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Abstract

To be able to guarantee safe navigation through an unknown environment, objects in
the three dimensional surroundings of the ego vehicle, including their velocities, have
to be detected accurately and robustly at di�erent weather and lightning conditions.
This work deals with the sensor fusion of two complementary sensor modalities radar
and camera using deep machine learning within autonomous driving. The goal is
to combine the advantages of both sensor modalities and to compensate for their
disadvantages. Common sensor fusion algorithms often use well-researched algo-
rithms such as Kalman �lters. However, with the increasing popularity of machine
learning algorithms, the interest in deep learning based fusion of di�erent sensor
modalities is deepened. After an extensive literature research, this work motivates,
implements, and evaluates two major modi�cations to a state-of-the-art network
within deep learning camera radar sensor fusion. The proposed adaptions are a
sub-network that learns from a selected part of a point cloud as well as the intro-
duction of early fusion to the network. The training runs of all proposed architec-
tures are performed on the popularnuScenesdataset [1]. The code is available at
https://github.com/brandesjj/centerfusionpp .

Keywords: deep machine learning, sensor fusion, camera, radar, 3D object detection,
point cloud based network, proposal-based fusion, frustum proposal, multi-stage
fusion
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1
Introduction

This chapter introduces the reader to the research performed in this work, consid-
ering its motivation and goals alongside ethical, social and sustainability aspects.

1.1 Motivation

The origins of self-driving vehicles being a vision in industry and science reach far
back [2]. Zenseact AB is a company founded to bring software products tackling
the challenges of autonomous driving (AD) and advanced driver assistance sys-
tems (ADAS) to the global market. In AD and ADAS one of the main tasks is
the perception of the surroundings of the ego vehicle. Perception is based on the
measurements of sensors scanning the environment. Objects in the ego vehicle's
proximity need to be detected and localized reliably.

In recent years, multiple sensor modalities have been proposed and further de-
veloped to help perceiving objects. Two sensors are especially promising, namely
camera and radar, since they complement each other well and are both relatively
cheap. A camera is typically good at distinguishing features in the visual space
because of their higher spatial resolution [3], while being of poor quality in harsh
environmental conditions as rain, fog or darkness [4]. In addition, they lack the
ability of estimating the depth and velocity of objects without the use of temporal
information [3]. A radar provides data that is relatively sparse in spatial dimensions
while not being a�ected by rain, fog or darkness and can measure both � distance
and velocity of re�ecting objects in the environment [5].

As a consequence, new methods to fuse the data of camera and radar arouse,
increasing interest within the automotive industry [3, 4]. Sensor fusion is usually
performed using classical methods such as Kalman �lters, but there are multiple
strong assumptions to be made on the data in those methods. Due to the complexity
of the problem, deep learning is introduced to learn the underlying correspondences
from data. By approximating the relationship between data and object detection,
deep learning networks solve the problem of sensor fusion. In this work, we propose
a neural network that handles both camera and radar data and outputs 3D objects
detections.

1.2 Research question

The main research question of this work is how to fuse radar and camera data
e�ectively. In short, the problem is to explore the fusion of 2D camera and 3D
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1. Introduction

radar data in a deep learning based architecture. Therefore, we focus on improving
the state-of-the-art use of deep learning in sensor fusion of camera and radar. A
promising approach described in Chapter 4 isCenterFusion which is a proposal-
based camera and radar fusion network for 3D object detection. Our contribution
should improve the performance in object detection as well as velocity estimation
w.r.t. the baseline and other approaches using sensor fusion of camera and radar,
and especially approaches only using either of the two.

1.3 Ethical and social aspects

The ethics of autonomous vehicles (AVs) is a topic widely discussed recently in
our society. Whilst most papers describe the challenges companies, engineers and
developed algorithms are facing [6, 7, 8, 9, 10] some also consider the role of society
and individuals w.r.t. the usage of self-driving cars [11, 12]. Autonomous driving
requires a system that is as safe as possible since it directly involves humans in a
high dynamic environment with potentially great casualties. As a consequence, the
perception of the environment has to be as reliable as possible.

Since this work tackles the problem of sensor fusion for camera and radar data,
there is a need to handle ethical and social aspects and include the reliability of
the system in the evaluation of the results. Some challenges on the way towards
autonomous driving are summarized in [7]. In this work, the need for safety is met
by evaluating the reliability of the developed object detection algorithms as a �nal
step. One has to ensure to capture and perceive at least all objects and obstacles
within the environment of the car that are relevant for the safety of the passengers
and fellow humans and animals. Equally strict requirements apply for security of
the systems used which also includes the accessibility of the data even in case of
accidents.

Privacy concerns come up when dealing with data collection and recording.
Whenever data is used that might contain sensitive information of pedestrians this
information should be protected. In this work, only data provided by thenuScenes
dataset [1] is processed, where privacy concerns are tackled by blurring faces and
license plates.

1.4 Sustainability aspects

With global warming in mind, sustainability becomes increasingly important to
the automotive industry and personal transportation as well. The authors of [13]
analyze the impact of self-driving automobility on carbon emission and compare
them to conventional modes of transportation by conducting various simulations. By
creating eight di�erent scenarios for the future of personal transport, [13] compares
modes of transportation including as well as excluding full self-driving vehicles. Both
of the scenarios providing the biggest positive impact on carbon emissions involve
autonomous driving.

Since the potential e�ects of AVs on greenhouse gasses are not certain yet, [14]
summarizes the current state in literature. The use of AVs allows easy and fast travel
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1. Introduction

to all people, especially the elderly or disabled, which results in an increasing vehicle
mile travel overall. Nevertheless, a positive e�ect on emission reduction is to be
expected whose peak might be at 60�80% of AV penetration into the transportation
network [14]. However, in [15] the authors conclude that there is still a lack of
research regarding the sustainability aspects of AVs, especially compared to the
amount of research performed on technological level.

The proposed work does not a�ect sustainability in a direct manner since it deals
with the perception part of the autonomous driving software. In spite of that, one
could argue that an increased performance in environment perception, especially
regarding more robust detections at long distance, can also lead to more energy-
e�cient driving in AVs and lower risk of accidents, e.g. through early breaking and
early sensor failure detection. Fewer accidents also result in less material loss due to
broken cars and infrastructure and can contribute to a positive e�ect on the carbon
footprint. In conclusion, a robust and well performing algorithm can have a positive
impact on the sustainability of autonomous cars.
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2
Theory

Machine learning has become of increasing interest in literature and research over
the last decade. This especially applies to image based object detection. Recently,
machine learning has also been applied to sensor fusion of di�erent sensor modalities.
Since this is the main goal of this work, this chapter �rst gives a brief introduction
into machine learning and the sensors modalities radar and camera used in the scope
of this work. Additionally, Section 2.3 introduces the general principles of sensor
fusion using machine learning. Section 2.3.2 summarizes current approaches for the
fusion of camera and radar data using deep learning in literature.

2.1 Machine Learning

This work deals with supervised deep learning which is a subarea of machine learn-
ing, see [16, 17, 18, 19] for further reading. In supervised deep learning a multi-layer
arti�cial neural network (NN) receives a multi-dimensional input and computes an
output. The output is compared to a target set by the supervisor. The NN is op-
timized w.r.t. a loss function, taking the error from the output to the target into
account.

An NN consists of multiple elements that contribute to the learning mechanism.
Firstly, the input to an NN is forwarded through nodes. Computing the output
of a node given an input is called a forward-pass. Nodes can also take the output
of another node as input. The concatenated forward-pass through all nodes12 can
approximate any function from a �nite-dimensional space [19]. In these nodes,
weights are stored that are optimized with the following machine learning elements.
The loss function computes the error to the corresponding target for the given
input. The gradient of the loss function w.r.t. the weights of the nodes is used in the
optimizer where the weights of the nodes are updated in a speci�c pattern. With a
small enough learning rate and enough data, the loss function converges to a local
minimum while iterating over the dataset multiple times. A fully trained network
can be used at inference to evaluate a given input and give a prediction.

2.1.1 Node

Nodes consist of a main computation function that in the most cases are either a
linear function or a convolutional function. Networks that use the node type with
linear functions are called fully connected networks. Convolutional networks [20]
use convolutional functions that are designed to share the weights of the node over
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2. Theory

iterative calls of the forward-pass for a single input.
The output of each main computation is fed through an activation function. The

value of the activation function is the output of the entire node.

Fully Connected

The input for nodes with linear functions as the main computation is weighted and
added to a bias. The weights and bias are the learnable parameters. Note, formally
one would address the bias when needed but most of the time all parameters are
summarized by the term �weights� for simplicity.

A fully connected node receives the inputx �
�
x1 x2 ::: xn

� T
which is weighted

by the weightsw �
�
w1 w2 ::: wn

� T
added to a biasb. The output y is the value

of the activation function f

y � f

�
¸

i

wi x i � b

�

: (2.1)

Convolutional

Convolutional nodes stride over a 3D pixel grid applying a local 2D �lter for a
subset of the input at each stride. The �lter multiplies all pixel values in the �rst
two dimensions from the input with the corresponding pixel from the kernel and
sums the results over the third dimension. Finally, a bias is added to all results
of the convolution. The number of image-like slices in the third dimension of the
pixel grid is called �channels�. Convolutional nodes include hyperparameters in
contrary to nodes with linear functions that need to be set in prior to training.
The parameters are the kernel size, stride in pixel and number of �lters as well as
padding and dilation factors. The padding parameter is the amount of additional
zero valued pixel that are added at each border of the input. The dilation factor is
the distance in pixel of two neighboring kernel pixels.

Deformable Convolutional

Deformable convolutional nodes [21] are a special type of convolutional nodes where
the o�set between each kernel pixel is de�ned as an additional degree of freedom
and therefore a learnable parameter.

Activation Function

A node contains an activation function additional to the main computation. The
computed result for the given input to a node is the input to the activation function.
The activation function is used to introduce nonlinearity to the node such that
nonlinear functions can be approximated. There are many proposals of activation
functions and the research into them is still an active �eld. Although, in the most
cases one of the following functions is used. The sigmoid function is primarily used
at the �nal nodes of a network for predicting the class of an object due to its mapping
between 0 and 1. Its output can be interpreted as a probability of the input object
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Figure 2.1: ReLU activation function.

to be in a given class. The recti�ed linear unit (ReLU) function is very common
since it was shown to yield better performance [22, 23].

2.1.2 Layer

A layer in an NN combines multiple nodes that receive the same input. A convo-
lutional layer typically only contains one node but fully connected layers are often
build up from many nodes. The depth of the network is de�ned by the number of
layers of the network. There are also other layers such as pooling layers.

Pooling layers are used after convolutional layers and they are typically used
to reduce the shape of the tensor that is outputted from the convolutional node.
There are di�erent types of pooling, e.g. maximum, global or average. Maximum
pooling is the most common one and it takes the maximal value in a local region
of the tensor and yields a tensor with compressed information for each �lter of the
convolutional layer. Global pooling is the same as maximum pooling but over the
whole tensor and it outputs only one value for each �lter. The average pooling take
the average of all local elements of the input tensor and returns a tensor with slightly
less compressed information.

2.1.3 Loss function

The entire forward-pass through all layers in an NN results a prediction̂x. The
loss function f p̂x; xq computes the error from the prediction to the annotationx.
The annotation x is the ground-truth which needs to be labeled before training the
NN. The NN learns to minimize the loss function and therefore the error from the
prediction to the ground-truth. There are many loss functions proposed in literature
such as the mean absolute error � or L1 �, mean squared error � or L2 �, smooth-L1,
focal loss [24] and cross-entropy. The loss functions are summarized in Table 2.1.
For the focal loss� and � are hyperparameters. The cross-entropy loss can be either
in binary or categorical version where the di�erence is thatx is in t 0; 1u in the binary
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case and a one-hot encoding vector in the categorical � or multi-label � case. All
loss functions are usually averaged over a batch. Further research into loss functions
is still ongoing.

Table 2.1: Popular loss functions.

Name f p̂x; xq

L1 kx̂ � xk1

L2 kx̂ � xk2
2

Smooth-L1

#
0:5kx̂ � xk2

2 ; if kx̂ � xk1   1

kx̂ � xk1 � 0:5; otherwise

Focal [24]

#
p1 � x̂q� logp̂xq if x � 1

p1 � xq� x̂ � logp1 � x̂q otherwise

Cross-entropy �
° C

c� 1 xc log
�

ex̂c {
° C

j � 1 ex̂ j

	

2.1.4 Optimizer

In general, loss functions are functions depending on the weights and therefore highly
dimensional. During backpropagation the gradients of the loss function w.r.t. the
weights in the NN are calculated. The essence of machine learning is to minimize
the loss function by iterating over optimization steps of a numerical optimizer. The
optimizer updates all trainable weights by following an update scheme. There are
many optimizers in literature. [25] gives an overview of the most used optimizers.
In this work, the Adam optimizer � �rst presented in [26] � is used and we are not
looking into the e�ect of other optimizers. To speed up training, the data is usually
grouped into batches after which an optimization step is applied. Note, numerical
optimizers only guarantee to approximate local minima but not necessarily global
ones.

When an NN is trained all weights that are set to be trainable are updated by
the optimizer. Weights � or entire layers � that are not updated are calledfrozen.

2.1.5 Network architecture

On a high level there exists, especially in object detection NNs, three main compo-
nents. Firstly, the backboneis usually designed to extract a rich representation of
the input called feature mapFM . For an NN that receives an image as an input
the backbone usually downscales the size of the image but keeps the ratio for the
feature mapFM the same. Secondly, thehead receives the feature mapFM and
extracts in multiple parallel shallow subnetworks a set of parameters for regression
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or classi�cation. Lastly, the neck is the link between the backbone and the head
and usually upsamples the feature mapFM in a learnable fashion. The output of
the neck is the input of the head.

While training a network the backbone and neck are usually trained for a large
amount of epochs since they are often very deep. The head is then often modi�ed
iteratively to achieve the best performance while the trained backbone and neck are
used for its input. For this step, the backbone and neck are often frozen and only
the head is trained. When the subnetworks in the head are converged, the entire
network is usually �ne-tuned over a small amount of epochs. The weights of any
part of the network that are already trained can be saved at di�erent points and
loaded in for other experiments. A model used for this concept is calledpretrained
model.

For measuring how well the network is performing not only the loss function but
also evaluation metrics are needed. For this work the mean average precision (mAP)
and the nuScenes detection score (NDS) are used, see Section 3.4 for more details.

2.2 Sensor Technology

With increasing popularity and interest in autonomous driving in both, industry
and research, the question on the choice of a reliable and precise sensor setup for
environmental perception arises. The three most popular sensors are camera, radar
and light detection and ranging (LiDAR). Table 2.2 compares the three modalities
using di�erent criteria. Choosing both, the camera and radar modality, one achieves
the highest score for all the criteria with at least one of the sensors. In consequence,
this sensor setup is a sensor setup with promising properties that will be investigated
further in the following.

Table 2.2: Comparison of the sensor modalities camera, radar, and LiDAR for the
use within the automotive industry according to [27, 28]. The valuation ranges from

being the worst to as the best score for the respective criteria.

Camera Radar LiDAR

Spatial Resolution
Distance estimation
Velocity measurement
Range
Weather robustness
Lighting robustness
Cost
Amount of data
Color estimation
Lane Detection
Obstacle Edge Detection
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2. Theory

2.2.1 Radar

Frequency modulated continuous wave (FMCW) radars are the most popular type
of radar sensor in the automotive industry. A radar sensor emits electromagnetic
waves using at least one transmitter antenna [29]. When the waves hit an object,
they are re�ected and received by (at least one) receiver antenna. Comparing both
signals, the transmitted and received waveforms allows one to calculate distance,
radial velocity, azimuth angle and elevation of the re�ector. For a more detailed
explanation, please refer to [29]. The output of the radar sensor used in the scope of
this thesis consists of a point cloud. Each of the points in the point cloud contains
a measurement for the values in Table 2.3.

Table 2.3: Measurements of a single radar point in the radar point cloud for the
data used in this work.

Value Description

x X -component of the position
z Z-component of the position
vx X -component of the radial velocity
vz Z-component of the radial velocity
RCS Radar Cross Section value

Radar cross section

Alongside with the distance and radial velocity, each radar point contains a measure-
ments called the radar cross section (RCS) value. It is a measure for the detectabil-
ity of the re�ecting object displays how well the object re�ects the electromagnetic
waves. In consequence, this allows to draw conclusions on the material and size of
an object in the environment.

2.2.2 Camera

One major advantage of the camera sensor is its high spatial resolution which enables
it to capture small objects and objects at a great distance. However, a mono-camera
setup does not allow for any direct measurement in the 3D space but is restricted to
the 2D image plane. To link the 2D camera measurement and the 3D space, one can
use a model of the camera. The most common model used is the so-called pinhole
camera model which will be brie�y described in the following. For more information
on this and other camera models please refer to [30, 31].

Pinhole camera model

The pinhole camera model links the coordinates of a point in the 3D space to
the corresponding point in the 2D image plane. The camera aperture is modeled
as a single point, the so called pinhole which represents the origin of the camera
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coordinate frameC. A scene pointx1
C in the 3D space, expressed in the camera

frame C, is de�ned as

x1
C �

�
x1

C y1
C z1

C

� T
(2.2)

wherex1
C, y1

C, and z1
C describe theX , Y, and, Z components of the 3D scene point

respectively.
This 3D scene point can then be projected into the image plane resulting in an

image projection

�x �
�
�x �y 1

� T
: (2.3)

This projection is the intersection of the line from the scene point to the camera
center to the plane with z � 1, i.e. the image plane. To account for rotation
and translation of the cameras regarding a �xed frame, a rotation matrixR , see
Section 2.3.2, and translation vectort are introduced. They transform the scene
point x1

C from the camera frame into a scene pointx1
F in the �xed frame F as

x1
F � r R t s

�
x1

C
1

�
: (2.4)

whererR t s is a3� 4 transformation matrix. Details on coordinate transformations
are given in Section 2.3.2. In the scope of this work, the camera coordinate frame
C corresponds to the �xed frameF , since we regard each of the cameras of the ego
vehicle separately and only transform the detected objects back into the ego vehicle
frame. Therefore, we neglect the sub-index F in the following.

Figure 2.2 visualizes the projection of a scene pointx1 into the image plane
z � 1, resulting in the projected point �x . In the pinhole camera model, the image
plane projections are given in the length unitR. The center of the image plane
corresponds to the coordinatep0; 0; 1q, which is not the case for the actual image
of the camera given in the pixel dimension. Typically, the origin is placed in the
upper left corner of a camera image. The mapping between the image plane and
the camera image is done using a3 � 3 matrix K , termed the inner or intrinsic
parameters of the camera. The inner parameters include the focal lengthf , the
principal point px0; y0q describing the center of the image, the aspect ratio
 and
the skews such that

K �

�

�

f sf x 0

0 f y 0

0 0 1

�

� : (2.5)

For more information on the inner parameters, please refer to Chapter 11 of [30].
Together with the transformations described earlier, the camera intrinsics com-

plete the so called camera equation:

� ~x � K rR t sx1

� ~Px 1 (2.6)

where ~x is the projected point in the camera image,� is the projective depth of the
scene point and~P is termed the camera matrix.
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Figure 2.2: Visualization of the camera pinhole model.xs represents a scene point
in the 3D surroundings of the camera,xp the corresponding point in the image
plane. The originC represents the camera center, also called pinhole. The cameras
coordinate system is depicted through the arrows.

3D to 2D projection

The derived camera equation can be used to project a 3D scene pointx1 into the
image plane. This is achieved by �rst calculating

~x i � ~Px 1 (2.7)

where the sub-indexi states that the coordinates are in-homogeneous. To receive
homogeneous coordinates,~x i has to be divided by its third coordinate~x i; 3:

~x �
~x i

~x i; 3
(2.8)

The resulting projection ~x in homogeneous coordinates is not uniquely de�ned since
all scene points on the line between the camera center and the projected point
correspond to this projected point. Additionally, one can determine whether a given
3D scene point is in the �eld of view (FoV) of the camera. If the third coordinate~x i; 3

of the in-homogeneous coordinates is negative, the scene point does not lay within
the FoV and therefore can't be projected into the image.

2D to 3D projection

Assuming the projective depth� of the scene point is known, the 3D scene point can
be reconstructed from the projected point in the image using the camera equation.
For easier notation, the �rst 3 columns of~P are denoted as~P3� 3 and the last column
as ~P4. The 3D scene pointx1 is reconstructed by

x1 � � R T K � 1~x � ~P � 1
3� 3

~P4 (2.9)

whereR is the rotation matrix and K the camera intrinsics matrix. For a derivation,
please refer to the literature mentioned above.
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2.3 Sensor fusion

Traditionally, sensor fusion in object detection for di�erent kinds of sensors is per-
formed on object-level, i.e. each of the sensor modalities has its own detection
pipeline. The resulting object detections are then combined, classic fusion meth-
ods like Kalman �lters have been used to tackle this [32].

While object detection on a single sensor modality has already shown promising
results, recent research also focuses on multi-modal object detection using deep
machine learning. The results of multi-modal object detection are often not only
more precise, but also more robust due to the complementary properties of di�erent
sensor modalities [4]. Since this work tackles the fusion of camera and radar sensors,
the following summary also focuses on this part of the research �eld and only gives a
brief summary on di�erent modalities where camera-radar fusion could bene�t from
concepts used with these sensors. The concepts introduced in the following, e.g.
in Section 2.3.1 also apply for sensor modalities di�erent from camera and radar.

2.3.1 Fusion Depth

In general one can distinguish between three levels of sensor fusion � sensor fusion
on data-level, on feature-level, and on object-level[33]. This classi�cation is based
on the location of the fusion operation in the fusion network architecture, see Fig-
ure 2.3. Fusion ondata-level is also referred to as early fusion, similarly fusion on
object-levelis referred to as late fusion. This subsection gives an overview over the
di�erent fusion depths and discusses the advantages and drawbacks of each of them.
However, authors in literature comparing architectures with di�ering fusion depths
do not �nd evidence for one method being superior to others in general. The perfor-
mance depends on a great deal on sensors, the dataset and the rest of the network
architecture itself [4].

Early fusion

Early fusion outlines the fusion of sensor data at a stage in the pipeline where the
data has not been processed by a neural network yet. The data of the di�erent
sensor modalities can be pre-processed based on their physical properties, e.g. to
handle noise or di�erent sensor coordinate frames. Some papers, e.g. [34], propose
the calculation of regions of interest (ROIs) using the radar data before applying
a neural network to the corresponding parts in the camera image. Merging the
raw data instead of extracted features however enables the network to fully exploit
its information [28]. In addition, the reduction of the network size due to the joint
processing of multiple sensor modalities results in lower computational requirements
as well as a low memory budget [4].

These advantages however also come with some downsides: the merging of raw
data introduces in�exibility to the model, especially when it comes to integrating
new sensors into the setup. New modalities or even updated sensor technology of
the same modality might result in the necessity to retrain the whole network from
scratch due to adapted input channels. Moreover, misalignment between sensors in
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(a) Early fusion (b) Feature fusion

(c) Late fusion

Radar / Camera Input
Radar / Camera NN Layer
Fusion NN Layer
Output
Fusion operator

Figure 2.3: Overview over the three levels of fusion depth used in sensor fusion
using deep machine learning. The network architecture is not further speci�ed since
it varies between di�erent approaches.

the form of calibration errors, sampling rates or sensor defects has a greater negative
in�uence on the results in early fusion [4]. The authors of [35] combine minimally
processed radar data with camera images in an early fusion approach for ADAS,
the authors of [36] propose a low level fusion scheme for camera, radar and LiDAR
sensors.

Late fusion

Late fusion combines the detected objects of each individual sensor modality at the
end of their pipelines. In a pure late fusion approach, there is no neural network
layer after the fusion operator is executed. Late fusion is done on object-level, i.e.
in the scope of object detection, each individual sensor unit estimates objects in its
surroundings before they are jointly associated and combined. This enables stan-
dardizing interfaces between di�erent fusion algorithms which in turn requires no
in-depth understanding of the signal processing involved [28] and makes it easier to
introduce new sensors since only parts of the network have to be retrained. Also,
existing architectures for individual sensors can easily be evaluated.
On the downside, late fusion can't take potentially information-rich, intermediate
features of individual sensors into account [4]. Further, it su�ers from high computa-
tional cost and memory requirements [4]. Regarding Camera-Radar-Fusion, [37, 38]
propose two fusion architectures using a late fusion approach.

Feature fusion

Feature fusion, also termed middle fusion, combines the information at a stage in
between early and late fusion using the feature representations that result from
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applying NNs to the occurring modalities. This introduces the possibility to learn
across di�erent sensors' information-rich features at several depths in the pipeline.
Feature fusion does not constrain itself to the fusion on one particular layer in the
network but can also apply a fusion operator multiple times. Some variants of this
are displayed in Figure 2.4. Feature fusion can also contain elements of early and

(a) Deep feature fusion (b) Short-cut feature fu-
sion

(c) Early feature fusion

Figure 2.4: Some variants of Feature level Fusion. For a legend, please see Fig-
ure 2.3. Figure 2.4a combines the information of the two modalities at di�erent
stages of the fusion pipeline. Figure 2.4b introduces the extracted features of an
early stage at a later point in the pipeline again. Last, Figure 2.4c combines early
fusion with feature fusion.

late fusion in the architecture, see Figure 2.4c. This may lead to less rich feature
extraction from at least one modality but can introduce some of the advantages of
early and late fusion. Feature fusion is highly �exible with the biggest potential
for precision whilst the complexity makes it di�cult to �nd the optimal way to
fuse intermediate feature layers together. Most networks can not be classi�ed as a
de�nite member of either early fusion or late fusion due to some intermediate layers
and are therefore rated among feature fusion. The authors of [39] introduce a feature
fusion approach as a single shot detection network, [40] introducesCenterFusion,
which is explained in detail in Chapter 4. CRF-Net [36] combines an early fusion
approach with fusion layers reaching deeper into the network, similar to the concept
visualized in Figure 2.4c.

2.3.2 Data Association

One key element of a fusion algorithm is the association of data from di�erent sen-
sors. In the scope of this work, this involves the incorporation of a two dimensional
camera image and the corresponding points in the point cloud of the radar, ex-
pressed in coordinates of the 3D space. Data association is especially important in
early fusion since the raw sensor data has to be combined such that the associated
data corresponds to the same object in the ego vehicles surroundings. However, this
issue also matters in feature fusion approaches since the features extracted from the
data have to be combined as well. After a brief description of essential coordinate
transformations, the following Section describes and analyzes di�erent methods to
perform this association.
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Coordinate systems

To simplify the understanding of the data association and further chapters, the
coordinate systems used in this work are introduced in the following. They are
heavily based on the coordinate systems introduced in thenuScenesdataset, see
Section 3.1. All of the coordinate systems used follow the right-hand rule, hwever
their orientation di�ers.

The coordinate system of the ego vehicle is a right hand system whoseY-axis
points towards the forward driving direction of the car. In contrast, the camera is
represented with theZ-axis facing in the main viewing direction while the radar data
is given in a coordinate frame with theX -axis facing forward. The three di�ering
coordinate systems are displayed in Figure 2.5, each facing in the same direction.
When rotating a camera or a radar, e.g. when dealing with sensors facing backwards,
their coordinate system rotates w.r.t. the ego-vehicle's frame.

(a) Ego vehicle coordinate
system

(b) Camera coordinate
system

(c) Radar coordinate sys-
tem

Figure 2.5: Orientation of the ego-vehicle, camera, and radar coordinate systems.
All coordinate systems are facing forward in this �gure. A point encapsulated by
a circle represents an arrow pointing towards the reader, a cross encapsulated by a
circle an arrow in the opposite direction.

Most of the computations in this work are performed in the camera coordinate
system since the outputs of the developed fusion architecture are expressed in this
frame. These object detections then can easily be transformed to the ego-vehicle
frame or even a global frame assuming the pose of the car is known.

Coordinate transformation point cloud

To associate data from di�erent sensor modalities, one has to ensure they are rep-
resented in the same coordinate system. Consequently, the point cloud �rst has to
be transformed into the sensor coordinate frame of the camera to make sure there
is no spacial misalignment between the data. The matrix

P̂R �
�
p̂ 1;R;p̂ 2;R; : : : ;p̂ N;R

�
PR4� N (2.10)

represents the homogeneous coordinates ofN P N points, where R expresses the
coordinate frame of the radar and thei -th column of p̂ 1;R denotes the coordinate
vector

p̂ i; R �

�

�
�
�

x
y
z
1

�

�
�
� PR4 (2.11)
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of the i -th point. The transformation is expressed as

P̂C � T CR P̂R (2.12)

whereC denotes the coordinate frame of the camera and

T CR �
�

R t
01� 3 1

�
PSEp3q (2.13)

is a matrix describing the transformation between the coordinate frames of radar and
camera consisting of a rotationR PSOp3q and a translation t �

�
tX ; tY ; tZ

� T
PR3.

T CR is a 4� 4 matrix out of the special euclidean groupSE p3qwhile R is a matrix
of size3 � 3 in the special orthogonal groupSOp3q, see [41], Chapter 3. The radial
velocities in the point cloud of the radar do not have to be translated but only rotated
into the correct coordinate system using the rotation matrixR in Equation (2.13).

In general, a point in the radar point cloud consists of additional information
like the RCS value� , see Section 2.2.1, which does not have to be transformed in
the same manner. In addition, most radar sensors only output a planar point cloud,
such that one dimension in Equation (2.11) consists of zeros only.

Projection of point cloud to 2D

Subsequently to the transformations described above, the data from the point cloud
and the image are expressed in the same coordinate system which allows a 3D to
2D projection as introduced in Section 2.2.2.

Since the radar point cloud lacks information in height its points will not get
projected to the exact position in the image plane of the re�ection when only pro-
jecting a single point. Therefore, [36] assumes a �xed object-height assigned to each
radar point. A single radar point is projected onto a 2D-line in the image plane
starting on the ground of the bird's-eye view (BEV) plane.

Figure 2.6 illustrates this concept using two separate radar points in the 3D-
plane. One of the radar detections is closer to the camera frame than the other.
Although both have the same arti�cial height in the 3D-plane, they appear to be of
di�erent size in the image plane. This di�erence is intentional and represents the
height of a typical object in the environment of autonomous driving regarding its
distance to the sensors.

To complete the association of camera and radar data, the projection is per-
formed for all of the radars point cloud features, speci�cally RCS and radial velocity.
The resulting features-images have the same resolution as the original input images
and contain the value of a point cloud feature at the projected 2D-lines and zero
elsewhere. These radar feature images are then concatenated with the 3 existing
RGB-channels of the original image resulting in the association of radar and cam-
era. Figure 2.7 shows an example for this method, where Figure 2.7a is the original
image from the camera and Figure 2.7b shows the projection of one radar channel
into the 2D image along with the original RGB image. Notice that the 2D-lines
corresponding to radar points are smaller the further away the radar points are.
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Figure 2.6: Projection of planar radar points into the image plane. The radar
points (green dots) on the ground of the 3D plane are associated with a �xed height
and projected into the green image plane. The coordinate system represents the
camera's origin.

Frustum based association

The authors of [40] follow a di�erent approach to associate the data of the two
sensor modalities. Objects are initially predicted using an image-based detection
network architecture. The outputs of the network are the 2D- and 3D-bounding
boxes (BBs). The 2D-BB is predicted in the image plane while the 3D-BB also
contains the depth and orientation information of the object. In contrast to the
method described earlier, the association between camera and radar is done in the
camera'sXZ -plane.

To make up for the missing height information of the radar point cloud explained
earlier, the authors of [40] extend the points not only into lines but into pillars. Fig-
ure 2.8 illustrates the pillar expansion. The pillars have a square cross section of
20 cm� 20 cm with a height of 1:5 m [40]. The radial velocity and RCS measure-
ments are assigned equally to the whole pillar. The points are extended to pillars
and not just lines because of the uncertainty in the measurement of radar points.
Their position can di�er from their corresponding objects, especially since they are
aggregated over time. The expansion to pillars makes the association more robust
against such inaccuracies [42].

Using the corners of the 3D-BB, a region of interest encapsulating its whole
surface is created. This ROI is depicted in BEV in the camerasXZ -plane as the
dark blue polygon in Figure 2.9. In the following, the ROI is termed frustum in
consequence of its geometrical shape in a three dimensional space. In general, the
geometric object of a frustum is by de�nition the basal part of a cone formed by
cutting o� the top by a plane parallel to the base.

The frustum is created by casting the camera projection lines into the 3D space
such that the 3D-BB is tangent to the projection lines. The planes limiting the
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