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Chapter 1

Introduction

1.1 Motivation

A major challenge in the development of autonomous vehicles is a highly accurate

perception pipeline during all weather conditions. This is necessary to reliably

implement fully autonomous vehicles. It is of great importance to gain extensive

knowledge about the dynamic environment and other road users. Moving objects

such as pedestrians, cyclists, cars are called dynamic. This information is essential

to navigate safely in public traf�c. Autonomous vehicles are equipped with a

sensor set. The capturing and processing of the environment by high resolution

sensors is called environmental perception. Such a sensor set usually contains

lidars and cameras. Recently, thermal imaging was also incorporated by several

studies. Each of these sensors has advantages and disadvantages, which should be

combined pro�tably in the sensor fusion.

Autonomous vehicles have largely been developed and tested in warm sunny

regions where visibility is usually near perfect. Adverse weather conditions such

as those that occur in northern latitudes pose a major challenge to classic envi-

ronmental perception systems. Therefore, in the present work an approach to

incorporate lidar and thermal imaging into a fused perception is being developed

and evaluated.

As part of the development of this multi-modal object detection, a forward-

looking sensor con�guration consisting of a automotive reference lidar and a high-

resolution thermal camera was used. The novel fused perception pipeline has the

goal to overcome adverse weather conditions and resolve bad visibility by incorpo-

rating daylight invariant optical measurements principles for autonomous driving.

3



4 Chapter 1. Introduction

1.2 Structure of the Thesis

This work is divided into �ve central chapters. First of all, the following chapter

gives an explanation of the essential basics of the sensors used in this work. There,

the underlying technology for capturing the environment is explained. On the

one hand the lidar, on the other hand the thermal imaging. Subsequently, the

sensor data fusion will be described and the processing chain from measurement

to perception will be elaborated in more detail. The following section focuses

on fusion architectures, highlighting high-level, feature-level, and low-level fusion

systems and basic understanding of neural networks which will be used for feature

extraction. The third chapter is used to de�ne requirements and present the best

possible solution. Chapter four focuses on the implementation and evaluation

of transfer learning to overcome the domain gap in the thermal domain. The

�fth chapter focuses on evaluation different weather conditions and showing the

performance of thermal imaging in adverse weather. Chapter six summarizes the

knowledge gained and gives an outlook on future expansions.



Chapter 2

Fundamentals

2.1 Sensors for Vehicle Environmental Perception

Thermal Imaging

Visual cameras that capture visible light have been the standard imaging device

in most applications such including driver assistance systems. But there are some

drawbacks to use these cameras. The colors and visibility of objects depend on

an energy source such as the sun or arti�cial light. Therefore, the main challenge

is that the images depend on the illumination, changing intensity, color balance,

direction. In addition, nothing can be captured in complete darkness. In the mid-

and long-wave infrared spectrum (3-14 mm), radiation is emitted by the objects

themselves, with wavelength and intensity depending on temperature. They do not

depend on an external energy source. Thermal imaging cameras take advantage

of this property and measure radiation in parts of this spectrum. [11] Figure 2.1

shows the same scene at night captured with a far infrared camera and a standard

rgb automotive camera.

5



6 Chapter 2. Fundamentals

(a) (b)

Figure 2.1: Thermal Image and RGB Image from the Same Scene at Night. [4]

For the lenses of thermal imaging cameras, a non-glass material has to be uti-

lized to account for the very low transmissivity of glass to thermal radiation. Ger-

manium is the most popular of these materials. Germanium is a metalloid material,

grayish-white in color, that is nearly completely transmissive to the infrared spec-

trum and re�ective to the visible spectral range. Germanium has a comparatively

high price, in consequence of which the dimensions of the lens are very signi�cant

importance [11] and limiting the use of wide angle lenses with only up to 75 � in

automotive applications. [9]

Figure 2.2: Flir ADK - Automotive Thermal Camera. [9]
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Lidar - Light Detection and Ranging

Lidar is a sensor based on an optical measurement method. The distance can be

determined by means of light pulses emitted by the sensor itself. Compared to the

Radar, the Lidar uses electromagnetic radiation in the infrared spectrum.

In the sensors used in the vehicle a measurement according to the "Time of

Flight" principle is usually applied. The duration from the emission of the light

pulse to the reception of the backscattered beams is proportional to the radial

distance between the sensor and the detected object. Since the distance from mea-

suring system to the object has to be completed both on the way there and on the

way back, time t and the speed of light c0 have to be divided by two as shown in

equation 2.1.

d =
c0 � t

2
(2.1)

The propagation properties of the wavelength with which the distance is mea-

sured in the Lidar sensor results in a comparable detection of object structures such

as a camera or the human eye. Only non-hidden objects in the direct �eld of view

can be detected. The big advantage of the short freuency at about 350THz is the

possibility to detect small objects as long as a laser beam hits the object. The short

wavelength enables a very high resolution, which is usually only mechanically

limited by the scanning method.[26]

Figure 2.3 shows the mechanical construction of a lidar sensor. It contains 64

separate lasers, which cover a vertical �eld of view from 2 � to -24.8� . This measure-

ment setup rotates several times per second around the z-axis and thus allows the

surrounding area to be captured. In this case, the horizontal resolution is deter-

mined by the sampling rate and the rotational speed. The vertical resolution of the

the �eld of view divided by the number of lasers.
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Figure 2.3: (a) Scanner frame axes. (b) Scanner layout. (c) Scanner Parameters in Vertical Plane. (d)
Scanner Parameters in Horizontal Plane.[13]

Often there are several objects in one measuring channel, but with a suf�ciently

large distance, several objects can be detected by appropriate evaluation proce-

dures. In this case we speak of a multi-echo measurement, which is shown in

�gure 2.4. This enables the multi-target capability of the sensor. At a high attenua-

tion, e.g. due to fog, water droplets and dust, corresponding pulses are re�ected at

these, as shown in �gure 2.4. The actual object (car) can still be detected correctly.

Figure 2.4: Multi-echo measurement a lidar sensor[14]
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The proportion of transmitted radiation is referred to as the transmittance. The

attenuation is generally composed of absorption, scattering, diffraction and re�ec-

tion and depends on the wavelength. A major challenge in laser measurement

technology is to detect the energy after re�ection from an object, which is very

limited due to the eye safety requirements. It should be noted that the object, sim-

ilar to a Lambert re�ector 1, usually radiates its energy diffusely into half the solid

angle (180� ).[26]

1The Lambertian law (also Lambertian cosine law) describes, formulated by Johann Heinrich
Lambert, how the radiation strength decreases with a �attening beam angle due to the perspective
effect. If a surface follows Lambert's law and the radiance of the surface is constant, the result is a
circular distribution of the radiant intensity.
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Figure 2.5 shows the resulting point cloud of a high-resolution rotation lidar.

In this case, the sensor is mounted on the roof of the measuring vehicle, rotates

mechanically and can thus completely detect the environment horizontally. The

intensity of the re�ection is represented by the color of the points.

Figure 2.5: Visualisation of a high resolution Lidar point cloud in foggy weather.
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2.2 Convolutional Neural Networks

Principles

Deep learning essentially refers to the use of neural networks with many hidden

layers. In theory, a single hidden layer is suf�cient to represent any function to any

degree of accuracy, but may however require an in�nite number of neurons. Using

multiple hidden layers can be motivated by comparing neural networks to logic

circuits. The number of units needed to represent some functions decreases as the

depth of the circuit increases. More complex functions can therefore be represented

by fewer neurons when the depth of the network is increased.

The arti�cial neuron

Figure 2.6: Principle of an Arti�cial Neuron.

The basic computational building block of a neural network is the arti�cial neuron,

depicted in Figure 2.6. It takes a �xed number of scalar input values, represented as

the elements of a vector x and outputs a single scalar value y. Each input position

of the neuron is associated with a scalar parameter called a weight, represented

here as the elements of the vectorw. It is these weights that constitute the param-

eters of neuron, and are what is adjusted when the neuron is learning. The com-

putation performed by the neuron consists of two steps. The �rst step computes a

linear combination of the input values and their corresponding weights, which is

equivalent to the dot product of these two vectors. The second step is performed

by feeding the result of the �rst step through an activation function. The output
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from the second step is then declared the �nal output of the neuron. Commonly

used activation functions include the sigmoid shaped logistic and hyperbolic tan-

gent functions. For deep neural networks, the ReLU (y = max(x, 0)) activation

function is a popular choice. The activation function introduces a non-linearity to

the output of the neuron, making it capable of non-linear approximations.

Layers

Several neurons can be used together when more than one output dimension is

needed, such as in multi-class classi�cation. Each neuron's output then corre-

sponds to a single dimension in the output space. Which can be represented by a

layer consisting of as many neurons as the desired output dimension. And each

neuron is given an input vector and carries out independent computations to gen-

erate its output. With a fully connected layer, i.e., if each neuron in the layer

receives inputs from all neurons in the previous layer, the computation performed

can be described by a vector-matrix multiplication followed by an element-wise

application of the activation function.

Convolutional Neural Networks

Convolutional neural networks represent by far the most popular type of neural

network when it comes to image processing. While the underlying mechanisms

are the same as for normal feed-forward neural networks, the convolutional net-

work utilizes two different types of layers with several special properties that have

made them good at the task of image processing. Namely, the convolutional layer.

Within a convolutional layer, where each neuron is only given a small local win-

dow of input on which to carry out its calculations. The spatial window that is

visible to a given neuron is called its receptive �eld, and the convolutional layer

signi�cantly reduces the receptive �eld of neurons in comparison to a fully con-

nected layer. In a convolutional layer, the receptive �elds of all neurons are tiling

the input vector in overlapping windows. This kind of constraint is motivated by

the realization that in a signal with spatial correlation, like an image, nearby loca-

tions are more likely to be correlated than locations farther apart. However, in the

example of an image where the position of an entity within the image is random,

the above implementation of the convolutional layer means that each neuron in the

layer would have to be trained to recognize the same object. Doing so allows for

an optimization that signi�cantly reduces the number of parameters in the convo-
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lutional layer. While each neuron in the same layer can share its weights with each

other. In other words, the computation performed by a convolutional layer can be

ef�ciently implemented as a convolutional operation, which convolves a �lter of

values representing the shared weights of the neurons in the layer with the input

image. This convolution layer effectively targets a highly important issue in image

processing, namely, translational invariance. That it is applied to all possible lo-

cations in the image means that the �lter is able to identify patterns in the image

independent of their location. Practically, this means that a convolutional layer car-

ries out a convolution of the input with �lters learned during training. However, a

single convolutional layer typically contains many �lters, each of which produces

its own output. By doing this, it allows the layer to learn to extract several differ-

ent types of features from the input. When applied to an image, the output of a

convolutional layer is known as a feature map. Basically, this is a multi-channel

image where each channel corresponds to the output of each �lter.

Deep Neural Networks

A major dif�culty in performing image analysis is the need to create features that

extract unique features from the image that can be reliably used by a classi�er. An

extremely timeintensive task, and frequently the one that makes or breaks a good

system. Nevertheless, neural networks with many hidden layers have shown that

they can solve this problem by being able to automatically extract such features

when adequate training data is available. Traditionally, these types of deep net-

works have been known as dif�cult to train because the gradient wanished as it

propagates through many layers and eventually disappears due to the many pa-

rameters of the model. However, recent advances in hardware as well as architec-

tural inventions have made it possible to train these deep networks. A technique

that has demonstrated that this problem can be addressed is the recti�ed linear

unit (ReLU) activation function, de�ned as ReLU(x) = max(0,x). In contrast to

sigmoidal activation functions, ReLU enables the gradient to propagate without

being vanished by the activation function. Deep neural networks have demon-

strated several highly interesting properties in the way information is extracted

from the input. Within a trained network, the initial layers learn to detect very

general features, which are assembled into higher level feature detectors by sub-

sequent layers. Convolutional networks are applied to image data are particularly

likely, as this information is easy to detect.
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2.3 Sensor Data Fusion

Goals of sensor data fusion

The basic objective of sensor data fusion is to bring together different independent

sensors in such a way that the advantages of different measuring principles and

methods compensate each other's weaknesses.

Redundant Information

If several sensors provide information about the same object, this is referred to as

redundancy. This additional information can be used to improve the known object

properties. Different physical measuring principles have different occurring errors.

This behaviour has to be considered by using respective measurement models.

Redundant environmental sensors can lead to an increase in fault tolerance and

increased system availability. If individual sensors fail, data of suf�cient quality

can still be made available.[26]

Complementarity

Environmental sensors, which provide different but additional information to the

fusion, are called complementary. On the one hand, this can be done by different

visual ranges of similar sensors, which improve the detection. This way, problems

with the association at the edge of the sensor detection range can be solved[7]. If

the data refer to the same object, the gathered information can be increased by

detecting different properties. The use of different sensor measurement methods

can lead to an increase in the robustness of the overall system, as different char-

acteristics of the objects can be detected. For example, the Lidar is able to detect

outer contours in the direct �eld of view, whereas the Lidar enables the detection

of features beyond the contour edges.[26]
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Process of Sensor Data Fusion

The sensor data fusion is divided into main components, which are explained

below. These are generally valid for single sensor as well as multi sensor systems.

Signal Processing and Feature Extraction

In the signal processing step with subsequent Feature extraction, environmental

information is captured from the sensors. In the �rst step of the measurement,

the signals are recorded by the sensor, which also contains noise. The raw signals

recorded this way are converted into physical quantities, which form the raw data

of a sensor. The further steps of signal processing includes the interpretation under

consideration of the physical properties. Afterwards, characteristics are extracted

from the raw data. Feature hypotheses can then be derived to object hypotheses.

However, this entails the risk of misinterpretations. Basically, the data of all sen-

sors must be transformed into a common coordinate system. Possible errors in the

alignment can lead to errors in the assignment. Different measurement methods

of the sensors lead to different feature hypotheses. For example, the outer edge

of a vehicle is detected by laser sensors, but only the hot wheels are detected by

thermal camera. This can also occur with sensors of the same type, since differ-

ent viewing angles provide different measured values. In a multisensor system,

different sensors ideally map the same object. Due to unequal resolution and mis-

interpretations, the characteristics can differ from each other.[26] Figure 2.7 shows

the described procedure.
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Figure 2.7: Process chain of environmental perception with subsequent feature extraction

Classi�cation

In the classi�cation step, the object hypotheses are assigned previously de�ned

object classes based on given properties of the data. These classi�cations are used

to distinguish between cars and cyclists and pedestrians, for example.

Analysis of the situation

When using the fused data to take over driving functions, an analysis of the sit-

uation becomes necessary. This is the link between the merged environment ac-

quisition and the assistance functions. The analysis must then provide the basis

for intervention decisions, taking into account the performance of sensors and fu-

sion.[26]
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Multi-sensor Data Fusion Architectures

Sensor fusion is generally divided into three different architectures. They are also

referred to as central, decentral and hybrid fusion. These are based on the degree

of processing of the sensor data and the level at which they are merged.

In a low-level fusion architecture, there is no pre-processing of raw data at the

sensor level. Each sensor transmits its raw data to the fusion module, which then

performs a low-level fusion of the raw data from all sensors. The merged raw

data is then provided as input for a central tracking algorithm. This architecture

is sometimes referred to as a centralized tracking architecture. A basic low-level

fusion architecture is shown in Figure 2.8. The advantage of a low-level fusion is

that all relevant data still exists and is taken into account in the further processing.

Abstraction levels such as features result usually in a loss of information. Also it is

possible to classify the data very early by merging raw data from different sources.

The merged measurements selected for input into the tracking algorithm already

have a high probability of being a valid measurement of a relevant object for a

particular application. However, low-level fusion requires a large database and

can be complex to implement in practice. Adding a new sensor to the architecture

requires signi�cant changes to the fusion module because the raw data comes in

different formats and from different sensor types.

Figure 2.8: Low-Level-Fusion

In the case of fusion at feature level, certain characteristics are extracted from
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the raw data by a preprocessing step before the data fusion is performed. The

extracted characteristics from a particular object model are then used as input for

the tracking algorithm. The architecture of the fusion is shown in Figure 2.9. The

main advantage of feature-level fusion is its ability to reduce the bandwidth of

sensor data for the fusion. This is possible because the extracted feature data

is much smaller than the raw data of the sensor. However, feature-level fusion

retains the ability to preprocess and classify sensor data such as a low-level fusion.

This reduction in bandwidth results in a signi�cantly reduced runtime of the entire

fusion. In addition, parallel processing of the raw data is possible, which further

decreases the runtime of the overall system.

Figure 2.9: Feature-Level-Fusion

High-level fusion architecture is the opposite of low-level fusion. Each sensor

independently performs the steps from the raw data to the tracking algorithm and

generates an object list. In the fusion module, these objects are then linked to one

of the following objects and lead to a track-to-track fusion of sensor-independent

objects. A basic fusion at this level is shown in Figure 2.10. The main advantage

of high-level fusion is the modularity and encapsulation of sensor-speci�c details.



2.3. Sensor Data Fusion 19

All sensor relevant details are kept on the sensor level so that the fusion module

can process the data abstractly. This makes the high-level fusion architecture ad-

vantageous for applications in which modularity and simplicity of design are of

primary importance.[1]

Figure 2.10: High-Level Fusion





Chapter 3

Requirements and Design

The development of Car, Bicycle and Pedestrian Detection in Adverse Weather

Conditions by using Lidar and Thermal Imaging is subject to some requirements

which will be presented in the next section. Thermal Imaging and Lidar have

different raw data, Lidar provides a high resolution 3D point cloud. Since this

work focuses on sensor domain, the complexity is reduced to a 2D projection.

3.1 Sensor Data Fusion Architecture

Sensor Data Fusion in adverse weather conditions is well studied in [23].

Figure 3.1: Sensor Data Fusion Architectures in Adverse Weather Conditions. [23]

The results shown in �gure 3.1 and present similar performance with the late

fusion having the highest mean average precision and the mid-level fusion the sec-

ond highest. With this knowledge further studies of fusion architectures are not

21
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