are obtained. To obtain these, we modify the detection head
by adding a background class. The background objects are not part of the labeled
dataset, instead the detections that are not matched to a ground truth get assigned
to the background class. The model then learns to predict the background class for
proposals that are not likely to be assigned to a ground truth.

By taking the softmax of the scores for each class, we obtain actual class probabilities,
which is a more interpretable representation. Furthermore, the existence probability
r can be computed by 7 = 1 — Ppackground; Where Ppackeround 15 the class probability of
the background class.

3.1.4 Training Procedure

The training is done using a 90:10 train-validation split and with mostly the same
hyperparameters as the original paper. Some parameters were however changed due
to the change in the sensor setup. The original models utilized multiple cameras,
considering detections in a 102.4m x 102.4m square around the vehicle. In ZOD, only
a single forward facing camera is available. We therefore consider only detections
in the FOV of the camera, and limit the range to 128m. To deal with the increased
range, and to compensate for the uncropped wide-angle camera, the image size was
increased from 704 x 256 to 1200 x 672.

With BEVFusion modified to work on ZOD, we first train the camera-only BEVFu-
sion model, based on BEVDet [43], and the LiDAR~only BEVFusion model, based
on TransFusion [35]. The single-sensor models were trained for 25 epochs using
the AdamW optimizer [74]. A cyclic learning rate policy was used [75], where the
learning rate starts low, increases to a peak, then decreases back down during the
training process.

To train the fusion model, the weights of a LiDAR-only model trained for 25 epochs
are first loaded. The camera branch is then added - without any pre-training —
and the weights of the camera-LiDAR model are jointly fine-tuned. The model is
trained for 10 epochs using AdamW. Here, a cosine annealing learning rate policy
[76] was used, starting with a high learning rate to allow large initial changes — to
allow the model to incorporate the camera information — and decreasing smoothly
like a cosine to fine-tune these changes as training progresses.
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3.1.5 Obtaining Baseline Regression Uncertainties

The original BEVFusion models do not explicitly model regression uncertainty. How-
ever, to get a baseline for the uncertainty estimates, we compute the sample variances
of the errors produced by the models over the entire validation set. These sample
variances are then used by assuming homoscedasticity, i.e., that the uncertainty is
the same for all detections. The sample variances are then used to compute the
uncertainty metrics described in Section 2.3.3.

3.2 Direct Uncertainty Modeling

The approach investigated to estimate uncertainty is the direct modeling approach,
where the parameters of some output distribution are regressed directly using a
modified loss function. First, we determine the distribution with which we model
the regression parameters.

3.2.1 Distribution of Regression Parameters

To determine which distribution should be used to model the bounding boxes, we
compute and analyze the error between the ground truth bounding boxes and the
associated predicted bounding boxes from the BEVFusion model. Figure 3.2 shows
examples of errors with fitted distributions, showing that a normal distribution is a
reasonable approximation to model the random variables with.

Fitted Normal Distrbution 1 Fitted Normal Distribution 8

z6

A

X}

Normalized Density
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T-€ITor h-error sin(6/2)-error

0.2 0.3
Figure 3.2: Histogram of bounding box parameter errors for x, h, and sin(6/2) with
fitted univariate normal distributions. Errors are approximately normal.

To fully model the parameters using a multivariate normal distribution, we need
to predict a 8 X 8 covariance matrix, consisting of 64 values. Utilizing the fact
that covariance matricies are symmetric, the number drops to 36, which is still
a significant number of extra variables to regress for each bounding box. If all
bounding box parameters were linearly independent, one could reduce the number
of parameters further, as the off-diagonals in the covariance matrix would be 0.
Consequently, only the 8 diagonal elements of the covariance matrix would need
modeling.

To analyze the linear dependence between the bounding box parameters we com-
pute the correlation between bounding box parameter errors. Figure 3.3 shows the
correlation between the bounding box parameters. We note that the correlation
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is non-zero for the off-diagonal terms, meaning that the errors are not completely
linearly independent. However, using a diagonal covariance matrix is still a fair
approximation, as the magnitude of the correlations are generally low. Interestingly,
there is nearly no correlation between sin(#/2) and cos(6/2), due to the fact that
correlation does not capture non-linear dependence.
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Figure 3.3: The correlation between bounding box parameter errors of true positive
matches using a distance threshold of 2m. The correlations are generally small.
However, some errors display a noteworthy correlation, e.g., y and [.

3.2.2 Learning Regression Uncertainties

With the errors analyzed, we first choose to model each bounding box as a normally
distributed multivariate random vector, with a diagonal covariance matrix. This
means that we need to extend the head of the BEVFusion model to output an
additional 8 parameters for each bounding box.

To ensure that the predicted covariance matrix is positive semi-definite, we predict
the elements of the lower triangular matrix L — where the exponential function is
applied to the diagonal elements to ensure positivity — and obtain the covariance
matrix using ¥ = LL”, following (2.9). For a diagonal covariance matrix, the model
output of a single parameter can thus be seen as the log of the standard deviation:
logo.

To learn these parameters, we change the loss function used for the bounding boxes
from the standard L1 loss and train models using the two probabilistic losses NLL
(2.15) and ES (2.17). To train these models, we follow the same procedure as in
Section 3.1.4.
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Secondly, we model the output detections jointly as a Poisson multi-Bernoulli ran-
dom finite set, as described in Section 2.2.2.1. We here employ the approximation
of the PMB-NLL (2.18) as a loss function. To decide the number of assignments
(Q when computing the PMB-NLL, we investigated the effect on both PMB-NLL
and computation time for different values of (). The results can be seen in Table
3.1. With PMB-NLL decreasing slowly, and evaluation time growing quickly for
increasing (), a value of () = 1 is chosen during training. To train this model we use
the models trained with energy score as a base, and fine-tune for an additional 10
epochs using a cosine annealing learning rate policy.

Table 3.1: Mean PMB-NLL score and the corresponding time it took to evaluate on
the ZOD validation set for differing number of assignments (). Only the computation
time of the PMB-NLL score considered.

Assignments () Mean PMB-NLL | Evaluation Time (s) |

1 366.29 313
3 365.62 975
5 365.38 805
10 365.07 1413
15 364.95 2043
20 364.95 2638
25 364.88 3305
50 364.71 6430
100 364.53 12409

3.2.3 Out of Distribution Detection

A few different tests were employed to evaluate the use of the predicted uncertainties
for detecting out of distribution cases. First, we compute the average classification
entropy (2.23), and the average regression entropy (2.24), for each of the frames in
the dataset using the best performing model. This is done to investigate and analyze
the cases where the model is the most uncertain.

Second, we train a model where there is a shift in the distribution of the training
and validation sets. Two different shifts are tested, one where there is a shift in
location between the training and validation sets, and one where there is a class-
shift. For the location shift, the model is trained using only data from Sweden, and
then evaluated on data from both Sweden and Italy. For the class-shift, the model
is trained on frames where only the subclass Car of the Vehicle class was present
— meaning that the model never sees larger vehicles such as trucks or busses — and
then evaluated on all frames.

Finally, we evaluate the applicability of using the entropies for active learning. We
train a model using only 50% of the training data, and then compute the entropies
for the remaining half. The training data is then extended using the frames with
the highest entropies, and compared against randomly sampling from the remaining
frames.
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Results

This chapter contains the evaluation of the methods described in Section 3. First,
the results of the baseline models are presented. These are evaluated using both
traditional non-probabilistic object detection metrics, and probabilistic metrics by
assuming a constant variance to be used for comparison. After this, the results of
the models with explicit uncertainty modeling are presented. Finally, the out of
distribution detection of the probabilistic models is evaluated by investigating the
entropies produced when subjected to OOD data.

4.1 Baseline Results

The baseline camera-only, LiDAR-only and fusion models are evaluated using a mix
of dynamic and static object classes. The chosen top-level classes are Vehicle,
VulnerableVehicle, Pedestrian, TrafficSign, and TrafficSignal. Here, Vehi-
cle contains protected vehicles such as cars and buses, whereas VulnerableVehicle
contains unprotected vehicles such as motorcycles and strollers. Additionally, only
objects within 128 meters from the ego-vehicle are considered for evaluation. Fol-
lowing [24], the different Euclidean matching thresholds for detections are chosen as
0.5m, 1m, 2m, and 4m. The results of evaluating the baseline models for the task of
3D object detection on the validation set, using the non-probabilistic metrics NDS
and mAP, can be found in Table 4.1. We note that, as expected, the model perfor-
mance of the camera-only model is significantly worse than the LiDAR and fusion
models on all metrics. A qualitative comparison is shown in Figure 4.1, highlighting
the strength of LiDAR-based detectors.

Table 4.1: Evaluation of baseline models with non-probabilistic metrics on ZOD.
The camera-only and LiDAR-only models were trained for 25 epochs. The fusion
model was fine-tuned for 10 epochs by loading the weights of the trained LiDAR-only
model where applicable. Bolded values indicate the best scores across all modalities.

Model ~ NDSt mAPt WMAPT  mAPT — mAPT  mAPT  mAPY

Vehicle VulnerableVehicle Pedestrian TrafficSignal TrafficSign

Camera 0.476 0.225 0.372 0.198 0.178 0.231 0.147
LiDAR 0.750 0.628 0.871 0.454 0.680 0.567 0.566
Fusion 0.772 0.663 0.889 0.490 0.710 0.644 0.583
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Camera

LiDAR

Fusion

Figure 4.1: Qualitative comparison of baseline detectors on an example from
ZOD'[1]. Only detections with existence probability greater than 0.5 are shown.
Blue bounding boxes represent predictions of class Vehicle, green the predictions
of Pedestrian, and purple the predictions of TrafficSign. The camera-only model
(top) misses the traffic signs and the occluded pedestrian. The LiDAR-only model
(middle) detects the traffic signs and performs better at range. Finally, the fusion
model (bottom) further detects the occluded pedestrian and produces more tightly
fitting bounding boxes.

Additionally, we compute the sample variances of the errors and use them to model
the uncertainties homoscedastically, i.e., assuming that the variance does not change
with the data. The resulting models are evaluated using the calibration error (2.20),
as well as the proper scoring rules NLL (2.15) and PMB-NLL (2.18). This selection
of metrics provide the capability of measuring overall performance of the predictive
models, through the NLL and PMB-NLL, as well as providing a quantification of the
model bias, through the calibration error. The results of evaluating the homoscedas-
tically modeled baselines can be found in Table 4.2. We see how the NLL-based
metrics improve as the predictive performance improves, and that the more accu-
rate models are slighly better calibrated.

ILicensed under CC BY-SA 4.0, see Appendix A.1 for license details.
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Table 4.2: Evaluation of baseline models with probabilistic metrics on ZOD. The
uncertainty is modeled homoscedastically by using the sample variance of the dataset
for each prediction. Bolded values indicate the best scores across all modalities.

Model NLL] PMB-NLL] CEreg 4
Camera 1.12 9742.21 0.053
LiDAR 0.17 3535.72 0.032
Fusion 0.04 3042.31 0.029

4.2 Probabilistic Results

A similar procedure as in Section 4.1 is used to evaluate the models where the uncer-
tainties were modeled heteroscedastically, i.e., where the variance changes for each
prediction. The LiDAR-only and fusion models trained using NLL (2.15), energy
score (2.17) and PMB-NLL (2.18) are here evaluated. First, the non-probabilistic
metrics are computed and the resulting metrics can be seen in Table 4.3. We note
that the highest predictive performance is achieved with the energy score models,
closely followed by the PMB-NLL models. Compared to the baseline models, the
energy score models performed similarly, whereas the NLL and PMB-NLL models
had slightly worse performance.

Table 4.3: Evaluation of the models trained using probabilistic losses with non-
probabilistic metrics on ZOD. NLL and ES LiDAR models trained for 25 epochs,
PMB-NLL model finetuned for 10 epochs on the ES model. Fusion models finetuned
for 10 epochs on their LIDAR counterparts. Bolded values indicate the best scores
for each modality.

Model ~ NDSt mApt MAPT  mAPT  mAPT mAPT mAPt

Vehicle VulnerableVehicle Pedestrian TrafficSignal TrafficSign

g NLL 0.459  0.208  0.366 0.190 0.150  0.204  0.132
= ES 0.477 0.224 0.371 0.201 0.166 0.230 0.151
& PMB-NLL 0.468 0218  0.369 0.207 0.163  0.209  0.142
e NLL 0.724  0.587  0.857 0.376 0.653  0.521  0.531
g ES 0.751 0.631 0.874 0.455 0.694 0.562  0.568
3 PMB-NLL 0.730 0.622 0.875 0.426 0.692 0.577 0.578
g NLL 0.761  0.650  0.880 0.475 0.699  0.575  0.621
E ES 0.769 0.664 0.888 0.508 0.707 0.636 0.580
~ PMB-NLL 0.766 0.659  0.907 0.485 0.703  0.625  0.577

To compare the uncertainty estimates of the models, we further evaluate the models
with the probabilistic metrics. Here, as opposed to the baseline, the predicted
uncertainties are used to compute the scores. Table 4.4 shows the resulting metrics.
We here note that the best results on the proper scoring rules are achieved by
the models trained using PMB-NLL. However, the energy score models are slightly
better calibrated. Qualitative comparisons of the different losses, using a LiDAR
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PMB-NLL

Figure 4.2: Qualitative comparison of LIDAR models trained with different losses on
an example from ZOD?[1]. Only detections with existence probability greater than
0.5 are shown. Blue bounding boxes represent predictions of class Vehicle, yellow
the predictions of VulnerableVehicle, green the predictions of Pedestrian, purple
the predictions of TrafficSign, and red the predictions of TrafficSign. The 95%
confidence of the center point of each object is visualized using ellipses. The model
trained using NLL (top) is less confident, whereas the energy score model (middle)
and fusion model (bottom) perform predictions with higher confidences. Figure C.1
visualizes the same predictions in BEV.

2Licensed under CC BY-SA 4.0, see Appendix A.1 for license details.
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model, are shown in Figure 4.2 and Figure C.1. It can be seen that the uncertainties
produced by the NLL model are larger in magnitude than the ES model, this is
further highlighted in the calibration plot shown in Figure 4.3.

Table 4.4: Evaluation of the models trained using probabilistic losses with proba-
bilistic metrics on ZOD. Bolded values indicate the best scores for each modality.

Model NLL, PMB-NLL| CE., |

g NLL -0.19 205.6 0.052
g ES -0.43 180.4 0.042
& PMB-NLL -0.53 152.3 0.045
o=t NLL -0.66 106.2 0.045
= ES -1.09 84.5 0.020
3 PMB-NLL -1.25 69.2 0.031
g NLL -1.17 61.2 0.039
%‘ ES -1.23 58.5 0.019
~ PMB-NLL -1.32 49.7 0.027
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Figure 4.3: Calibration plot for the three fusion models trained using NLL (blue),
energy score (orange), and PMB-NLL (green). All models are underconfident in
their uncertainty estimates, with the NLL model showing the worst performance.

4.3 Training and Inference Time

One important metric for the real-time applicability of a model is its inference
time. The inference time measures how long it takes for the model to perform its
predictions when given input data. We measured this by performing inference 1000
times on the same frame with the different models, using an NVIDIA A100 GPU
[77]. The results of this, together with the time it took to train each model, using
four NVIDIA A100 GPUs, can be seen in Table 4.5. We see that the training time is
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longer for the models where uncertainty is estimated, especially for the PMB-NLL
models. The primary factor for the increased total training time of the PMB-NLL
models is that they are finetuned on an already trained energy score model, meaning
that the total number of epochs are increased. To compute the PMB-NLL a large
optimal assignment problem additionally needs to be solved, further increasing the
computational load. When it comes to inference times, however, we note that the
times are very similar, with no model having a larger increase than 1% compared
to their baseline.

Table 4.5: Inference time and training time for all evaluated models. Inference
performed using a single NVIDIA A100 GPU and training using four NVIDIA A100
GPUs. For the fusion and PMB-NLL models that are finetuned, the full training
time including base models are shown. Bolded values indicate the best times for
each modality.

Model Inference Time (ms)J Training Time (h)]
= Baseline 55.617 31.09
5 NLL 55.942 31.63
g ES 56.158 39.03
©  PMB-NLL 56.198 46.92
o Baseline 89.726 26.35
= NLL 90.285 27.43
A ES 90.256 28.69
—  PMB-NLL 90.374 43.70
Baseline 135.398 42.68
3 NLL 135.786 43.85
é ES 135.814 44.91
PMB-NLL 135.997 64.91

4.4 Out of Distribution Detection

To evaluate how well the models can detect out of distribution scenarios, we follow
the methodology outlined in Section 3.2.3. First, to better understand the types of
scenes with high entropy, we investigated the scenes with the highest regression and
classification entropies. In total 20 frames were investigated, using the 10 highest
entropies of both types. Among these frames, the majority — 18 of them — highlighted
cases where the main LiDAR data was missing or heavily degraded. The remaining
cases were made up of a scene with a weird blur and a scene with many occluded
objects at night. Figure C.2 shows some examples of these frames.

Second, we investigate if the model can detect shifts in the data distribution. A
LiDAR-only model was trained on only frames from Sweden, and then evaluated
on frames from Sweden and Italy. Histograms showing the regression entropies on
the frames from Sweden compared to the frames from Italy can be seen in Figure
4.4. We see that there is a minor difference in the mean entropies, where the Italian
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frames show a higher mean. Additionally, we trained a model using frames where
only the subclass Car of the Vehicle class is present. The model was then evaluated
on all frames. Histograms showing the regression entropies of frames containing only
the subclass car of the vehicle class and frames containing other subclasses can be
seen in Figure 4.5. We note a major difference in the mean entropies and that a
meaningful separation can be made between the cases.
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Figure 4.4: Histogram of regression entropies for location-based dataset shift. A
LiDAR-only model was trained only on frames from Sweden and evaluated on frames
from Sweden and Italy. The blue histogram shows the mean entropy when evaluating
the model on Swedish scenes, and the orange histogram shows the mean entropy
when evaluating on Italian scenes.
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Figure 4.5: Histogram of regression entropies for class-based dataset shift. A model
was trained seeing no instances of large, i.e., non-car, vehicles, and then evaluated on
a dataset containing them. The blue histogram shows the entropy for frames where
only the car subclass is present, and the orange histogram shows frames where large
subclasses, e.g. busses and trucks, were present.

Finally, we also take a more general approach to determine the strength of using
these entropies for active learning. We train a model using only half of the dataset,
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and compute the entropies on the other half. We then compare training a model
with a random extension of the dataset, with extending the dataset using the frames
with the highest entropies. The results can be seen in Table 4.6 and we note that
training using the high entropy set led to marginally improved results.

Table 4.6: Evaluation of active learning using computed entropies. A LiDAR-only
model is trained using 50% of the dataset, 50% of the dataset together with a ran-
domly sampled extension, and 50% of the dataset together with the largest entropies
of the remaining set appended.

Dataset mAP 1 NLL | PMB-NLL |
50% 0.615 -0.99 90.5
50% + Random 0.624 -1.04 87.5
50% + High Entropy 0.629 -1.07 85.9
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Conclusion

In this chapter, the results presented in Chapter 4 are analyzed and discussed in
relation to the thesis objectives. Finally, the conclusions of the thesis are drawn.

5.1 Discussion

The main research questions we wanted to answer were related to how the predictive
performance is impacted when modeling uncertainties, how to estimate and evaluate
the uncertainties, and how they can be utilized for safer autonomous vehicles. The
following discussion aims to address these points as well as describe possible future
work.

5.1.1 Evaluating Predictive Performance

An object detection model is not valuable if it cannot accurately detect objects, re-
gardless of how good the uncertainty estimations are. We begin investigating the
performance of the baseline. From Table 4.1 we note that the LiDAR and fusion-
based methods vastly outperformed the camera-only model. Whilst direct compar-
ison of results on different datasets is not possible, we sanity check our resulting
mAPs on ZOD (0.225 for camera, 0.628 for LIDAR, and 0.663 for fusion) with those
reported on nuScenes from the original paper (0.356 for camera, 0.647 for LiDAR,
and 0.685 for fusion) [21]. Notably, our increase in performance by fine-tuning with
the fusion model was on the same magnitude as in the original paper. However, the
performance of the camera-only model was considerably lower. We attribute this
discrepancy to the fact that nuScenes only considers detections within a range of
51.2m, with certain classes even more limited, while we consider detections up to
128m for all classes, a significantly more challenging task for a camera-only model.
Given these considerations, we conclude that the baseline model is sufficiently robust
to support the experiments in this thesis.

Comparing the predictive results from the baseline, Table 4.1, with those produced
by the models that estimate uncertainty, Table 4.3, we note that the performance is
overall similar. However, the models that represented the uncertainty as normally
distributed random vectors and used NLL as a loss function performed noticeably
worse. On the LiDAR-only model, the mAP was 0.587 when using NLL, compared
with 0.628 for the baseline and 0.631 for the energy score model. One potential
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reason for this disparity is the tendency for the NLL model to overestimate its un-
certainties, something that is highlighted in Figure 4.3. When predicting larger
uncertainties, the model assigns less weight to the bounding box error in the loss
function. This can be seen in (2.15), where the error is weighted using the inverse of
the covariance matrix. We further note that the energy score model outperformed
the baseline, highlighting that it is possible to estimate uncertainty without sacrific-
ing predictive performance.

5.1.2 Uncertainty Estimates

When evaluating the performance of uncertainty estimates, two types of metrics
were used: proper and non-proper scoring rules. We recall that proper scoring rules
are functions that are minimized when the predicted distribution equals the under-
lying distribution that the ground truth comes from. This makes proper scoring
rules crucial in the evaluation of uncertainty estimates. A few key takeaways can
be made by comparing the results of the models on the proper scoring rules NLL
and PMB-NLL. First, the homoscedastic uncertainty estimates used for the base-
line detectors performs poorly, as seen in Table 4.2, in comparison to the models
where the uncertainty is modeled, seen in Table 4.4. This means that the uncer-
tainty is data dependent, i.e., that the variance is not constant for each detection.
It also means that modeling and estimating uncertainties, using direct modeling,
improves the accuracy of uncertainty estimates. Second, we note that the scores
are highly correlated to predictive performance. For instance, when evaluating the
homoscedastic uncertainty estimates, the estimates of uncertainty were equally poor,
however, the fusion model performed considerably better due to its increased pre-
dictive performance. This can be further seen by looking at the formulation of, e.g.,
the proper scoring rule NLL (2.15), where the prediction error is a key part. The
fact that the predictive performance plays such a big role is important to consider
when evaluating uncertainty estimates, as it says more than just how accurate the
predicted covariances are. It also means that proper scoring rules are metrics that
capture the performance of all parts of a detector, meaning that you can summarize
the performance of the detector to one number, yielding easier comparisons.

For the different losses used when training models to estimate uncertainty, we note a
pattern in the results in Table 4.4. Overall, the best results were obtained when using
the PMB-NLL as a loss function, highlighting the strengths of this joint modeling.
The models trained using NLL on random vectors performed consistently worse, and
the energy score models performed somewhere in between. When considering the
calibration of the detectors, as seen in Figure 4.3, we note that the energy score
models are the best calibrated out-of-the-box, and that the calibration of the NLL
is considerably worse. All models are underconfident in their predictions, meaning
that the predicted covariances are larger than the expected covariances. Depending
on the use-case, being underconfident is often preferred over being overconfident,
however, being perfectly calibrated is of course the goal. Steps to recalibrate the
predictors can be taken afterwards, e.g., as outlined in [71], however, it is still
desirable to obtain well-calibrated models without recalibration.
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5.1.3 Utilizing Uncertainties

For utilizing the uncertainties, we first note that the homoscedastic uncertainty
estimates used for the baseline detectors say nothing about individual detections,
severely limiting their application areas. They could still be used to model the con-
stant measurement noise of the detector, which is a quantity used in downstream
tasks such as simultaneous localization and mapping (SLAM) or model-based track-
ing. The heteroscedastic uncertainty estimates produced by the models are instead
specific to each detection, significantly increasing the number of possible applica-
tions.

In Section 4.4 we saw how the entropy could be computed from the output un-
certainties and used to find instances where the model is unexpectedly uncertain.
In the evaluation set we found 18 frames where the main LiDAR was not present,
causing significantly higher entropies. While figuring out that the LiDAR data is
missing points is in many situations possible using other methods, the fact that the
model was able to find these cases without explicitly looking for it speaks to the
applicability of the model. In some cases, it might not be as obvious when there
is a problem, either with the data being poor or the scene itself being difficult. By
utilizing the uncertainties produced by the model, proper actions — e.g., reducing
speed, coming to a safe stop, handing over responsibility to a driver etc. — can be
taken to ensure safe behavior in these scenarios.

In addition, we saw how the entropies from a model could be used to find out-of-
distribution cases, even on non-annotated data, and utilize these for active learning.
By training a model where all of the frames containing large vehicles were held
out, we observed that, during inference time, the entropies in the frames containing
large vehicles were higher than the frames not containing large vehicles. This al-
lows the extraction of frames which are out-of-distribution to be further annotated
and trained with, improving the information density and reducing the number of
annotated frames needed. This was further reinforced by training a model on half
the dataset, computing the entropies of the remaining half, and then retraining by
incorporating the high entropy frames compared with random sampling. Here, we
saw that the high entropy frames led to increased predictive performance, signifying
the applicability of the approach.

5.1.4 Future work

Some work is yet to be done to improve the approach further. One area is fur-
ther investigating different ways to model the uncertainty. We modeled the uncer-
tainty using multivariate normal distributions with diagonal covariance matricies
and showed it was a decent approximation. By using the full covariance matrix, or
using a different distribution it could be possible to better model the uncertainties.
For instance, [14] used Laplacian distributions to model regression uncertainty in 2D
object detection and got improved results compared to using normal distributions.

One important question is how well the uncertainty estimates can be used in down-
stream tasks. Recently, it was shown that predicting uncertainty in vectorized
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map estimation and propagating the uncertainties to trajectory prediction led to
increased prediction performance [78]. We hypothesize that the uncertainties from
3D object detection can also be applied to several downstream tasks with good
results. However, further experiments are required to test this hypothesis and con-
cretely measure the potential improvements.

Another main improvement would be to compute the entropy using the PMB RFS
modeling. Currently, we compute the regression and classification entropies sepa-
rately, and get entropies per detection. By instead computing the entropy of the
PMB RFS, an entropy for the whole frame would be obtained, completely modeling
the detection problem and obtaining more relevant results. Since the entropy of
the PMB RFS is computationally intractable, some sampling-based approach would
likely need to be used.

5.2 Conclusion

In conclusion, modeling the regression uncertainties for multi-modal 3D object de-
tection is beneficial. Modeling regression uncertainties can be done at little extra
computational cost and with similar or better performance on traditional 3D object
detection metrics. For estimating the uncertainties, three main losses where com-
pared: NLL, ES, and PMB-NLL, and we show that the ES performs best on the
traditional metrics, whereas the PMB-NLL performs best on uncertainty-based met-
rics. Furthermore, we investigate practical applications of the uncertainty estimates.
We show how uncertainty estimates can be used to identify cases where the model
is extra uncertain, e.g., when the main LiDAR is unexpectedly missing. We show
how uncertainty estimates can be used to detect out-of-distribution cases, and we
show how uncertainty estimates can be used for active learning.
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A

Z0D Details

A.1 License

The Zenseact Open Dataset [1] is the property of Zenseact AB (© 2022 Zenseact
AB) is licensed under CC BY-SA 4.0 with the following notice:

For this dataset, Zenseact AB has taken all reasonable measures to re-
move all personally identifiable information, including faces and license
plates. To the extent that you like to request removal of specific images
from the dataset, please contact privacy@zenseact.com.

A.2 Sensor Descriptions

A more detailed description of the relevant sensors used from the Zenseact Open
Dataset are detailed in Table A.1.

Sensors  Description

One 120° Horizontal FOV, 67° Vertical FOV, 3848x2168 RGB
Camera camera facing forwards. Camera has a wide-angle fish-eye lens
and captures images as 10Hz.

One 360° Horizontal FOV, 40° Vertical FOV Velodyne VLS128

with a vertical angular resolution down to 0.11 degrees (non-

%EIL)IXR linear) and a horizontal angular resolution of 0.2 degrees. Li-
DAR is mounted on the roof of the vehicle and captures point
clouds at ~9Hz.

Two 360° Horizontal FOV, 30° Vertical FOV Velodyne VLP16s

Side with a vertical angular resolution of 2 degrees and a horizontal

LiDARs angular resolution of 0.2 degrees. The LiDARs are mounted on

the left and right side of the roof, rotated outwards in roll, and
capture point clouds at ~9Hz.

Table A.1: Relevant sensors used in the Zenseact Open Dataset.

Thttps://creativecommons.org/licenses /by-sa/4.0/



A. ZOD Details

IT



B

Additional Probability
Distributions

Some additional basic probability distributions are mentioned but not defined in the-
sis. The additional distributions include the categorical distribution, the Bernoulli
distribution and the Poisson distribution. This chapter provides short introductions
to these and more information is available in for instance [55].

B.1 Categorical Distribution

The categorical distribution is a discrete probability distribution often used to model
class probabilities in machine learning models. It models the possible outcomes of
a random variable where each outcome belongs to one of K different, mutually
exclusive categories. Each category i has a specified probability p; € [0, 1], and the
sum of probabilities over all categories is 1. The probability mass function is

f(klp) = pr, (B.1)

where k is the category for which to compute the probability, and p = (p1,...,pK)
are the probabilities for each category.

B.2 Bernoulli Distribution

The Bernoulli distribution is a discrete probability distribution that models the out-
come of a single event with two mutually exclusive states. Without loss of generality,
the two states can be denoted k = 0 and k£ = 1. The probability mass function is

f(klp) = p* (1 —p)' 7, (B.2)

where p is the probability of the state £ = 1 occurring.

B.3 Poisson Distribution

The Poisson distribution is a discrete probability distribution that models the num-
ber of times an event occurs within a fixed interval, such as time, area, or volume.
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B. Additional Probability Distributions

Additionally, the occurrences of the event must be independent from each other.
The probability mass function of the Poisson distribution is given by

Aree=A

o (B.3)

F(EIA) =

where A is the mean number of occurrences of the event in the given interval and &
is the number of occurrences for which to compute the probability.
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C

Qualitative Results

C.1 BEYV Visualization

PMB-NLL

Figure C.1: Qualitative comparison of a LiDAR model using different losses visu-
alized in BEV on an example from ZOD'[1]. Only detections with existence prob-
ability greater than 0.5 are shown. Blue bounding boxes represent predictions of
class Vehicle, yellow the prediction of VulnerableVehicle, green the prediction
of Pedestrian, purple the prediction of TrafficSign, and red the preciction of
TrafficSign. The 95% confidence of the center point of each object is visualized
using pink ellipses. The model trained using NLL (left) is less confident, whereas
the energy score model (middle) and PMB-NLL model (right) perform predictions
with higher confidences. The corresponding camera view can be found in Figure 4.2.

!Licensed under CC BY-SA 4.0, see Appendix A.1 for license details.



C. Qualitative Results

C.2 High Entropy Examples

Figure C.2: A selection of high entropy frames on ZOD?[1]. The top image shows an
image with many occluded pedestrians at night. The middle image shows an image
with a weird blur. The bottom image shows a LiDAR point cloud where the data
from the main Velodyne VLS128 LiDAR is missing.

2Licensed under CC BY-SA 4.0, see Appendix A.1 for license details.

VI



	List of Figures
	List of Tables
	List of Acronyms
	Introduction
	Thesis Objectives
	Limitations
	Contributions and Main Results

	Background
	Object Detection
	3D Object Detection Metrics
	LiDAR-based 3D Object Detection
	Camera-based 3D Object Detection
	Fusion-based 3D Object Detection
	Datasets

	Random Vectors and Sets
	Normally Distributed Multivariate Random Vectors
	Random Finite Sets
	Poisson Multi-Bernoulli Random Finite Sets


	Uncertainty Modeling
	Sampling-based Uncertainty Estimation
	Direct Uncertainty Estimation
	Evaluating Uncertainty Estimates


	Methods
	Baseline BEVFusion Modifications
	Modeling Lens Distortion
	Bounding Box Parametrization
	Computing Existence Probabilities
	Training Procedure
	Obtaining Baseline Regression Uncertainties

	Direct Uncertainty Modeling
	Distribution of Regression Parameters
	Learning Regression Uncertainties
	Out of Distribution Detection


	Results
	Baseline Results
	Probabilistic Results
	Training and Inference Time
	Out of Distribution Detection

	Conclusion
	Discussion
	Evaluating Predictive Performance
	Uncertainty Estimates
	Utilizing Uncertainties
	Future work

	Conclusion

	Bibliography
	ZOD Details
	License
	Sensor Descriptions

	Additional Probability Distributions
	Categorical Distribution
	Bernoulli Distribution
	Poisson Distribution

	Qualitative Results
	BEV Visualization
	High Entropy Examples


