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Kurzfassung

Ein robustes und genaues Umgebungsmodell ermöglicht es autonomen Fahr-
zeugen sicher in der Welt zu navigieren. Ein vielversprechender Ansatz um
ein solches Modell zu erzielen, ist die Fusion von multimodalen Sensoren
wie Kamera und LIDAR. Speziell durch den Einsatz von neuronalen Net-
zen konnten hier in den letzten Jahren vielversprechende Ergebnisse erzielt
werden.

Es bestehen jedoch weiterhin Herausforderungen in der Fusion multimo-
daler Daten. Zunächst wird eine genaue Kalibrierung benötigt, um die Da-
ten in einem gemeinsamen Koordinatensystem zu beschreiben. Des Wei-
teren muss eine geeignete Repräsentation der Daten gefunden werden, die
es ermöglicht, diese zu fusionieren. Dies ist herausfordernd, da LIDAR-
Daten meist deutlich weniger dicht als die hochaufgelösten Kamerabilder
sind. Zuletzt werden große Mengen an Daten benötigt, speziell beim Ein-
satz neuronaler Netze.

In dieser Dissertation werden drei Methoden und dazugehörige Experi-
mente vorgestellt, die diese Herausforderungen adressieren. Das erste ist ein
Verfahren zur Kalibrierung von LIDAR und Kamera, welches CNNs nutzt
um alle gängigen Kalibrierschritte zu ersetzen. Experimente zeigen, dass
CNNs tatsächlich in der Lage sind, eine Transformation zwischen LIDAR
und Kamera effizient und ohne menschliche Interaktion zu schätzen. Zu-
sätzlich werden zwei Methoden zur Vervollständigung von Tiefendaten vor-
gestellt. Diese erlauben, LIDAR und Kamera Daten in einer gemeinsamen
Repräsentation zu fusionieren. Die erste Methode basiert auf einer modell-
basierten Energieminimierung und ist auch ohne Trainingsdaten generisch
einsetzbar. Die zweite Methode hingegen nutzt neuronale Netze zur Ver-
vollständigung wodurch hohe Genauigkeiten erzielt werden. Abschließend
wird ein Tiefen-Datensatz basierend auf KITTI vorgestellt. Der Datensatz
besteht aus 93.000 RGB Bildern und dazugehörigen Tiefenkarten und dient
zu Training und Evaluation von Algorithmen zur Tiefenschätzung.
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Abstract

Generating a robust and accurate environment model enables autonomous
vehicles to move safely in the world. A promising approach to achieve such
a model is to fuse multimodal sensors such as camera and laser scanner.
Thanks to the advance of neural networks, in the last few years promising
results were achieved.

However, there remain major challenges in fusing multi-modal data. First,
a convenient yet accurate calibration is required to describe the measure-
ments in a common coordinate system. Second, a well-suited representation
to fuse the data needs to be found, which is especially challenging as LIDAR
data is typically significantly sparser than high resolution camera images. Fi-
nally, a large amount of training and evaluation data is required, especially
if LIDAR and camera data are processed with deep neural networks.

In this dissertation, those challenges are addressed by proposing three
different methods, each accompanied by associated experiments. First, a
method for LIDAR-to-camera calibration is presented which is the first to
use a deep neural network to replace all common calibration steps. The con-
ducted experiments show that CNNs are indeed able to efficiently estimate
a transformation between two sensors without any human interaction. Fur-
thermore, two different depth completion approaches are presented, which
allow processing depth measurements in the same space as the RGB im-
age. Both methods perform well on various domains. The first method
is based on a model-based energy minimization and can be applied generi-
cally without the need of training data. The second approach is leveraging
neural networks for the completion and is slightly more accurate. Finally, a
large-scale depth dataset is introduced which consists of 93k RGB and depth
images and can be used to train and evaluate camera and LIDAR-based algo-
rithms. This dataset is targeted, but not restricted, to the use of deep neural
networks and is based on the well-known KITTI dataset.
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1 Introduction

This dissertation addresses open challenges in the field of autonomous driv-
ing by fusing LIDAR and camera data leveraging deep neural networks. This
chapter will first introduce the goals and motivation of this research. To that
end, we start with the history and current state of autonomous driving in
Section 1.1. We continue with an overview of sensors in autonomous vehi-
cles (Section 1.2) and discuss how to fuse sensor data in Section 1.3. More
recently, multimodal data fusion methods leveraging deep neural networks
have been proposed. An overview and discussion on them is presented in
Section 1.4. Finally, the goals of this dissertation and its outline are provided
in Section 1.5 and Section 1.6, respectively.

1.1 On The Road to Autonomous Driving

Mobility has always been an integral part of our society. Especially the
invention of the automobile in the 19th century has had a drastic impact on
the everyday life of humans. Since then cars and other vehicles have shaped
the way of transportation. Today, a significant amount of time is spent in
cars [57], making them an important space of living.

However, the increase in vehicle usage is constantly putting a burden on
our traffic infrastructure, resulting in significant road congestion and full
parking lots. Every day, road traffic accidents cause thousands of fatalities
[82] and even more injuries. And with more vehicles on the road, the impact
on the environment has increased as well. Large amounts of energy and
resources for infrastructure, production, and fueling of vehicles are required.

Motivated by this development, car manufacturers, big technological
companies and many startups compete in bringing a groundbreaking so-
lution to the market—autonomous driving.

Autonomous driving is expected to improve the quality and availability
of mobility in many aspects. It will allow to optimize the time spent in
vehicles by enabling the passenger to work, leisure or sleep. It will en-
able elderly or impaired people to be picked up directly from home and be

1



1 Introduction

Figure 1.1: A vehicle equipped with sensors for autonomous driving. Many autonomous
driving projects such as the one by the Mercedes-Benz AG and the Robert Bosch
GmbH rely on a variety of different sensors such as camera, LIDAR, RADAR and
ultrasonic. Source: Bosch Press [4]

dropped at their target. Furthermore, traffic accidents could be drastically
reduced, resulting in fewer fatalities per year. However, autonomous vehi-
cles are not only a technological improvement but can also revolutionize
mobility itself. They enable complex shared mobility services, reducing the
need of privately owned vehicles. Shared Mobility would increase the aver-
age number of passengers per car. The accompanying reduction of the total
number of vehicles on the roads could significantly relieve both the traffic
infrastructure and the environment.

In recent years, autonomous driving has been moving from the realm of
science-fiction to reality, especially due to increased processing power and
the advances in machine learning. Yet, many problems are still unsolved
and autonomous driving remains one of the most challenging technological
problems of the 21st century.

What makes the task of autonomous driving so complex? Political, le-
gal, and sociocultural acceptance require an autonomous vehicle not to be
only good, but almost perfect. Safe and accident free driving are of the
highest priority. To ensure safe and reliable maneuvering in complex traf-
fic, autonomous vehicles need to accurately perceive and understand their
environment. A multitude of static and dynamic objects have to be detected

2



1.2 The Sensors That Drive Autonomous Vehicles

Camera LIDAR RADAR Ultrasonic

Price $$ $$$$ $$$ $
Range 60-100m* < 250 m < 250 m < 6 m
Distance Accuracy + ++++ ++ +
Height Accuracy ++ ++++ - -
Angular Resolution ++++ ++ + -
Semantic Understanding ++++ +++ ++ +
Velocity Estimation ++ + ++++ +
Performance at Night ++ ++++ ++++ ++++
Performance in Rain + ++ +++ ++
* The range of camera systems strongly depends on the number of pixels per

degree and, if used in a stereo setup, from the stereo baseline. Typical ranges
are between 60 m and 100 m.

Table 1.1: Comparison of different automotive sensors. The table should only be used for
a general overview. Units such as ’$’ and ’+’ are in no means related to any real
number and should not be used to compare sensors directly (e.g. a LIDAR sensor is
not twice as expensive as a camera although it has twice as many ’$’ signs).

and interpreted in terms of their geometry, motion, semantics, and intent. A
particular challenge arises from highly dynamical situations that put strong
requirements on detection distance, accuracy, and latency. The performance
of current perception systems do not meet those requirements and hence pre-
vent today’s self-driving cars from operating in higher-speed scenarios. As
a way out, in this dissertation advanced algorithms are investigated which
are coupled with precise long range and high-resolution sensors, that are
presented in the following section.

1.2 The Sensors That Drive Autonomous Vehicles

In this section the most common sensors for autonomous driving are intro-
duced. While there are a lot of different sensors used in autonomous vehi-
cles, such as gyroscopes, Global Navigation Satellite Systems (GNSS), rain
sensors and others, this section focuses on sensors for environment percep-
tion.

A subjective summary of advantages and disadvantages is pictured in Ta-
ble 1.1. The table shows why many autonomous sensor setups rely on a
variety of complementary sensors.

3



1 Introduction

Ultrasonic sensors Providing functions for automated and assisted park-
ing, ultrasonic sensors are already an essential part of today’s vehicles. The
main advantages are relatively small costs due to available mass production
and a small form factor.

Ultrasonic sensors send acoustic wave impulses with a frequency above
the human audible frequency range at roughly 20kHz. The impulses are
then reflected by objects and received by the sensor. To produce and re-
ceive acoustic waves, piezoelectric transducers are used to convert electrical
pulses into mechanical vibrations and vice versa. The distance and direction
of objects can then be calculated by considering the speed of sound and the
delta between emission and reception of the echo.

Typical automotive ultrasonic sensors report ranges between 15 cm and
5.5 m [5]. Accuracies are typically between 20 cm and 25 cm (tangential).
The Doppler effect can have a significant impact on the detection. If the
change in frequency is too large, the transducer (which typically operates at
only one resonant frequency) will not be able to detect the returning echo.
Hence, ultrasonic sensors are mainly used in low speed scenarios and are
therefore used as a parking sensor or to ensure a safe take-off.

RADAR sensors Radio Detection and Ranging (RADAR) sensors have
been employed in operational series vehicles since 1998 [77]. The initial ap-
plication for automotive RADAR sensors was Adaptive Cruise Control (ACC),
which was then followed by numerous other driving assistance systems.
Hence, RADAR is a well studied field in the automotive area and a lot of
experience and expertise has been built up in the last two decades.

The base principle is similar to the ultrasonic sensor. Known RADAR wave-
forms are transmitted and the echo of objects is then backscattered to the
sensor. One main advantage of RADAR sensors is their capability to not only
measure distance and direction of objects but also leverage the Doppler ef-
fect to estimate their velocity.

There exist different variants of RADAR sensors. They mainly differ in
their horizontal field of view and detection range. Typically, a combination
of long, mid and short range RADARs are used in an autonomous vehicle, to
capture a full 360° surround-view.

Due to the wide beam spread of RADAR sensors, one of the main disadvan-
tages is the missing ability to accurately predict the object’s extent. Further-
more, in contrast to camera sensors, RADAR lacks to provide rich appearance
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information and with that it is a lot harder to extract semantics from RADAR
signals.

Cameras Cameras resemble best how we humans perceive the environ-
ment. They allow to capture the same dense semantic information we need
to understand and navigate in a scene. This is especially helpful in environ-
ments which are designed for visual human perception such as traffic [117,
p. 348].

Accordingly, camera systems have found a widespread use in today’s ve-
hicles for many tasks. Simple assistance functions help to extend the driver’s
view. More advanced driver assistant systems leverage cameras for lane de-
tection, traffic sign recognition as well as pedestrian and vehicle classifica-
tion [117, p. 350].

In order to understand the main advantages and disadvantages of camera
systems, it is important to first analyze the main principle of how images are
generated. The main requirement of image generation is that the observed
scene needs to be sufficiently illuminated. The light is reflected by an ob-
ject and then focused onto an image sensor by optical lens arrangements.
The camera setups used in today’s autonomous vehicles mainly differ in the
image sensors, lenses as well as in the camera arrangement.

Image sensors transform photons to electrical charge. Today, mainly
Complementary Metal-Oxide-Semiconductor (CMOS) sensors are used in ve-
hicles [117, p. 358]. Their resolution is a trade-off between cost, quality, and
pixels per degree which are needed for the desired application.

The selection of optics strongly depends on the application. Fisheye
lenses with a Field of View (FOV) of more than 180° are used for short-
range surround view applications such as parking. Front and side facing
mono and stereo camera systems typically have a much smaller FOV, often
ranging from 25° to 70°. They are mainly used for mid- and long range
object detection and tracking.

A main advantage of cameras is that they can be easily placed on all sides
of the vehicle in various configurations. An important configuration choice
is whether to use two cameras in a stereo setup. While a single camera is
not capable of retrieving the depth of a scene, stereo cameras can provide
that depth through passive triangulation. In a stereo camera system, the
scene is captured from two different perspectives, similar to the two eyes
of the human vision. Typically, the cameras’ lenses and image sensors are

5



1 Introduction

the same and the cameras are aligned so that the axes are parallel. Given
a known extrinsic and intrinsic calibration between the cameras, the depth
of the scene can be estimated by finding correlations in the left and right
image. To this end, the so-called disparity is used, which is the difference of
the coordinates of two correlated pixels. In a fronto-parallel stereo camera
system, the distance zP of a point P ∈ R3 can be computed from a given
baseline b, a focal length f in pixels and a disparity measurement d in pixels
[117, p. 365] as

zP =
b f
d

. (1.1)

The impact of a disparity error ∆d on the distance can be derived from
linear error propagation as

∆z =
δ z
δd

∆d =−∆d zP
2

b f
. (1.2)

We can see that given a constant disparity error, the absolute distance
error increases quadratically with the distance.

As an example, the stereo camera setup used to record the Cityscapes
Dataset [16] has a focal length of f ≈ 2200 p and a baseline of b ≈ 21 cm.
Assuming a disparity error of ∆d = 0.5p at an object distance of zP = 50 m
the distance error results in ∆z≈ -2.7 m.

Given its strengths, visual recognition has become an essential part of
autonomous driving. Images contain dense information about the semantics
of a scene and are therefore used to detect and classify all different kinds of
objects. Their high resolution allows for exact angular measurements, which
complements LIDAR and RADAR sensors. High resolution combined with
color recognition enables computer vision algorithms to extract semantic
information of a scene beyond any other sensor. Some abilities are unique
to cameras, such as classifying traffic light states and different lane types.

However, visual perception also has its disadvantages. Due to the mea-
surement principle, cameras are limited at night and under adverse weather
conditions. And, although stereo cameras allow estimating depth, the ac-
curacy decreases with the distance of the object, making them inferior to
RADAR and LIDAR sensors for far away objects.

Given the strength of cameras to extract rich semantic information and
measure exact angles but also its weakness to accurately estimate the dis-
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1.2 The Sensors That Drive Autonomous Vehicles

tance of objects, it could be of great advantage to combine a camera system
with an accurate depth sensor, such as a LIDAR sensor.

LIDAR sensors Like RADAR and ultrasonic, LIDAR is an active sensor.
Instead of radio or audio waves, laser pulses are used to reconstruct a 3D
model of the environment.

Like no other sensor, LIDAR scanners have defined the appearance of self-
driving cars in the last decade. Made famous by the DARPA Challenge
2007, spinning laser scanners have been deployed on most roof racks of
early self-driving car projects. The most prominent one was Velodyne’s 1

HDL-64E, which was also infamous for its large size and price of 75k USD
[38, 49].

Since the DARPA Challenge 2007, LIDAR technology has made signifi-
cant progress in size, range, resolution and cost, making it interesting to the
automotive mass-market.

The basic principle is similar in most today’s LIDAR systems. A short
laser pulse with an Infrared (IR) wavelength is emitted and reflected by a
target. The backscatter is then sensed by the receiver. The time of flight is
measured to determine the depth of the scene. Most LIDAR systems differ in
the used wavelength and the way the laser beam is directed.

Wavelengths used in automotive sensors depend on many aspects. Most
importantly, the human eye transmits certain wavelengths stronger to the
retina than others [41]. For a long time, wavelengths around 900 nm were
used. However, the transmitted energy had to be limited due to eye safety.
More recently, higher wavelengths around 1550 nm are investigated, allow-
ing to emit higher power than 900 nm LIDAR sensors. This results in higher
ranges, but at the same time they suffer more scattering from atmospheric
moisture [41].

Beam steering can be classified in two main principles: Mechanical
and solid-state. The best known mechanical system is a rotating assem-
bly of transmitter and receiver units as used in the Velodyne HDL-64E. A
more advanced solution is a MEMS LIDAR which uses an array of micro-
electromechanical mirrors. MEMS are often referred to as solid-state but still
have small moving parts. Two solutions, which do not require any moving
parts, are OPA LIDAR and Flash LIDAR systems.

1 https://www.velodyne.com
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Due to recent advances in technology, today’s LIDAR sensors have an in-
creased range, up to 250 m and an accuracy of 2 cm or better. Compared to
stereo camera setups, the accuracy is independent of range and the optical
structure of the scene. Furthermore, the vertical and horizontal resolution
has increased, although still not comparable with the resolution of cameras.

Disadvantages, which are common to all current LIDAR sensors, are a low
resolution, errors due to crosstalk and a limited performance under adverse
weather conditions. Furthermore, the intensity features of LIDAR sensors still
lack behind the semantic understanding of RGB cameras. And, although
there are some LIDAR companies, like Aeva2, which offer FMCW LIDAR tech-
nologies (also known as Doppler LIDAR), the majority of LIDAR sensors do
not provide any per point speed estimate.

1.3 Sensor Data Fusion Strategies

In the previous section, different sensors for autonomous driving were pre-
sented. We elaborated that each sensor has unique strengths and weaknesses.
Therefore, a fusion of different sensors is desired. Especially the combina-
tion of camera and LIDAR could yield an accurate depth sensor with a high
angular resolution and a rich semantic understanding.

Sensor fusion approaches can be divided in three sub-categories: object-
level, raw data and feature-level fusion [117, p. 448]. In the following the
different approaches are briefly described.

Object-level fusion Today, most available advanced driver assistant sys-
tems rely heavily on an object-level fusion. To this end, each sensor first
generates an object independent of other sensor data. The objects are then
associated and updated in the fusion step. This can reduce the complexity
on fusion side and limits the bandwidth for communication. Especially due
to the advances in deep learning in recent years, many approaches allow for
a direct 3D object representation (e.g. in form of a 3D bounding box) and
tracking from raw data. However, object-level fusion comes with a signif-
icant loss of information as raw per-sensor information is already strongly
condensed. This can be critical for detecting objects, which are hard to rec-
ognize in either of the sensors such as road hazards or far away objects.

2 http://www.aeva.ai/
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Raw data fusion In contrast to an object-level fusion, raw data fusion
approaches process the data without previously altering it. In theory, this
yields minimal loss of information resulting in a better performance in both,
reduction of false positives and detection rate. Especially hard to detect
objects can leverage from such an early fusion. However, raw sensor fusion
requires a very high bandwidth and puts a significant computational burden
on the fusion module as many data points have to be transmitted and fused
(millions in the case of image pixels).

Feature-level fusion To provide a compromise to the two previously pre-
sented fusion approaches, feature-level fusion aims to reduce the amount of
data from one sensor while still providing rich enough information for the
task at hand. This is typically done in a centralized architecture in which
each sensor provides features, which are then combined to an object in the
fusion step. Depending on the features, the amount of information to be
transferred from sensor to the fusion module can be noisy and quite large.
This results in high requirements in terms of bandwidth and computational
power. Hence, typically regularization and filtering is used to reduce the
amount of errors and overall features. However, this often discards small or
far away objects with only few measurements.

Choosing an appropriate fusion approach is a trade-off between detection
performance, redundancy, bandwidth and computational power. However,
with recent advances in network technology and processing power, the lat-
ter two have become less significant as they have been several years ago.
Looking into the future, feature-level and raw data fusion can thus have a
greater role in the development of perception algorithms for autonomous
vehicles. Especially with recent advances in fusing data with deep neural
networks, multimodal raw data fusion has significantly improved with re-
spect to accuracy and computational performance [67, 68, 119]. To this end,
this dissertation focuses on early sensor fusion approaches, combining the
strengths of LIDAR and camera sensors.

1.4 Multimodal Deep Learning

Recent developments in machine learning, and especially deep neural net-
works, led to enormous progress in several research areas. For an excellent
introduction to the topic of deep learning, refer to Goodfellow et al. [34].

9
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For some years now, deep learning has had a severe impact on image
understanding. Convolutional Neural Network (CNN)s pushed the limits of
conventional tasks such as image classification [61], optical flow [48, 76],
stereo[13, 76], object tracking [81, 114] and segmentation [72].

Motivated by the progress in the 2D image domain, many works applied
neural networks also on 3D data such as dense depth maps or sparse point
clouds [45, 88, 89].

Research in the field of autonomous driving pushed the development even
further. Datasets, such as KITTI [30], Apolloscape [46], Cityscapes [16]
and many others offer a variety of different input modalities (RGB images,
stereo, LIDAR) and desired output tasks (semantic segmentation, 2D and 3D
object detection, localization, dense depth estimation). Many of those tasks
can be solved best by leveraging the benefits of both, 2D and 3D data. There-
fore, several multimodal neural networks have been proposed recently [67,
68, 87, 126].

However, there occur several challenges in fusing 2D and 3D data with
neural networks. First, many approaches require an accurate transformation
from one sensor to the other to fuse features across modalities. But, ob-
taining such a transformation remains challenging. Second, the data repre-
sentation needed for fusing two modalities remains an open question as e.g.
RGB images are represented in a 2D grid while depth measurements are
often represented as point clouds. Third, combining sparser depth measure-
ments with dense 2D images often requires handling data entries with miss-
ing information. Typical image convolution operations are not designed for
this purpose. Finally, multimodal deep learning requires large-scale datasets.
While there are multimodal datasets available for some tasks, there are many
other tasks not covered yet such as depth estimation in real world street
scenes.

1.5 Dissertation Goals

In Section 1.1, we discussed the need for an alternative mobility solution
to address safety and sustainability issues and improve the quality and avail-
ability of rides for everyone. Autonomous driving was identified as a promis-
ing future technology which is able to tackle those issues. However, besides
recent progress, there are still many open challenges, especially with regard
to reliably sensing and understanding the surrounding environment.
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Most of today’s approaches for autonomous driving rely on various sen-
sors for environment perception. In Section 1.2 we compared their strengths
and weaknesses and concluded that one sensor alone cannot meet the high
requirements autonomous driving demands. Hence, this dissertation focuses
on a sensor fusion which can leverage the benefits of each individual sensor.
The fusion of camera and LIDAR sensors turns out to be particularly promis-
ing as both sensors have complementary strengths. Accordingly, we will
investigate fusion approaches that leverage the benefits of those two in this
dissertation. In Section 1.3 different fusion strategies were presented and
the potential of a raw data fusion was pointed out as the loss of informa-
tion is minimal. As a promising instrument for raw data fusion, deep neural
networks and their success on multimodal data processing were identified
in Section 1.4. However, open challenges of multimodal data fusion were
identified. In particular, the handling of sparse data within neural networks
and CNNs. Those challenges are addressed in this dissertation.

Convenient and accurate extrinsic calibration Multimodal fusion ap-
proaches typically combine features from different sensors and make deci-
sions based on their correlation. This requires an accurate transformation
between sensors to be able to associate features. If the sensor data is not
properly aligned, this can result in a performance decrease. Obtaining a
transformation between different sensors is referred to as extrinsic calibra-
tion and is still a challenging and often laborious task. Most available cross-
sensor multimodal calibration approaches are typically limited to provide
either a good initial calibration or a continuous online calibration. While
accurate calibration approaches often involve human interaction, artificial
calibration targets, and are computationally expensive, most online calibra-
tion algorithms require a good initial calibration in order to find matches of
handcrafted multimodal features. The question arises if an approach can be
developed which involves neither calibration targets nor human interaction,
is fast and suited for both, a good initial calibration and a continuous online
calibration.

Common representation for images and depth While there is an in-
creasing trend towards directly using point clouds as an input representation
[87–89], more commonly, depth measurements are projected onto a 2D (e.g.
an RGB image) or 3D grid prior to processing. However, in the resulting
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grid, typically only fractions of the grid cells contain depth measurements.
A prominent case is sparse LIDAR data which is projected onto a dense RGB
image. The obtained mapping is incomplete resulting in undefined corre-
lations between depth and RGB. The challenge which is addressed in this
dissertation is how to obtain accurate dense depth maps beyond simple in-
terpolation. In doing so, a 1-to-1 correspondence between RGB and depth
measurements is obtained.

Handling sparse data with CNNs As discussed in Section 1.4 multi-
modal deep learning is a promising research direction. A common approach
to combine point clouds and 2D images is to project point clouds onto high
resolution images and then use convolutional neural networks to process
both, RGB images and sparsely populated depth maps. However, the output
of a convolution is expected to have similar activations for a similar semantic
content or structure. This is not the case for random sparsity as the filter re-
sponse varies with the level of sparsity in the input and thus makes it difficult
to train CNNs in this setting. While completing the projected depth points be-
fore processing is one way to tackle this, there are several advantages to
process sparse data directly. It would get rid of the often computationally
expensive preprocessing and avoids altering the input and with that removes
a possible source of errors. Accordingly, there is a need for convolutions,
which consider the level of sparsity in the input layer.

Large-Scale Datasets Training and evaluating deep neural networks re-
quires a large amount of data. Therefore, several multimodal datasets for
autonomous driving have been published in the last few years. However,
dense depth datasets for tasks like depth completion and single image depth
prediction are either relatively small or rely on synthetic rendering. Hence,
there is a strong demand for a large-scale real world dense depth dataset.

In this dissertation those open research questions are addressed by fol-
lowing a common recipe. We scan the literature for existing solutions, iden-
tify remaining issues, and address these by investigating new approaches.
While many of the presented approaches are also applicable to other tasks,
we keep an automotive environment in mind and work towards a system that
combines the strengths of LIDAR and camera sensors.

12
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1.6 Contributions and Outline

There are four major contributions in this dissertation:

CNN for online multi sensor calibration Multimodal sensor calibra-
tions rely on distinct features which can be identified in both modalities.
For initial calibration, a structured environment containing special calibra-
tion targets is typically used. However, such an environment is time- and
cost-expensive and requires autonomous vehicles to return to the calibration
station, once the setup deviates from its initial calibration. In this work, a
CNN is presented which provides not only a good initial calibration but is
also able to update the calibration in an online case. The proposed CNN is
able to fully regress the calibration between a camera and a LIDAR sensor. In
contrast to previously proposed online calibration methods it can compen-
sate for deviations in angle and translation up to 20° and 1.5 m, respectively.

Large-scale depth dataset In the context of autonomous driving, depth
completion from sparse LIDAR data as well as single image depth prediction
are a research area with increasing importance. Most modern approaches
leverage deep neural networks for both mentioned tasks. Training and eval-
uation of those networks require a massive amount of data. However, there
are currently no large-scale datasets for dense depth prediction tasks avail-
able. To this end, a new large-scale dataset and a corresponding benchmark
is presented.

Semantically Guided Depth Completion In order to generate high res-
olution depth maps, stereo vision has been the method of choice in the au-
tomotive field for many years. LIDAR depth measurements are more accu-
rate and can provide measurements in a larger distance, but are significantly
sparser. To lift those limitations, an approach is presented which provides
both, dense and accurate depth measurements, by completing the sparse
LIDAR data under the guidance of the high resolution RGB image. To this
end, semantic information is leveraged in a novel energy formulation for
depth completion.

Sparsity Invariant Convolutions CNNs have impacted almost all areas
of 2D and 3D data processing. However, a common assumption is that the
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input to a CNN is a densely populated grid, which is the case for images. Yet,
there are several applications in which the input is sparse and irregular (e.g.
if a point cloud is projected onto an image). We will see that naively apply-
ing a standard convolution to this sparse data leads to suboptimal results and
present a simple yet effective sparse convolution.

The work that led to those contributions will be presented in four main
chapters. In this first chapter, we investigated the topic of autonomous driv-
ing and identified several open challenges for sensor fusion and multimodal
deep learning. To address these challenges, the remainder of this disserta-
tion is structured as follows. First, we start with a multimodal calibration
of LIDAR and camera sensors in Chapter 2, which is a prerequisite for a
successful sensor fusion. For the approach, we investigate the capability of
deep neural networks for sensor data registration. Second, precise dense
depth maps are calculated in Chapter 3 by leveraging the fusion of highly
accurate LIDAR data with dense semantic image information. To this end,
first a non-learned approach is investigated in Section 3.3 which formulates
depth completion as an energy minimization that considers image gradients
as well as semantic information. In the second part of the chapter a learned
approach to depth completion is demonstrated. Accordingly, we investigate
in Section 3.4 the influence of sparse measurements on CNNs and explore a
solution which considers missing information in the input. Additionally, for
training and evaluating dense depth methods, a large-scale depth dataset is
introduced in Section 3.5 accompanied by a benchmark to compare depth
completion and single image depth prediction methods. Note that both,
Chapter 2 and Chapter 3, contain a detailed overview on related work as
well as an extensive evaluation section. Finally, a conclusion of this disser-
tation, discussion and outlook on future work are given in Chapter 4.
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In order to represent data from different sensors in a common coordinate
system, a transformation from each sensor to the target coordinate system is
required. The transformation can be described by a rotation and translation
and estimating their parameters is referred to as extrinsic calibration. Esti-
mating a calibration between sensors from different modalities is especially
challenging as matching features for association need to be extracted in two
often very different modalities. This chapter presents a calibration approach
which addresses these challenges by investigating a CNN to infer a 6 Degree
of Freedom (DOF) extrinsic calibration, exemplified by a scanning LIDAR
and a monocular camera. The conventional calibration steps, such as fea-
ture extraction, feature matching and global regression are cast into a single
real-time capable CNN. The presented method does not require any human
interaction and bridges the gap between classical offline and target-less on-
line calibration approaches as it provides both, a stable initial estimation and
a continuous online correction of the extrinsic parameters. The approach
compares favorably to state-of-the-art methods in terms of calibration error,
even for large decalibrations up to 1.5 m and 20°. The main content and
structure of this chapter is based on [100].

The chapter is structured as follows. In Section 2.1 the need of an accu-
rate online and offline calibration without human interaction is motivated,
followed by an overview of the current state-of-the-art for online and of-
fline calibration in Section 2.2. The data representation and implementation
details of the neural network can be found in Section 2.3. Last, the pro-
posed method is evaluated in Section 2.4 and the results are discussed in
Section 2.5.

2.1 Introduction

Recent solutions for autonomous driving rely on a variety of optical sensors
in order to have a redundant and robust system. As already mentioned in
Chapter 1, especially the fusion of camera and depth sensors is promising
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and has therefore been studied intensively in the last few years. However,
typically the sensor data is defined in different coordinate systems. In order
to fuse the data, a transformation AT B ∈ SE(3) between the coordinate sys-
tem A of the first sensor and the coordinate system B of the second sensor
has to be defined. The transformation can be split into a rotation described
by a 3×3 matrix R ∈R3×3 and a translation described by the vector t ∈R3,
i.e.

AT B =

[
R t

0 0 0 1

]
. (2.1)

Now a point p̄A ∈R3 in homogeneous coordinates can be transformed from
sensor coordinate system A into a point p̄B ∈R3 in sensor coordinate system
B by

p̄A = AT B p̄B. (2.2)

The task of obtaining the transformation AT B is referred to as extrinsic cali-
bration and can be divided into three steps:

1. Extracting distinct features in the sensor data, e.g. corners or artificial
targets;

2. Establishing correspondences between extracted features across sen-
sors;

3. Determining R and t by solving a system of equations or by minimiz-
ing an error function, given the set of correspondences.

Especially in the case of RGB cameras and depth sensors, the extraction
of distinct features can be challenging as correspondences across different
sensor modalities have to be established. Hence, most offline calibration
approaches rely on special calibration targets which provide distinct fea-
tures in all modalities that can easily be detected and localized [31, 79, 124].
However, most of those approaches are time-consuming as human interac-
tion is required, e.g. for feature selection or performing the calibration in
a controlled environment. Accordingly, several online calibration methods
have been proposed [3, 14, 65, 83]. However, online calibration can be
particularly challenging as matching patterns have to be identified in an un-
structured environment. To this end, many approaches leverage handcrafted
features such as depth and image edges. But the descriptors of handcrafted
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Decalibrated System

Ground Truth

Proposed Method

Figure 2.1: Neural Network for calibrating LIDAR and camera. The presented approach is
able to correct even large decalibrations such as depicted in the top image. The in-
puts for the deep neural network are an RGB image and a projected depth map. The
network is able to establish correspondences between the two modalities which en-
ables it to estimate a 6 DOF extrinsic calibration. Adapted from [100].
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features are often not discriminative enough, resulting in poor feature match-
ing. Subsequently, the optimization does not lead to satisfying results. This
effect becomes particularly apparent for large initial calibration errors.

In this chapter, we investigate a different approach to target the shortcom-
ings of traditional offline and online calibration methods. In particular, we
discuss a CNN to fully regress the extrinsic calibration between sensors of
different modalities.

The proposed network is able to solve all classical calibration tasks, such
as feature extraction, feature matching, and global optimization by using
an end-to-end trained deep neural network. With the recent advances of
Graphics Processing Units (GPUs), this can be efficiently done in real-time.
As collecting ground-truth can be time-consuming, the approach avoids to
manually calibrating a huge amount of LIDAR camera pairs. This is achieved
by a simple yet effective sampling strategy, which allows to generate an in-
finite amount of training data from only one manually conducted extrinsic
calibration. After successfully training the network, no further human inter-
action is required. The approach has a particular advantage if many identi-
cal setups need to be calibrated as this is the case for large fleets of vehicles.
Requiring only one manually calibrated setup for training, the resulting net-
work can then be deployed to the remaining vehicles, where it performs an
initial calibration and can later be used to continuously monitor deviations
online. This enables sensor systems to operate longer, without the need of
returning to a controlled environment for re-calibration.

2.2 Related Work

In this section, we compare different approaches for extrinsic calibration of
a LIDAR-camera system. Extrinsic calibration can be divided in offline and
online. Offline calibration is presented in Section 2.2.1. It requires either
special targets or demands too much processing power to be computed dur-
ing the operation of the system. Online calibration on the other hand, is
performed live during operation by continuously updating the calibration.
Approaches for online calibration are investigated in Section 2.2.2. Indepen-
dent of their assignment to online or offline calibration, all methods share
the steps of feature extraction, feature matching and global optimization.
The goal of this section is to identify the differences and weaknesses of the
approaches w.r.t. those three steps.
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2.2.1 Offline Calibration

In this section different approaches for offline calibration are discussed.
In contrast to online calibration methods, they handle the registration be-
tween a camera and a depth sensor by using special calibration targets in a
controlled environment. This greatly simplifies the feature extraction and
matching part of the calibration.

Zhang et al. [125] leverage planar checkerboard targets to compute the
rotation and translation between a camera and a 2D LIDAR scanner. For
the camera part, the checkerboard corners are automatically extracted and
a plane in camera coordinates is estimated (assuming a known distance be-
tween two adjacent checkerboard corners). For the LIDAR part however, the
points on the checkerboard have to be selected manually. This omits the
feature extraction and matching step, but requires human interaction. Solv-
ing for the extrinsic calibration is a 3-step approach. First, a linear solution
determines the LIDAR sensor extrinsic parameters. They serve as an initial-
ization to the second step which considers outliers in a nonlinear optimiza-
tion. Finally, also the camera’s intrinsic parameters are refined in a global
nonlinear optimization. The approach has several drawbacks. First, feature
extraction and matching are bothersome as they require human interaction.
Second, the three-step approach is computationally expensive as it has 3
stages, involving two nonlinear optimizations.

Mirzaei et al. [79] use a similar approach for feature extraction and match-
ing but additionally optimize the intrinsic parameters of a rotating multi-
layer LIDAR. In particular, each individual LIDAR beam is calibrated intrinsi-
cally and extrinsically with respect to the camera. Considering the intrinsic
LIDAR calibration is helpful if the sensor diverged from its factory calibra-
tion. The drawbacks of the method however, are the same as the one by
Zhang et al. [125].

A further weakness of both aforementioned methods is the human inter-
action which is needed in order to move the calibration target during the
calibration process. In contrast, Geiger et al. [31] propose to determine
the intrinsic camera parameters as well as the extrinsic parameters of sen-
sors jointly with only a single image and range scan per sensor. To this
end, a calibration environment is established, containing several, carefully
placed checkerboard targets in one room. As previously, checkerboards are
used to estimate planes in the camera space. However, Geiger et al. use
an automatic segmentation step which considers point cloud normals. The
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matching between camera planes and LIDAR segments is done by randomly
selecting three planes, calculating the transformation between camera and
LIDAR and verify it by a distance measure. In the final global optimization,
gradient descent is performed on the error function which minimizes the
distance of associated LIDAR and camera checkerboard points in 3d. While
the approach does not rely on manually moving a checkerboard, it requires
a controlled environment with several calibration targets. Furthermore, the
plane segmentation in the LIDAR data can be unstable if the sensor data is
noisy.

Some calibration approaches rely on human selection instead of an au-
tomatic target extraction [108, 109]. This can be helpful if a calibration is
needed after the data recording has already been carried out or no calibra-
tion target is available. Those semi-automatic methods simplify the feature
extraction and matching step by selecting 3D and 2D shapes manually from
both sensors. The achieved results can be very accurate and can therefore be
used for a suitable initial calibration. However, the approach heavily relies
on a good human segmentation which is time-consuming.

2.2.2 Online Calibration

While providing an excellent initial calibration, offline calibration methods
are either time-consuming [79, 108, 109, 125] or require a controlled en-
vironment [31]. However, once a sensor system starts to operate, external
forces such as mechanical vibrations or temperature changes may move the
sensors from their initial position, resulting in a decreased calibration qual-
ity. The task of detecting and correcting such decalibrations is referred to
as online calibration. This section compares several recent studies on online
calibration and compares their strengths and weaknesses.

In order to align LIDAR scans to camera images several approaches ex-
tract depth and intensity edges as features and match them in a second step.
Bileschi et al. [3] project depth edges onto the RGB image and match them
by selecting the nearest neighbor. This however requires a very good previ-
ous initialization of the calibration. Similarly, Levinson et al. [65] leverage
depth and image gradients to estimate the extrinsic calibration. Instead of
just selecting the nearest neighbor for matching, they project the depth edges
onto a distance transform of the edge image. The calibration parameters are
then determined by an energy minimization which encourages strong depth
gradients to be projected close to image edges. However, the optimization
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often gets stuck in local minima and therefore also requires a good initial-
ization.

While correlations between depth and image edges are leveraged for
many tasks such as calibration and depth completion, there are weaknesses
especially at highly textured surfaces. Instead, Pandey et al. [83] leverage
laser reflectivity and camera image intensity as features for matching. The
final calibration parameters are obtained by maximizing the mutual infor-
mation between the sensor intensity measurements. While laser intensities
are dependent on object characteristics, camera image intensities can vary
due to lighting conditions. This may result in a weak performance of the
algorithm, especially noticeable if shadows are existent in the scene. Fur-
thermore, both aforementioned approaches are not able to deal with the
parallax between the two sensors. To address those shortcomings, Chien et
al. [14] propose an extrinsic calibration which is based on a LIDAR-camera
visual-odometry. For the visual-odometry they assign depth values from the
LIDAR point cloud to image feature points. They argue that false extrinsic
parameters result in wrong assignments which increases the error in the
ego-motion estimation. The calibration is obtained by optimizing the repro-
jection error. To additionally constrain the problem, they leverage image
and depth gradients as well as mutual information between intensities as
mentioned in the two previous approaches [65, 83]. This leads to stable re-
sults if the calibration is disturbed by not more than 2° and 10cm. However,
the energy minimization often gets stuck in local minima and is therefore
not able to compensate large calibration errors. Furthermore, the approach
is computationally expensive as it solves for the visual odometry and ex-
trinsic parameters iteratively, using the Levenberg-Marquardt algorithm and
gradient-descent.

2.3 Multimodal Sensor Data Registration Using CNNs

In the previous section we discussed current state-of-the-art methods for
multimodal extrinsic calibration and their shortcomings. While offline cal-
ibration methods are typically time-consuming and require a controlled en-
vironment, multimodal online calibration approaches experience difficulties
in finding correlated robust features across different modalities. In this sec-
tion we investigate an approach which is able to address those shortcomings
and can be used for offline and online calibration.
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As already described in Section 2.1, extrinsic calibration can be divided
in three major stages: feature extraction, feature matching and global opti-
mization. For feature extraction, most state-of-the-art approaches for cali-
bration use hand-crafted features like image and depth gradients or intensity
cues. More recently however, deep learning methods have proven to be
better suited for a robust generalized feature extraction. The same applies
for feature matching. Tasks involving sparse or dense matching of features,
such as stereo vision or optical flow, are now dominated by deep learning
approaches. And finally, global optimization can be computationally expen-
sive and often depends on a good set of parameters. In contrast, deep neural
networks are getting more and more efficient due to massive parallel compu-
tation and do not require manual fine-tuning of the optimization parameters.

Given the advantages of deep learning in each stage, we elaborate the
potential of deep neural networks to calibrate multimodal sensors in this
section.

Although the approach can be generalized to various combinations of mul-
timodal sensors, this thesis focuses on the registration of LIDAR and camera
sensors. Therefore, the problem is simplified to estimating the transforma-
tion matrix T ∈ SE(3) through a neural network fθ with weights θ , given
pixels I ∈ RW×H×3 of an RGB input image with height H and width W and
a LIDAR point cloud L ∈ RNp×3 consisting of Np LIDAR points as

fθ : RW×H×3×RNp×3→ R4×4

(I,L) 7→ T .
(2.3)

The remainder of this section is structured as follows. First, the input
and output data representation is described in Section 2.3.1 as this is most
crucial for the network training. Next, the design and training of the neural
network is presented in Section 2.3.2. In Section 2.3.3 we discuss how an
iterative refinement improves the calibration output. Finally, the details of
the training can be found in Section 2.3.4.

2.3.1 Data Representations

The performance of deep neural networks strongly correlates with the amount
and quality of data presented during training. In order to solve for the pa-
rameters θ of the neural network, a large set of images and corresponding
LIDAR scans accompanied by a ground truth calibration is required. In or-
der to prevent overfitting, the ground truth calibration has to differ across
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Figure 2.2: Examples of various decalibrations. The initial calibration is deviated up to
20° in rotation and up to 1.5 m in translation from the ground truth calibration.
This might result in projections of the LiDAR points where most of the points are
outside the image area. It is therefore difficult to establish correspondences with
the RGB image. Adapted from [100].

the various pairs. However, determining the ground truth for thousands of
differently arranged LiDAR-camera pairs is time-consuming and not very
effective. Therefore, the problem of extrinsic calibration is reformulated as
determining the transformation T decalib =

gtT init ∈ SE(3) between an initial
transformation T init ∈ SE(3) from camera to LIDAR coordinate system and a
ground truth transformation T gt ∈ SE(3). This allows to vary T init randomly
to get a large amount of training data.

In order to be able to establish correspondences between LIDAR and cam-
era, the LIDAR point cloud is projected onto the image. The projected pixel
positions P = {(ui,vi,1)T}Np

i ∈ R3×Np are obtained by transforming the
LIDAR points L = {(xi,yi,zi,1)T}Np

i ∈ R4×Np given the initial transforma-
tion matrix T init and an intrinsic calibration matrix K ∈ R3×4. Obtaining the
projected pixel coordinate of a single point LIDAR then leads to
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zc
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Note that in this dissertation the perspective projection model is used and
the intrinsic camera parameters of K, such as the focal length, skew and
principal point are assumed to be known. For more information on the per-
spective projection model and intrinsic calibration refer to Computer Vision:
Algorithms and Applications by R. Szeliski [106].

After projection, the inverse depth of the projected point (in camera co-
ordinates) 1

zc
is stored at each pixel position to obtain an inverse depth map

which is independent of the RGB values.
As most common LIDAR sensors have a lower resolution than modern im-

age sensors, the resulting inverse depth images are not densely populated.
To account for the sparsity, the projected LIDAR points are densified by ap-
plying max pooling on the input depth map. Furthermore, both, the inverse
depth map and the camera image are mean adjusted.

In order to reduce the amount of learned parameters, the rotational compo-
nent of the transformation T decalib can be represented by e.g. Euler angles or
quaternions, like proposed in [55]. However, both Euler angles and quater-
nions only describe rotations and so the translation parameters have to be
estimated independently. This can lead to over-adjusting a bad calibration
as often it is challenging to distinguish a rotational from a translational error.
In contrast, dual-quaternions offer a unified representation of translation and
rotation. A dual-quaternion σ is composed of two quaternions. The real part
p and the dual part q. Combining p and q with the dual number ε leads to

σ = p+ εq. (2.5)

To represent rigid rotations and translations, the dual quaternion can be
rewritten as

σ = qr + ε
1
2

qtqr, (2.6)
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2.3 Multimodal Sensor Data Registration Using CNNs

where qr is a unit quaternion describing the rotation and qt is a quaternion
describing the translation. The rotational part can be described by a rotation
of an angle φ about a unit axis n = (nx,ny,nz)

T ∈ R3, resulting in

qr = cos(
φ

2
)+ sin(

φ

2
)nxi+ sin(

φ

2
)ny j+ sin(

φ

2
)nzk. (2.7)

The translational part qt can be written as

qt = 0+ txi+ ty j+ tzk, (2.8)

where t =(tx, ty, tz)T ∈R3 is a translation vector between the origins of the
two coordinate systems. As can be seen, the dual part links rotational and
translational information, forcing the neural network to optimize for both
jointly. While qr is a unit quaternion with ‖qr‖2 = 1 and therefore limited in
its values, qt is represented by values without a specific range. This results
in an imbalance of the dual quaternions during training. To compensate this
effect, the values of the real part are multiplied by a factor f . As the real
part contains only rotational parts, this results in a weighting of the rotation
for the loss function of the CNN.

2.3.2 Network Architecture

In this section a neural network architecture is presented which is specifi-
cally designed to solve the tasks of feature extraction, feature matching, and
regression of the calibration parameters. As both inputs to the network are
regular grids, a CNN is used which can be trained end-to-end, meaning all
steps from input to output are learned. The outline of the network as well
as its embedding in the training pipeline is depicted as block diagram in
Figure 2.3.

The network is built of several Network in Network (NiN) blocks which
have been proposed by Lin et al. [69]. Such a block is composed of one
k×k convolution followed by two 1×1 convolutions. Note that more com-
plex network architectures are possible and might improve the results even
further. However, NiN blocks are easy to train and have a relatively low
inference time, which is needed for a fast online execution of the network.

Feature Extraction. In order to encourage the network to extract a rich
feature representation for each modality individually, the RGB and LiDAR
depth maps are processed separately, resulting in two parallel data network
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2.3 Multimodal Sensor Data Registration Using CNNs

streams. For the RGB part, the architecture by Lin et al. [69] is used with
the weights being initialized with their pretrained version for ImageNet [17].
The last NiN block is skipped as it is only needed for classification. In con-
trast to the RGB part, the depth stream is trained from scratch. While the
number of hidden layers is identical, the number of kernels is reduced to
enable faster convergence.

Feature Matching. After extracting features from both streams, the
network should find correspondences between the two input modalities. To
this end, the feature maps are first concatenated and then additional convolu-
tions are applied on those fused feature maps. The resulting representation
can then be used for the final global regression step. The described archi-
tecture is motivated by Dosovitskiy et al. [23] who also proposed a specific
correlation layer that performs multiplicative patch comparisons between
two feature maps. However, the reported results with and without correla-
tion layers are almost identical. Therefore, they are omitted for simplicity
in this work. Similar to the feature extraction part, the convolutions in the
matching part are realized as a stack of NiN blocks.

Global Regression. In order to obtain the deviation from the original
calibration, the joined representation needs to be gathered to obtain the fi-
nal output representation. This step can be interpreted as an information
comparison of all matched features between depth and RGB image. This
is comparable to a global optimization in classical calibration algorithms.
To realize this final step, two fully connected layers are connected in series.
Note that separating the network to handle translation and rotation in differ-
ent branches, results in worse results. A similar behavior was reported by
Kendall et al. [55].

2.3.3 Further Calibration Refinement

Guessing the calibration from a single input scan and an RGB image can be
difficult. We therefore discuss some further refinement steps in this section.

Iterative Refinement. The appearance of the projected depth map strongly
depends on the given initial calibration as depicted in Figure 2.2. Some cali-
brations result in projections with most LIDAR points outside the image area.
Accordingly, only few correspondences between the inverse depth map and
the RGB image can be established. However, although a pixel-level match-
ing might not be possible in this case, the network can still improve the
calibration by considering the position and rotation of the whole projected
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2 LIDAR Camera Calibration

(a) Initial Calibration (b) After 20°/1.5m network

(c) After 10°/1.0m network (d) After 5°/0.5m network

(e) After 2°/0.2m network (f) After 1°/0.1m network

Figure 2.4: Visualization of the iterative calibration refinement. For the iterative refine-
ment, the estimated calibration of one expert network is used to improve the pro-
jection of the depth points. The refined depth map is then forwarded to the next
network. From top left to bottom right we can see a constant improvement in each
iteration step. Adapted from [100].

scan. The transformation after calibration T̂ = T initT̂
−1
decalib can then be used

to obtain a better projection which allows establishing more correlations
between depth map and RGB image. This step can then be iterated to im-
prove the calibration. An example of an iterative refinement can be seen in
Figure 2.4.

Temporal Filtering. During the online execution of the calibration, there
might be some scenes which contain better features for calibration than oth-
ers (e.g. an urban scenario might contain more structure than a highway
scenario). This can result in noisy calibration estimations. However, often
an instant registration between the sensors is not needed. If the measure-
ments are filtered over time, e.g. by a moving average, the approach yields
more robust results. This can be leveraged especially in the context of au-
tonomous driving to either obtain a good initial calibration (where a whole
drive with all measurements can be taken into account), or to correct a cali-
bration online (which is typically done at a lower frequency).
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2.4 Experiments

2.3.4 Training Details

The implementation and training of the network was done in the Caffe li-
brary which was introduced by Jia et al. [52]. After each convolutional layer
but the last Rectified Linear Unit (RELU) is applied as activation function.
Experiments with Exponential Linear Unit (ELU) and sigmoid as activation
function did not yield improved results. As optimizer, the Adam solver [58]
performed better than Stochastic Gradient Descent (SGD). The parameters
of the solver are set to the suggested default values β1 = 0.9, β2 = 0.999
and ε = 10−8 with a fixed learning rate of α = 10−5. To infer the deviation
from the ground truth decalibration, a Euclidean loss is chosen. The net-
work is trained for three million iterations with a batch size b = 1 - a larger
batch size did not improve the results. The RGB stream is initialized by the
pretrained ImageNet weights. All other weights are initialized using Xavier
initialization [33].

2.4 Experiments

Several experiments on real sensor data are performed in order to evaluate
the presented approach. Due to focus of this thesis on autonomous driv-
ing and LIDAR camera fusion, this section evaluates only a LIDAR-camera
setup, although the network might be used on other combinations of multi-
modal sensors. Note that from earlier experiments it became clear that the
rotational components have a larger impact on the quality of the resulting
registration. On top of that, they are harder to determine by the network.
Therefore, the comparisons between different methods are mainly based on
the rotational components.

2.4.1 Dataset

For the experiments, the KITTI dataset [29] was chosen as it contains both,
a camera and LIDAR sensor. In detail, the sensor data consists of 1392×512
pixel RGB images as well as LIDAR scans from a Velodyne HDL-64E Li-
DAR scanner. Furthermore, KITTI provides enough training samples to train
the presented model and evaluate its online performance in an urban real
world environment. As ground truth calibration, the extrinsic parameters of
the dataset were calculated using the method of Geiger et al. [31]. In order
to have a huge variety of data during training, validation and testing, the raw
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2 LIDAR Camera Calibration

(a) Initial Calibration (b) Ground Truth (c) Proposed Method

Figure 2.5: Calibration results on minor decalibrations. Examples of calibration results for
an online scenario based on decalibrations up to 0.2m and 2◦, where only two
networks are executed iteratively (2°/0.2m and 1°/0.1m network). Adapted from
[100].

sequences of the KITTI dataset are leveraged. For each recording day, differ-
ent intrinsic and extrinsic calibrations were calculated. During training and
validation, only sequences of the first recording day (09/26/2011) are used.
Two challenging sequences (drive 0005 and 0070 with 574 frames in total)
are selected for validation while all other sequences are only used for train-
ing (14863 frames). At training time, the initial calibration T init is varied
randomly for each frame as described in Section 2.3.1. This yields a poten-
tially infinite amount of training data. The final evaluation (Section 2.4.4) is
executed on a separate day and sequence (09/30/2011 drive 0028 with 5177
frames) in order to have more independent test and training calibrations.

2.4.2 Decalibration Representation

In this section, three different representations of the decalibration are com-
pared: Euler angles with translation, quaternions with translation and dual
quaternions. As explained in Section 2.3.1, for dual quaternions the values
of the real part p are distributed differently in comparison to the values of the
dual part q. Therefore, a factor fdq = 100 is used to balance the loss between
real and dual part. As the real part contains only rotational components, this
has a direct influence on the quality of the rotation estimate. Using larger
values of f result in volatile translations whereas smaller values result in
worse rotation estimates.

The quaternion representation is also composed of a rotational part de-
scribed by a unit quaternion and an unbound translation. Similarly to the
dual quaternion representation, a factor fq = 100 being applied to the loss
of the quaternion components yields the best results for both rotation and
translation.
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Figure 2.6: MAE over training iteration of different rotation representations. Euler angles
are represented in red, quaternions in brown and dual quaternions in blue. Both
quaternion representations outperform the Euler angles representation. Adapted
from [100].

In Figure 2.6 the mean absolute error of the estimated rotation is plot-
ted over the number of training iterations. It is noticeable that both quater-
nion representations outperform the Euler angles. As there are only small
differences in the two quaternion variants, but a slight tendency towards
dual quaternions, the subsequent experiments are performed using only dual
quaternions.

2.4.3 Different Decalibration Ranges

During the training of the network, it is challenged to compensate for ran-
dom decalibrations in the range of [−1.5 m, 1.5 m] for translation and [−20°,
20°] for rotation. Using a Euclidean loss penalizes large deviations which
puts a strong focus on large decalibrations during training. However, for
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Figure 2.7: Calibration performance over decalibration magnitude. Analysis of the rota-
tion estimation error over the decalibration magnitude for different networks. The
networks have been trained on random initial decalibrations, varying from 0.1 m/1°
to 1.5 m/20°. It can be seen that the networks perform better on certain decalibra-
tions, depending on the range they have been trained on. Therefore, an iterative
execution of experts is proposed. Adapted from [100].

smaller decalibrations, the relative improvement is less, which is depicted
in Figure 2.7.

Another interesting finding is that the values of the filter weights that are
applied on the depth image are quite randomly arranged for the networks
which have seen larger deviations as can be seen in Figure 2.8. This indi-
cates that the larger networks mostly memorized how to translate and ro-
tate point clouds based on their overall position and alignment in the image.
However, networks which have seen smaller deviations are forced to extract
more meaningful features to be able to register depth and RGB images.

In order to compensate for this behavior, it is suggested to train several
expert networks on different decalibration ranges. As the networks are
executed one after another iteratively, the ranges are chosen based on the
worst Mean Absolute Error (MAE) of the previous network. This results in

32



2.4 Experiments

(a) 20°/1.5m network (b) 2°/20cm network

Figure 2.8: Visualization of filter values of first LIDAR layer. The two images show the
values of the first filter layer which is applied on the projected LIDAR depth image
normalized to the range [0,255]. The model handling larger deviations (left side)
seem less structured yielding the possibility that the network has mostly memo-
rized how to shift the overall point cloud without having to actually extract mean-
ingful features for matching. The kernels of the second model however show a lot
more structure, hinting at the extraction of depth edges and other features.

the following expert networks: [−x,x] / [−y,y] (translation / rotation) for
x = {1.5m,1.0m,0.5m,0.2m,0.1m} and y = {20°,10°,5°,2°,1°}.

2.4.4 Temporal Filtering

In the previous experiments, only one frame was used to determine the cal-
ibration. However, the result can be quite noisy due to missing structure,
sensor artifacts like rolling shutter or dynamic objects. In order to achieve
further improvements, the results can be analyzed over time as mentioned
in Section 2.3.3. To this end, the distribution of the results over the whole
test sequence is determined, while keeping the decalibration fixed.

Figure 2.9 depicts two examples of the distributions of the individual com-
ponents by means of box plots. Most of the estimated decalibrations T̂ decalib
are distributed well around the ground truth values. Selecting the median of
all calibration estimates over the whole sequence results in the best perfor-
mance on the validation set.
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Figure 2.9: Calibration error on test scene with 2 fixed decalibrations. Two examples of
the distribution of the calibration error for decalibrations, which are fixed over the
test sequence (5177 frames). Five networks are executed iteratively (20°/1.5m,
10°/1.0m, 5°/0.5m, 2°/0.2m and 1°/0.1m). The left side of the box plots shows
the translation error in meters. The right side shows the rotational error of yaw,
pitch and roll (Y, P, R) in degrees. Adapted from [100].

For a quantitative evaluation on the test set, decalibrations are sampled in
the range of /[−20°, 20°/] / /[−1.5 m, 1.5 m/].

To simulate a fixed calibration error, the decalibration is kept fixed for
one pass of the test set. In total 100 runs on the whole test set with differ-
ent decalibrations are performed. Both aforementioned strategies, iterative
refinement and the median over the whole sequence, are applied. The ap-
proach achieves a mean angle error of 0.28° (yaw, pitch, roll: 0.24°, 0.25°,
0.36°) and a mean translation error of 6cm (x, y, z: 7cm, 7cm, 4cm). The
results of the approach are visualized in Figure 2.1 and Figure 2.10. It can
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Initial Calibration Ground Truth (crop) Proposed Method (crop)

Figure 2.10: Result of iterative single shot calibration. Five networks, trained on different
decalibration ranges (20°/1.5m, 10°/1.0m, 5°/0.5m, 2°/0.2m and 1°/0.1m), are
executed iteratively. Although the initial calibration is bad, the proposed method
delivers accurate results. Adapted from [100].

be seen that the calibration approach can handle even large deviations from
the actual ground truth.

2.5 Discussion

In this chapter a novel approach for extrinsic calibration of multimodal sen-
sors based on a deep convolutional neural network was presented. Com-
pared to existing approaches, a deep neural network replaces all conven-
tional calibration steps (feature extraction, feature matching and global re-
gression) and infers the 6 degrees of freedom of the calibration directly. In
order to iteratively refine the calibration output, several expert networks are
trained on different deviations from the ground truth calibration.

The presented approach can be used to handle different calibration tasks:
on the one hand, a post-drive target-less calibration can be applied to obtain
a calibration from scratch, where the only human interaction is to assure an
initial calibration within 1.5m for translation and 20° for rotation. This of-
fline calibration is performed by using temporal information over the whole
drive to reduce noise and reject outliers. On the other hand, the approach
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is well-suited for online calibration by correcting small deviations in real-
time. The process can be made more robust by applying a moving average
or sliding window filter to smooth the calibration.

The calibration from scratch yields a mean calibration error of 6cm for
translation and 0.28° for rotation with decalibration magnitudes of up to
1.5m and 20°. This competes with state-of-the-art online and offline meth-
ods.
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In this chapter the topic of depth completion is addressed, where sparse
data with depth information is projected on the high resolution 2D image
plane. Depth completion is a challenging problem, as there are only few
pixels with valid information and reconstructing the missing values requires
to either incorporate strong prior knowledge, or to interpret the additional
information present in the according color image.

In order to address this challenge, we discuss two different approaches
and further introduce a large-scale dataset and benchmark to allow training,
evaluation and comparison of depth completion methods. The first approach,
Semantically Guided Depth Completion (SGDC), is based on the work of
Schneider et al. [101] in which the first two authors, Nick Schneider (the
author of this dissertation) and Lukas Schneider, agreed to share the contri-
butions equally.

The second approach, Sparsity Invariant CNNs (SICNN) and the large-
scale depth dataset are based on the work of Uhrig et al. [111], whose con-
tributions are equally shared between the first two authors, Nick Schneider
(the author of this dissertation) and Jonas Uhrig.

The remainder of this chapter is structured as follows. In Section 3.1
the problem of depth completion is introduced, followed by an analysis of
current state-of-the-art methods in Section 3.2. We will see that current
methods have several shortcomings which is why two separate methods
for depth completion are presented. The first is the aforementioned image-
guided depth completion, which is described in Section 3.3. The second is
the learned approach, which is presented in Section 3.4. For training and
evaluation, a new dataset is developed in Section 3.5. Finally, both methods
are evaluated in Section 3.6, followed by a discussion in Section 3.7.

3.1 Introduction

High resolution dense depth maps are used in many computer vision applica-
tions such as 3D reconstruction [1], scene flow computation [78] as well as
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Figure 3.1: Visualization of the task of Depth Completion. Depth completion is the task of
obtaining per pixel depth information (right) from sparse input (left). In this view
the projected LIDAR points are dilated for illustration. Typically, the projected
depth points contain only a fraction of the displayed points. Adapted from [111].

object detection [54] and tracking [107]. In order to obtain per pixel depth
estimates, stereo vision has been the method of choice for a long time. How-
ever, classic stereo algorithms suffer from high computational complexity
and, although there have been many advances thanks to deep learning in
recent years, the accuracy of stereo methods is still bound by the image
resolution and the focal length. More recently, Light Detection and Rang-
ing (LIDAR) sensors have become increasingly popular in many applications
due to their superior range accuracy and constant improvements in size and
cost. However, the resolution is typically very limited and does not com-
pare with the density of images. For indoor range sensing on the other hand,
compact and inexpensive Time of Flight (ToF) cameras have become state-
of-the-art as they provide per pixel depth information at high frame rates.
Yet, the depth measurements suffer from acquisition noise as the illumina-
tion energy is limited. Moreover, the resolution is still not comparable to
conventional RGB camera systems.

The task of obtaining dense depth maps from accurate low-resolution
depth data, is referred to as depth completion and is illustrated in Figure 3.1.
Many approaches use a high resolution RGB image to guide the completion
process, yielding significant improvements, c.f. [26, 53, 71, 73]. Key as-
sumption of most approaches is a correlation between intensity edges and
depth boundaries of the projected point clouds. While leveraging this cor-
relation improves the depth completion accuracy, there are two typical fail-
ure cases. First, highly textured surfaces are often misinterpreted as depth
discontinuities and second, weak gradients at actual depth boundaries are
ignored.
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To this end, Section 3.3 proposes to guide the depth completion process
not only by image edges but also by a pixel wise semantic segmentation
image. This introduces a new constraint which encourages depth bound-
aries at object boundaries rather than at plain intensity edges. The presented
approach incorporates both, image gradients and object boundaries, in an
energy minimization which optimizes local planes. While the object bound-
aries improve the result, the method can also be used without the semantic
part and does thus not rely on massive data for training or fine-tuning.

However, the approach also comes with some disadvantages. First, the
energy minimization requires many parameters which have to be tuned man-
ually and vary with the resolution of the inputs. Second, the semantic seg-
mentation and edge detection are not specifically designed to guide the depth
completion process and thus, some important depth discontinuities are still
not modeled.

In recent years, more and more large datasets have become available, en-
abling machine learning methods, and especially Convolutional Neural Net-
works, to impact almost all areas in computer vision. CNNs are able to learn
various complex tasks and have surpassed most of the classical computer
vision algorithms in terms of speed and accuracy.

Considering depth completion as a learning task, CNNs can be directly ap-
plied to transform sparse point clouds into dense depth maps. This allows to
learn the completion end-to-end without the need of modeling the individual
steps as described in Section 3.3. However, CNNs are typically applied on
dense regular grids and not on randomly sparse inputs. Thus, Section 3.4
considers the problem of learning convolutions which are invariant to spar-
sity in the input.

Although depth completion has been an active area of research in the past,
there have not been many datasets for training and evaluation. Most of the
approaches were therefore evaluated on the Middlebury dataset [98] which
provides accurate high resolution depth images. However, the dataset was
never designed for the task of depth completion and thus, the dense depth
maps are typically sampled randomly to obtain sparse depth. This does not
reflect the characteristics of an actual sparse depth sensor, neither in terms
of noise nor in terms of data distribution. Furthermore, it contains only few
images and is therefore not suited to train data intensive machine learning
models such as deep neural networks. In order to circumvent the shortcom-
ings of Middlebury, many learned depth completion approaches leverage
artificial datasets such as Sintel [6] or Synthia [95]. While providing many
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dense depth maps, the datasets do not contain data from an artificial LIDAR
or ToF sensor. Furthermore, translating from synthetic to real world scenar-
ios is still an open challenge as the level of realism is often not sufficient. To
this end, a real world dataset is presented in Section 3.5, consisting of 93k
semi-dense depth annotated images. The RGB images are accompanied by
raw LIDAR scans which can serve as input for training and evaluating depth
completion approaches.

3.2 Related Work

Completion of sparse information with or without the help of guidance data
is an active area in optical flow, stereo, and Time of Flight (ToF) research.
We discuss three different lines of related work. First, non-guided depth
completion approaches are discussed in Section 3.2.1. Second, methods
which leverage guidance by a high resolution RGB image are presented in
Section 3.2.1. And last, learned depth completion are handled separately in
Section 3.2.3 due to their increasing importance in the last few years.

3.2.1 Non-Guided Depth Completion

The task of depth completion is to assign a value to locations where no depth
information is present. Non-guided approaches consider only the sparse
depth information to estimate the missing values. This section gives a short
overview on those approaches.

A straight-forward solution for non-guided depth completion is nearest
neighbor interpolation, where to each location, the value of the closest lo-
cation with a valid value is assigned. Instead of simply assigning existing
values to missing locations, there exist several model-based interpolation
strategies, such as linear interpolation, cubic interpolation or spline inter-
polation. They allow for a more smooth interpolation, but fail if there are
depth gaps in the actual scene. More advanced early approaches have lever-
aged repetitive structures to identify similar patches across different scales
in 2D [32, 74] and 3D [44]. However, they assume that the data is located
on a regular grid and therefore cannot be applied for completing sparse and
irregularly distributed 3D laser scan data as considered in this thesis.
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3.2.2 Guided Depth Completion

In contrast to the non-guided approaches, there are several methods which
leverage additional data to guide the depth completion, such as high resolu-
tion RGB images.

The underlying assumption is that the target domain shares commonali-
ties with the guidance data, e.g. that image edges align with depth disconti-
nuities.

A popular choice for guided depth completion is Bilateral Filtering [8,
20, 53, 71, 110, 123]. In general, it describes a mapping of an input image
P = {p j}

Np
j ∈ R with Np pixel to a target image Q = {qi}

Np
i ∈ R, which

involves a guidance image I ∈ RNp . For the case of depth completion, P
is an image with sparse measurements. The filtered output of Q at pixel
position i can then be described as a weighted average

qi = ∑
j

wi j(I)p j, (3.1)

with wi j being a weight function of the guidance image I at pixels i, j
which is independent of p. The classical bilateral filter [110] considers the
Euclidean distance between two pixels

∥∥xi− x j
∥∥

2 as well as their absolute
intensity difference

∣∣Ii− I j
∣∣. Typically, this is combined with a Gaussian

kernel, resulting in

W b f
i j =

1
Ki

e
−

(‖xi−x j‖2
)2

2σ2
s e

−
(|Ii−I j|)2

2σ2r , (3.2)

where Ki is a normalizing parameter and σs and σr adjust the spatial and
intensity similarity, respectively. While the original bilateral filter assumes
that p and I relate to the same source image, Petschnigg et al. [86] introduce
Joint Bilateral Filtering, where I is a separate guidance image which con-
tains more detailed information than p. Next to the work of Tomasi [110]
and Petschnigg [86] more advanced bilateral filtering versions exist, extend-
ing the formulation of wi j. He et al. [39] assume a local linear model be-
tween the guidance image I and the filter output q, dropping the spatial
correlation between the pixels. Liu et al. [71] define the weight function by
geodesic distances which improves the depth completion especially at fine
scene details. All aforementioned approaches have a limited receptive field
which is bound by the kernel size. Therefore, they fail to reconstruct larger
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gaps in the input data. To this end, Barron et al. [2] propose the Fast Bilat-
eral Solver, which considers depth completion as an optimization problem
in the bilateral grid. The grid is a remapping of the original pixels based
on their color value and location. The solver iteratively refines the depth
map, which allows handling very sparse input data. While the solver pro-
duces good results, it requires careful parameter tuning in order to achieve a
meaningful mapping in the bilateral grid. Typical errors are that pixels with
similar colors are assigned a similar depth value across the image.

Besides filter-based methods, there are many approaches which rely on a
pre-segmentation of the RGB image via superpixels, combined with a post-
processing which smooths adjacent segmentation regions. Lu et al. [73] seg-
ment the image using a graph-based algorithm. In a post-processing step,
smoothing operations are performed on each segment. Matsuo et al. [75]
interpret superpixels as tangent planes, which avoids typical surface flatten-
ing artifacts of filter-based methods. Both methods rely on a good initial
superpixel segmentation, which is independent of the sparse depth values.
This often results in depth map errors, especially at fine structures.

More complex approaches are based on a global energy minimization [18,
26, 84, 92]. Diebel et al. [18] use a Markov Random Field (MRF) with the
sparse depth measurements as data term and exploit features of the high res-
olution image in the smoothness term. Park et al. [84] incorporate multi-cue
neighborhood weighting and non-local means regularization into an MRF in
order to preserve fine local details. Ferstl et al. [26] formulate a convex op-
timization problem which leverages an anisotropic diffusion tensor to han-
dle fine structures. Furthermore, they include a regularization term which
encourages piecewise affine solutions. In general, all global minimization
approaches produce smooth results and some are also able to handle fine
structures. However, the optimizations are computationally expensive and
require many parameters.

3.2.3 Deep Learning for Depth Completion

The approaches presented in the previous section rely on the pure intensity
and color information of the guidance image. By additionally considering
the context of the sparse depth data itself or the semantics of the guidance
image, the accuracy could be further enhanced. However, extracting this
kind of information requires powerful algorithms. Hence, in this section we
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discuss solutions which leverage the capabilities of deep learning to address
the depth completion problem.

Deep Learning Methods for Depth Completion In the past few years,
traditional techniques for depth and image superresolution have been sur-
passed by deep-learning-based methods in terms of accuracy and efficiency
[21, 22, 56, 93, 122]. Some approaches exploit end-to-end models for depth
completion with the help of a high resolution guidance image [47, 104].
However, the aforementioned methods assume that the input data is located
on a regular grid and therefore cannot be applied to less structured depth
data e.g. from a LIDAR sensor.

More recently, after publishing the depth benchmark presented in this
dissertation, several methods for completing projected LIDAR point clouds
were proposed [10–12, 90, 112, 120]. Their results exceed previous non-
learned methods by a large margin. However, none of the aforementioned
methods consider that the data, the CNNs operate on is randomly sparse. In
fact, only few methods considered varying sparsity in the input. In contrast,
the sparse convolution module presented in this dissertation is invariant to
the level of sparsity in the input.

CNNs with Sparse Inputs Most naïve approaches handle sparsity in the
input by either zeroing the invalid values by providing an additional mask to
the network which encodes the validity of each pixel. For object detection,
Chen et al. [9] and Li et al. [66] project depth from a LIDAR scanner onto
a low resolution image, zero the missing values and run a standard CNN
on this input. Zweig et al. [128] and Köhler et al. [60] pass an additional
binary validity mask to the network to solve the tasks of optical flow inter-
polation and inpainting respectively. In Section 3.6.2 we will see that both
strategies are suboptimal compared to explicitly considering sparsity inside
the convolution layers.

Jampani et al. [51] formulate bilateral filters as layers which are incor-
porated into a CNN. Accordingly, they are able to learn the parameters of
the corresponding permutohedral convolution kernel. The layer can handle
sparse irregular inputs but requires guidance information to construct an ef-
fective permutohedral representation and is computationally expensive for
large grids. Compared to their approach the sparse convolutional layers pre-
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sented in Section 3.4 yield significantly better results for depth completion
while being more efficient.

Additionally, Graham [35, 36] and Riegler et al. [94] consider sparse 3D
inputs to improve computational efficiency and memory demands by par-
titioning the space according to the input. However, they employ regular
convolution layers which suffer from the same drawbacks as the naïve ap-
proach described above.

Sparsity in CNNs Several works [27, 37, 70, 85, 116] consider sparsity
within convolutional neural networks. Liu et al. [70] show how to reduce
parameter redundancy by using a sparse decomposition. This eliminates
more than 90% of the parameters while reducing the accuracy by less than
1%. Wen et al. [116] propose a regularization of filters, channels and layer
depth to learn a structured sparsity which is hardware-friendly. They report
speed-up factors of 3 to 5 w.r.t. regular CNNs. While these works focus on
improving efficiency of neural networks by exploiting sparsity within the
network, they do not consider the problem of sparse inputs. A combination
of the two lines of work will be an interesting direction for future research.

Invariant Representations Learning models which are robust to varia-
tions is a repeatedly occurring issue in computer vision. A straight-forward
solution to handle variations in the input data is augmentation [61, 63, 102].
More recently, geometric invariance such as rotation or perspective transfor-
mation has been incorporated directly into the filters of CNNs [15, 42, 50,
118, 127]. In section Section 3.4 the problem of learning representations in-
variant to the level of sparsity are considered. This allows to vary the density
of the input point clouds which is necessary if training and execution of the
network are performed on sensors with different resolutions.

3.3 Semantically Guided Depth Completion

In this section, an image guided sparse depth completion approach is pre-
sented. The completion task is formulated as a global energy minimization
problem, which is guided by a geodesic distance that considers both object-
based edge information and pixel-wise semantic class labels. The geodesic
distance establishes meaningful relations between pixels with and without
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Figure 3.2: Semantically guided depth completion. Example output of the Semantically
Guided Depth Completion (SGDC) approach. The result is smooth and accurate,
while fine structures, e.g. the pole and the sign, are preserved. Adapted from [101].

sparse depth measurements. In order to be computationally efficient, the ob-
served scene structure is modeled as a set of locally planar elements which
allows for an efficient yet accurate approximation of the energy minimiza-
tion problem. A thorough evaluation on several public datasets with differ-
ent types of depth data demonstrates the benefits of the approach, particu-
larly in terms of efficiently computing globally consistent solutions while
preserving fine structures and sharp depth boundaries.

The remainder of this section is structured as follows. First, the depth opti-
mization problem is described in Section 3.3.1. In order to acquire meaning-
ful context for each pixel, a gradient and semantic aware geodesic distance is
derived in Section 3.3.2. Next, the geodesic distance is approximated in Sec-
tion 3.3.3, dropping most of the free parameters of the energy function. This
then allows for an efficient optimization which is presented in Section 3.3.4.
Finally, experiments and ablation studies are discussed in Section 3.6.1.

3.3.1 Optimization Problem

Image-based depth completion aims at estimating a depth value for each
pixel in a high resolution image, while measurements are only available for
a subset of these pixels. The challenge of computing an accurate depth map
is to consider piecewise smooth surfaces while retaining fine detailed struc-
tures. A common strategy is to model the surface by a set of planes which
are constrained by their relationship. By enforcing local smoothness but still
allowing depth gaps between adjacent planes, both piecewise consistent sur-
faces and detailed structures can be accurately modeled. SGDC therefore uses
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a plane formulation to solve the task of depth completion. This transfers the
problem from estimating a per pixel depth to estimating per pixel plane pa-
rameters. Finding the best set of plane parameters is a major challenge as
it requires to consider many inputs such as sparse depth measurements and
dense RGB appearance features. At the same time, the parameters need to
be constrained to encourage smooth surfaces. To this end SGDC treats depth
completion as an energy minimization problem.

The energy formulation consists of three parts. First, a unary term which
encourages the planes to align with an existing depth measurement, if avail-
able. Second, a pairwise term which penalizes inconsistencies to neighbor-
ing planes. And third, an additional term that considers the probability of
existing measurements being outliers.

To describe the energy formulation in detail, first, a sparsely populated
depth map with pixels i ∈ I is considered. In order to estimate the inverse
depth 1

z for each pixel in the dense target depth map, plane parameters θi ∈
θ representing plane normals are assigned to each pixel i. The function
θi(i) evaluates to the inverse depth given the plane parameters θi at pixel
i via θi · [ui,vi,1]T . To solve for the plane parameters, an energy function
E(θ ,o,c,z) is formulated, where o are outlier flags, c are coplanarity flags
and z are sparse depth measurements. Additionally, M denotes the set of
all pixels to which a depth measurement zi is assigned. This results in the
following energy function:

E(θ ,o,c,z) =∑
i∈I

Euna(θi(i),oi,zi)+

∑
i, j∈I

wi, j ·Epair(θi(i),θ j(i),ci, j)+

∑
i∈I

Eo(oi),

(3.3)

where wi, j are pairwise weights between any two pixels i and j which con-
sider relationships, e.g. given by the RGB guidance image. In the following,
the individual energy formulations are explained in detail.

Unary Term The unary term enforces consistency to an existing sparse
depth measurement. However, in most cases, no measurement is available
and so the unary term is discarded. Additionally, if the measurement has
been flagged as an outlier, the unary term is also discarded. This leads to the
following formulation of the unary term:

46



3.3 Semantically Guided Depth Completion

Euna(θi(i),oi,zi) = wuna ·


(

θi(i)− 1
zi

)2
, if i ∈M ∧oi = 0

0 , otherwise.
(3.4)

Pairwise Term The pairwise term encourages coplanarity by penalizing
the L2 distance of the inverse depth at pixel i evaluated by the two different
plane functions θi(i) and θ j(i) via

Epair(θi(i),θ j(i),ci, j) = wc ·

{
(θi(i)−θ j(i))

2 , if ci, j = 1
λc , otherwise,

(3.5)

with a constant penalty λc for non-consistent planes (ci, j = 0). By definition,
the coplanarity flag is optimized to 1 if (θi(i)−θ j(i))

2 is smaller than a
predefined parameter. The choice of this parameter is critical to allow depth
discontinuities but at the same time encourage smoothness. Furthermore,
it is worth noting that with this formulation only, the energy minimization
does not consider texture or semantics provided by the high resolution RGB
image. This will be considered in the next section.

Outlier Term Finally, the outlier term sets a constant penalty λo ∈ R if a
measurement is set to be an outlier oi = 1 as

Eo(oi) =

{
λo , if i ∈M ∧oi = 1
0 ,otherwise.

(3.6)

As the unary term considers the distance from plane to measurement only
if oi = 0, the two energy functions Euna() and Eo() are involved in optimiz-
ing for o. The choice of λo and the unary weight wuna balance how far a
measurement zi can diverge from θi(i) until it is cheaper to set oi = 1.

3.3.2 Geodesic Distance

The key challenge of the proposed approach is to model the influence of
neighboring pixels onto the currently considered pixel. In Equation (3.5)
only coplanarity is regarded, discarding any other information such as edges
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or semantics given by the high-resolution RGB image. To better model
the relationship between pixels, wi, j was defined in Equation (3.3). If the
pairwise weight is set to 1 the coplanarity term is influencing the energy
function at its maximum, while setting the weight to zero diminishes its
influence. Weighing pixels based on a certain distance measure Di, j is a
common computer vision task and there exist many approaches. We already
explored bilateral filtering in Section 3.2. It considers pixel distances in the
image space as well as intensity measurements for the pairwise weight. Bi-
lateral filtering is great in smoothing larger homogeneous areas with only
few artifacts as well as in separating data which have a significant different
appearance in the guidance image. However, one of the key issues of bilat-
eral filtering is that the influence of another pixel gets small if the pixel is
very far away in the image space. This is especially critical, if only very few
valid measurements are available. Additionally, there can also be negative
influences of nearby pixels which are similar in appearance but resemble a
different object with another depth. In order to address these shortcomings
a new distance measure needs to be defined which, in addition to appear-
ance, also considers the object semantics. With the goal to preserve depth
discontinuities and tiny structures, an edge- and semantics-aware geodesic
distance is introduced to guide the depth completion even if only few depth
measurements are available. Geodesic distances are typically used in ge-
ometry and define the shortest path from one point to another on a surface.
More general, the geodesic distance can also be described as a path π which
accumulates minimal costs. Applied to the image space, we can interpret
the geodesic distance as the path with minimal costs from pixel i to pixel
j. Defining a good cost term is critical to guide the depth completion. Intu-
itively, a path should have higher costs if it crosses either an object border
or if it is further away in the image space. Therefore, a good choice is to
consider edge costs cE (π) and semantic costs cS (π) to describe an object
border as well as costs cT (π) which penalize the length Nπ of a considered
path in the image space:

Dg (i, j) = min
π

wE ∗ cE (π)+wS ∗ cS (π)+wT ∗ cT (π)

wE +wS +wT
+ ε . (3.7)

A small value ε is added to avoid Dg (i, j) becoming zero. In the following,
the different cost terms are described in detail: The edge cost term cE (π) ∈
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[0,1] accumulates high costs if the path traverses pixels which have a strong
gradient in the absolute gradient image G ∈ [0,1]:

cE (π) =
1

Nπ
∑
k∈π

G(k). (3.8)

The semantic cost term cS (π) ∈ [0,1] increases if semantically different
pixels are traversed. In order to determine a pixel’s semantic the pseudo
probabilities of a high resolution semantic segmentation are used [72]. Con-
sidering a specific label l ∈ L, high semantic costs cS (π) are collected if the
pseudo probability for this class at pixel k p(l,k) is small. Therefore, finding
the label with maximal probability for a given path results in the lowest cost.
This can be written as

cS (π) = 1−max
l

∏
k∈π

p(l,k). (3.9)

The traverse cost term cT (π) ∈ [0,1] simply considers the amount of pix-
els Nπ traversed

cT (π) =
1

Nπ
∑
k∈π

1. (3.10)

As the individual cost terms range between [0,1] it follows that Dg (i, j)∈
(0,1] This leads to

Dg (i, j) ∈ (0,1]⇒ wi, j =−log(Dg (i, j)) ∈ R+, (3.11)

resulting in larger weights for small geodesic distances.

3.3.3 Approximation: From Pixel to Planes

Optimizing the energy function, which considers unary and pairwise terms
for each pixel, is computationally inefficient. Therefore, Revaud et al. [91]
propose an approximation D̂g (i, j) of the geodesic distance described in
Equation (3.7). It allows to compute all pixel distances more efficiently
and with that simplifies the energy function significantly. To this end, for
each pixel i the nearest pixel with a valid measurement (measurement pixel)
ni ∈M is determined, by calculating the geodesic distance Dg to it. Note
that this requires far fewer computations than calculating the distance to all
available pixels, especially if the amount of pixels with valid measurements
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is low as in the case of depth completion of sparse LIDAR point clouds. By
assigning each pixel to the closest measurement pixel, we receive Voronoi
cells Vi with measurement pixels as seeds. This is depicted in Figure 3.3.
The Voronoi cells enable several approximation steps which will simplify
the computation without sacrificing too much accuracy. The first approxima-
tion step is to constrain the path from pixel i to pixel j such that it traverses
the seeds of the Voronoi cells. This allows to split the distance function in
three parts, resulting in

D̂g (i, j) = Dg (i,ni)+Dg
g (ni,n j)+Dg ( j,n j) . (3.12)

In the first part the distance from pixel i to its Voronoi seed ni is denoted
as Dg (i,ni). The second part defines the geodesic distance from the closest
Voronoi seed of pixel i to the closest Voronoi seed of pixel j, denoted as
Dg

g (ni,n j). This can still be computationally expensive, which is why it
is further restricted to only traverse through a distance graph constructed
of only measurement pixels. The graph-based distance Dg

g (ni,n j) between
measurement ni and measurement n j can be efficiently computed using the
Dijkstra algorithm. For more details, consult the work of Revaud et al. [91].
The last part of D̂g (i, j) describes the geodesic distance of the pixel j to its
corresponding Voronoi seed n j.

The distances to the closest measurement pixels Dg (i,ni) and Dg ( j,n j)
are typically small (assuming a reasonable number of measurements). Thus,
the sum of Dg (i,ni) and Dg ( j,n j) can be further approximated by a very
small constant ε , leading to

D̂g (i, j)≈ Dg
g (ni,n j)+ ε . (3.13)

One of the main advantages of the proposed approximation is a significant
reduction of parameters which need to be optimized.

Considering two pixels i, j of the same cell Vk, after the approximation,
the geodesic distance between those pixels simplifies to

D̂g (i, j) = ε . (3.14)

From ε→ 0 results D̂g (i, j)→ 0 and thus the negative logarithm in Equa-
tion (3.11) causes large pairwise weights wi, j → ∞. From Equation (3.3)
we can now directly observe that all weights between pixels of the same
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Figure 3.3: Semantic aware geodesic distance. Given an input image the pixel-wise edge
costs and semantics are calculated. The edge and semantic cues are combined
to calculate a geodesic distance between each pixel. The approximation in Sec-
tion 3.3.3 assigns to their geodesic closest measurement resulting in Voronoi cells.
The geodesic distance is then used to determine a graph that connects semantically
related measurements (the yellow line on the right image shows the 20 closest
measurements to the measurement selected in green). Adapted from [101].

cell wi, j with i, j ∈ V j cause the energy function E(θ ,o,c,z) to be extremely
large if the corresponding pairwise energy Epair(θi(i),θ j(i),ci, j) does not
approach 0. Hence, the solution of the energy function forces θi(i) = θ j(i)
if ε → 0. Since this observation holds for all pairs of pixels in a cell, the
plane parameters θi and θ j have to be identical and can thus be summarized
by θni .

Regarding two different cells with corresponding measurement pixels n,m
and picking any pair of pixels i, j from those, each of the pairwise weights
can be replaced by wn,m. We can thus reorder the summation and write

∑
i, j∈I

wi, j ·Epair(θi(i),θ j(i),ci, j) =

∑
n,m∈M

wn,m · ∑
p∈Vn

Epair(θn(p),θm(p),cn,m).
(3.15)

Also, the unary and outlier terms can be simplified as they evaluate to
zero at pixels without valid measurements, leading to

∑
i∈I

Euna(θi(i),oi,zi) = ∑
n∈M

Euna(θn(n),on,zn) (3.16)

and

∑
i∈I

Eo(oi) = ∑
n∈M

Eo(on). (3.17)

Note that instead of summing the energies over all pixels of the image
i ∈ I, only the energies at pixels which valid measurements n ∈M are con-
sidered.
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Figure 3.4: Approximation from pixels to planes. Instead of optimizing over all pixels,
which is computationally intractable, the approximation in Section 3.3.3 leads to
the displayed geodesic Voronoi cells. Pixels within this cell share the same plane
parameters. Adapted from [101].

Combining Equations (3.15) to (3.17), the overall energy function results
in

E(θ ,o,c,z) =

∑
n∈M

Euna(θn(n),on,zx)+

∑
n,m∈M

wn,m · ∑
p∈Vn

Epair(θn(p),θm(p),cn,m)+

∑
n∈M

Eo(on).

(3.18)

Regarding Equation (3.18) it becomes apparent that the energy function
is now defined over |M | cells instead of over all pixels. This reduces the
number of free parameters in the optimization significantly.

Figure 3.4 shows a visual representation of the approximation. As the
pixels within a cell share the same plane parameters, they can be grouped to
superpixels. Those superpixels are then treated as plane patches which are
encouraged to be coplanar if no depth jump or outlier was detected.

To further reduce computational complexity, in practice, pairwise costs
are only calculated for the N closest cells. Additionally, only cells with
maximal distance D̂g < Dmax are considered. All other pairwise weights are
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set to wn,m = 0. This leads to a consistent set of cells which allows for an
efficient, robust yet accurate depth optimization.

3.3.4 Solving the Optimization Problem

While the previously presented approximation of the energy in Equation (3.18)
allows for a more efficient optimization, solving the optimization problem
still remains difficult, as it contains a large set of discrete and continuous
variables. A similar problem was present in the work of Yamaguchi et
al. [121], in which they optimized superpixel planes for stereo estimation by
iteratively optimizing coplanarity, hinge and occlusion flags as well as plane
parameters one after another. By adapting their approach to the optimization
problem at hand, this allows solving for all variables effectively by gradually
refining them with each iteration. One iteration in the optimization consists
of two steps which are consecutively executed.

Due to the convexity of the energy in θ , one plane parameter can be ef-
ficiently solved in closed form, assuming the rest of the discrete variables
(coplanarity flags c and outlier flags o) and other plane parameters are fixed.
Thus, in the first step, all other parameters are fixed and θ are optimized
in parallel for all planes. By using polynomial coefficients to evaluate the
unary and pairwise potentials, this can be done in constant time. Second,
the discrete outlier and coplanarity flags are optimized in parallel. Both
steps are iteratively applied to continuously improve the depth estimation.
Note that there is no guarantee for the energy to decrease in each iteration.
However, later experiments show that the measured depth error decreases
consistently with an increasing number of iterations, c.f. Section 3.6.1.

An iterative optimization scheme typically requires a good initialization.
Yet, throughout most of the later experiments, only a simple initialization is
applied by setting oi = 0,ci, j = 1 and θi = [0,0,zi]. With enough iterations,
the optimization still converges to satisfying results. However, computation
time can be especially critical for some applications, such as autonomous
driving. Therefore, a second initialization is used if label input is avail-
able. Cells dominantly consisting of pixels belonging to the ground class
(e.g. road, sidewalk, grass) are initialized with upright normals. Cells con-
taining objects (e.g. cars, pedestrians, walls, buildings) are initialized with
normals parallel to the principal axis. Given this initialization, the number
of iterations needed for convergence decreases significantly.
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(a) Input (visually enhanced) (b) Ground truth

(c) Standard CNN (d) SICNN

Figure 3.5: Depth Map Completion with CNNs. Using sparse, irregular depth measurements
Figure 3.5a as inputs leads to noisy results when processed with standard CNNs. In
contrast, SICNN, the approach presented in this thesis, predicts smooth and accurate
depth maps by explicitly considering sparsity during convolution. Adapted from
[111].

3.4 Sparsity Invariant CNNs

In this section an alternative depth completion approach is presented. It is
based on the recent success of convolution neural networks. One of the key
challenges in learning depth completion is how the sparse depth data can
be represented and processed. Still, the most popular choice is to project
the sparse point clouds onto the high resolution image, resulting in a depth
map where only a small percentage of the image contains valid information.
As typically CNNs process dense and complete image data, we analyze the
effect of presenting sparse and irregular input to CNNs.

Several works choose a naïve approach to handle sparse data by assigning
a distinct value to all non-informative pixels [9, 66].

Unfortunately, this approach might lead to unsatisfactory results, espe-
cially if the network has limited capacity. In conventional CNNs, filter ker-
nels of the first layer typically reflect orientation, color and frequency of
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Figure 3.6: Conventional CNN Filter Kernels. In conventional dense image-based CNNs,
learned kernels in the first layer typically describe certain frequency and orientation
of image structures as well as different colors [61]. Applying one of those kernels
to sparse input data would result in different activations depending on the density
of the input instead of the underlying image structures. Source: [61]

image pixels as can be seen in Figure 3.6. However, in the case of vary-
ing input density, it is impossible to distinguish if a certain activation was
caused by the underlying image structure or the level of sparsity it was pre-
sented. It therefore becomes less clear how the convolution operation should
be defined.

In this section, we investigate a simple yet effective sparse convolution
layer which outperforms the naïve approach and allows using lower capac-
ity networks with a high convergence rate. In particular, the elements of the
convolution kernel are weighed according to the validity of the input pixels.
Additionally, a mask is generated in each filter step in order to share infor-
mation about the validity of pixels with subsequent layers of the network.
This enables to handle large levels of sparsity without significantly compro-
mising accuracy. Most importantly, this representation is invariant to the
level of sparsity which is presented to the convolutional layer.

Experiments show that training a network that uses sparse convolution
layers, allows to be inferred a sparsity level different from the sparsity level
at training time without significantly deteriorating the results. This is espe-
cially important in the context of robotics and especially autonomous driv-
ing where algorithms must be robust to changes in sensor configuration.

The remainder of this section is structured as follows. First, the problem
of feeding sparse data into standard CNNs is described in Section 3.4.1. Next,
in Section 3.4.2, two naïve approaches to this problem are analyzed. Finally,
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sparse convolutions are introduced in Section 3.4.3 in order to tackle the
weaknesses of the previously described naïve approaches.

3.4.1 Problem Formulation

In order to find a mapping f from an input image domain X ∈ RW×H (e.g.
depth, intensity) with width W and height H to an output image domain
Y ∈ RW×H (e.g. depth, semantics), CNNs have become one of the preferred
implementations in the last few years.

A multi-layer CNN consists of several hidden layers in the form of con-
volutional layers which are stacked to allow complex feature representa-
tions. Applying a standard convolutional layer in a CNN to an input xxx =
{xu,v}WxH

u,v=0 ∈X results in

fu,v(xxx) =
k

∑
i, j=−k

xu+i,v+ j wi, j +b, (3.19)

with 2k+1 being the kernel size and w and b being the weight and bias,
respectively. Note that if the input contains multiple channels, xu,v and wi, j
become vectors whose length depends on the number of given input chan-
nels.

While for most applications of CNNs the inputs are complete and dense
images, in this section, we consider the case, where the input xxx = {xu,v} ∈
X consists of only partially observed depth values. In the next section we
will discuss how standard convolutions can be applied in a naïve way to this
problem.

3.4.2 Naive Approach

When applying CNNs to irregular sparse input, there are two naïve ways to
deal with unobserved inputs. One is to encode the invalid inputs xu,v with a
default value, e.g. zero or a negative value like -1. The idea is that during
network training, the CNNs learn to distinguish between observed and unob-
served inputs and respective weights are learned to consider both, sparsity
and information input. However, this is a difficult task as the number of pos-
sible sparsity patterns grows exponentially with the kernel size which leads
to longer convergence times and requires more network capacity. Further-
more, CNNs trained on a specific level of sparsity tend to overfit, resulting in
degraded performance if applied to inputs with another sparsity level.
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Another popular approach to deal with sparse irregular input is to provide
a mask ooo = {ou,v} which indicates if an input is observed (ou,v = 1) or not
(ou,v = 0). Again, the idea is that during the training process the network
learns to distinguish between observed and unobserved input. There are
several ways to process the mask together with the input image. One is to
concatenate both ou,v and xu,v, adding the mask as an extra channel. A sec-
ond approach is to process ou,v in a separate stream and combine it with the
sparse input stream at a later stage. While the map theoretically allows the
whole network to be robust to varying levels of sparsity, the convolutional
layer itself is still not directly invariant to sparsity. This results in longer
convergence times and still tends to overfit if only certain sparsity levels are
present during training.

As evidenced by experiments, the described naïve approaches struggle to
obtain a robust representation (see Section 3.6). Therefore, an alternative
type of convolution is presented in the next section.

3.4.3 Sparse Convolutions

In the previous section, the main disadvantage of the naïve approaches was
to rely on the training process to handle and distinguish missing data. There-
fore, a convolution operation is introduced in this section which explicitly
considers sparsity. The main motivation of the approach is to render the
filter output invariant to the actual number of observed inputs by evaluating
only observed pixels and normalizing the output appropriately:

fu,v(xxx,ooo) =
∑

k
i, j=−k ou+i,v+ j xu+i,v+ j wi, j

∑
k
i, j=−k ou+i,v+ j + ε

+b. (3.20)

To avoid division by zero if no input pixels xu+i,v+ j are observed, a small
ε is added to the denominator. It is important to note that the sparse convo-
lution (3.20) evaluates to a (scaled) standard convolution if the input is fully
observed.

In contrast to techniques which first interpolate the sparse input before
processing [93], the proposed approach operates directly on the sparse data
and therefore omits to introduce additional distractors.

As modern CNNs typically consist of several convolutional layers, it is
important to handle sparse input not only in the first but in all subsequent
layers. Therefore, it is essential to track the visibility state and provide it
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Figure 3.7: Sparsity Invariant CNN. The Sparsity Invariant CNN (SICNN) consists of several
layers with Sparse Convolution Modules (see Figure 3.8) with decreasing kernel
sizes from 11×11 to 3×3. Inputs to the CNN are a sparse depth map (in yellow)
and a binary observation mask (in red). Adapted from [111].

to the next layers of the network. In particular, we can state that an output
location carries information if at least one input of the filter was observed.
On the contrary, if none of the filter’s input was observed it can be stated
that the output is also still unobserved. The resulting mask f o

u,v(ooo) after one
sparse convolution can thus be determined via the max pooling operation

f o
u,v(ooo) = max

i, j=−k,..,k
ou+i,v+ j. (3.21)

f o
u,v(ooo) evaluates to 1 if at least one of the inputs was observed and 0

otherwise. A graphical illustration of the Sparse Convolution Module is
given in Figure 3.8.

In a multi-layer CNN the output of the sparse convolution (Equation (3.20))
and the max pooled mask then serve as an input to the next sparse convolu-
tional layer. Like this the layers can be stacked to get a Sparsity Invariant
CNN (SICNN). In the following, a very lean and simple CNN is used which
is depicted in Figure 3.7.

Skip Connections In the previous sections the classical convolution oper-
ation was analyzed, and a version was derived which considers sparse input
data. However, modern CNNs comprise many concepts and mathematical
operations which cannot be applied to sparse data without modification. In
this paragraph, especially skip connections are regarded as they are widely
used in modern networks such as ResNet [40], GoogleNet [105] or VGG
[103]. Skip connections combine multiple layers into a new layer e.g., by
summation, multiplication or concatenation. To consider sparse input data,
additional observation indicators can be used to define a normalized oper-
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Figure 3.8: The Sparse Convolutional Module. Schematic of the sparse convolution oper-
ation. Here, � denotes elementwise multiplication, ∗ convolution, 1/x inversion
and “max pool” the max pooling operation. The input feature can be single channel
or multi-channel. Adapted from [111].

ation over the observed inputs xl . In the case of a summation this can be
redefined as

f+(xxx,ooo) =
∑

n
l=1 olxl

∑
n
l=1 ol

, (3.22)

where n denotes the number of input layers. As in the previously de-
fined sparse convolution, this expression simplifies to the standard operation
∑

n
l=1 xl if all input variables were observed.
Note that in this dissertation skip connections are used for the applica-

tion of semantic segmentation from sparse depth data. The network used
for depth completion as pictured in Figure 3.7 does not use any skip connec-
tions.

3.5 Large-Scale Depth Dataset

In order to train and evaluate the proposed depth completion approaches,
ground truth depth maps are required at a large scale. Synthetic datasets
[28, 76, 95] offer the possibility of rendering a vast number of perfect depth
ground truth data. This allows to conduct experiments under perfect con-
ditions, which can be important to e.g. prove theoretical claims (there are
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e.g. experiments on synthetic data to show the benefit of sparse convolution
layers in Section 3.6). However, it remains an open question if this allows
to conclude about the algorithm’s behavior in challenging real world scenes
which are measured by sensor with different noise characteristics. Espe-
cially if completing raw sensor depth measurements like e.g. LIDAR scanner
data projected on a high resolution image, both raw sensor input data and
high resolution ground truth depth maps are required. Another important
aspect of evaluating state-of-the-art approaches is to make the data available
to the research community and allow for a fair comparison of existing ap-
proaches. Especially in the last few years public benchmarks like ImageNet
[96] and Cityscapes [16] have shown that it is important to compare methods
by using standardized inputs and metrics.

Summarizing the previous mentioned requirements results in a list of de-
sired features for a depth completion dataset:

• Large Scale: The dataset should include enough samples to allow
training and a proper evaluation.

• Accurate Ground Truth: The ground truth depth maps should pro-
vide a high accuracy and reliability.

• Real Sensor Input: The data which needs completion should origin
from a real sensor in order to get realistic sensor characteristics.

• Public Availability: The dataset should be made publicly available
to be able to reproduce the results.

• Public Benchmark: To allow for a fair comparison of depth comple-
tion approaches a public benchmark would be preferable.

Unfortunately, existing datasets mostly lack at least one of the mentioned
requirements: The Middlebury benchmark [98, 99] provides highly accurate
depth estimates, however there exist only a dozen images in controlled lab-
oratory conditions. In order to obtain sparse data for depth completion, the
high resolution depth maps are typically subsampled and, if desired, noise
is added to the measurements. The resulting synthetic sensor measurements
are comparable to characteristics of a time of flight camera, but it is ques-
tionable if the artificial noise does reflect actual real world sensor models.
Next, the Make3D dataset [97] consists of 500 outdoor images. The ground
truth depth maps have a lower resolution than the corresponding provided
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RGB images and also no raw sensor data input for depth completion is pro-
vided. While 500 images are more than the previously mentioned Middle-
bury dataset, it is still relatively few in order to train high-capacity deep
neural networks. Another commonly used dataset for depth completion was
presented by Ferstl et al. [26]. The dataset to the paper provides noisy low
resolution input data as well as high resolution accurate ground truth depth
and corresponding RGB images. While this is a dataset specifically de-
signed for the task of depth completion it is only usable for non-learning
approaches due to its small size. Besides, the KITTI stereo benchmark [30,
78] provides 400 high resolution depth ground truth images of street scenes.
The raw data section of KITTI contains some of those scenes which makes
it possible to gain the raw LIDAR scans corresponding to the ground truth
depth maps in order to use them for depth completion. However, none of
the above-mentioned datasets is large enough for end-to-end training of neu-
ral networks. Furthermore, there exists no public benchmark for the task of
depth completion.

Therefore, there is a need of a dedicated dataset for depth completion
which we will discuss in the following sections. The remainder of this sec-
tion is structured as follows. First, the KITTI depth dataset is introduced
in Section 3.5.1. Next, details of the automatic ground truth depth map
generation are described in Section 3.5.2. In Section 3.5.3 the quality of
those depth maps is assessed by comparing it to manually cleaned ground
truth depth maps. Finally, the KITTI depth benchmark is presented in Sec-
tion 3.5.4.

3.5.1 KITTI Depth Dataset

In order to address the shortcomings of the previously mentioned datasets,
the KITTI Depth Dataset is introduced in this section. It is based on the
KITTI raw dataset [29] which comprises over 94k frames of urban and ru-
ral street scenes. Each frame contains rectified RGB stereo camera images
with a resolution of maximum 1382x512 pixels, depending on the crop for
the rectification. Additionally, raw Velodyne scans and odometry data are
provided. For the depth dataset, stereo and LIDAR information is fused to ob-
tain semi-dense depth ground truth (details on the depth map generation are
summarized in the next section). Next to the semi-dense ground truth maps,
also the raw LIDAR point cloud of each frame is provided as a projection on
the high resolution RGB image.

61



3 Depth Completion

The dataset is publicly available and can be downloaded from the KITTI
homepage1.

For training and validation the depth dataset is split into 93k and 1k
frames, respectively. Furthermore, additional 1000 frames with images and
raw LIDAR scans are provided for a public depth completion benchmark. As
depth data can also be leveraged for single image depth estimation, a second
benchmark was established where 500 RGB images without corresponding
sparse depth measurements are provided. For both benchmarks the ground
truth is not revealed to ensure a fair comparison of the approaches. Further
information on the benchmark can be found in Section 3.5.4.

Data format The depth maps (ground truth as well as raw Velodyne
scans) are saved as uint16 PNG images. Invalid pixels (i.e. no ground truth
exists, or the estimation algorithm didn’t produce an estimate for that pixel)
have a value of zero. All other pixels contain a scaled depth value. In order
to convert the scaled value back to the actual distance, the pixel value has to
be divided by 256. This results in the following reconstruction of the depth
map D(u,v) and valid pixel mask M(u,v) at pixel position (u,v):

D(u,v) = I(u,v)/256.0M(u,v) = I(u,v)> 0 (3.23)

Note that this limits the accuracy to 1m/256.0 ≈ 3mm and the maximal
value for the range to 65535/256≈ 256. However, the Velodyne HDL-64E
data sheet reports a 2cm accuracy, so the discretization error is neglectable.
Also, the maximal range was never exceeded in the existing data.

Data characteristics As the depth dataset originates from the KITTI raw
data, the frames are sampled at 10 Hz. This sampling is quite dense, espe-
cially if the sensor vehicle is driving at a slow speed or is even stopping.
However, as it was possible to provide a dense depth map for each frame
without extra effort, the depth dataset contains all those frames even if the
information content is redundant. To improve the training and add a larger
variety to the data, the included GNSS data could be leveraged to filter similar
frames.

1 http://www.cvlibs.net/datasets/kitti/eval_depth_all.php

62

http://www.cvlibs.net/datasets/kitti/eval_depth_all.php


3.5 Large-Scale Depth Dataset

3.5.2 Dataset Generation

The KITTI raw dataset provides depth information in the form of raw Velo-
dyne scans, however it needs some effort to generate accurate semi-dense
depth maps from those. In order to increase the density of the depth maps,
Geiger et al. [30] proposed to accumulate 11 laser scans. This includes the
current considered frame as well as 5 past and 5 future frames. However,
there are several artifacts like sensor noise, artifacts due to occlusions (e.g.,
due to the different mounting positions of laser scanner and camera), re-
flecting/transparent surfaces or time synchronization issue due to moving
obstacles or the moving sensor platform. While Geiger et al. [30] cleaned
this data manually, this is not an option for all the 94k frames in the dataset.

Therefore, an automatic processing of the data is proposed in the follow-
ing. Similar to Geiger et al. [30], first 11 laser scans are accumulated to
obtain a semi-dense depth map. Second, outliers in the resulting depth map
are compared to results from a stereo reconstruction approach. In this case
Semi-Global Matching (SGM) by Hirschmüller et al. [43] was used.

Both depth measurement methods however have their unique error pat-
tern. While stereo reconstruction can lead to bleeding artifacts at depth
edges, LIDAR sensors show streaking artifacts along their motion direction.
To mitigate both effects, consistency between laser scans and stereo recon-
struction is enforced by removing all LIDAR points exhibiting large relative
errors in comparison to the stereo reconstruction. Note that this reduces
the density of the depth map but increases the accuracy. Another option
would have been to try to reconstruct the depth as accurate as possible by
using a global optimization. However, using only the transformed raw laser
measurements has the advantage to introduce no bias. This is especially
important if methods are to be compared in a benchmark.

While the laser scans are accumulated over time, only the current SGM
depth map is used to clean the depth measurements. This is important as
moving objects can result in streaks in the accumulated laser scan projection.
With this all the typical outliers can be removed in one step: Occlusions,
dynamic motion and measurement artifacts. Furthermore, most errors due
to reflecting and transparent surfaces can also be removed with this simple
technique as SGM and LIDAR rarely agree in those regions (although both
tend to have huge errors in those regions).
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3.5.3 Dataset Evaluation

While having an enormous amount of data for training is important to train
complex networks, the quality of the provided ground truth is at least equally
important. Therefore, in this section the depth maps of the dataset are eval-
uated by comparing them to the manually cleaned training set of the KITTI
2015 stereo benchmark [78] as reference data. Note that the KITTI 2015
stereo benchmark data uses accumulated LIDAR scans as well as 3D CAD
models. In order to obtain a dense depth map of all static elements, 7 LIDAR
scans are accumulated and the rolling shutter effect as well as the camera
motion are corrected by combining IMU data with ICP fitting of the point
clouds. As the benchmark uses the same laser scanner which was used to
generate the automatically generated dense depth maps described in Sec-
tion 3.5.2 the evaluation is biased. However, the KITTI 2015 benchmark
data experienced massive manual inspection followed by a cleaning and cor-
recting step. Furthermore, the 3D CAD models yield a dense reconstruction
of all dynamic objects. Therefore, while still biased, the evaluation gives
valuable insights into the quality of the data, especially for areas where au-
tomatic accumulation failed for the KITTI 2015 benchmark.

In the following, various error metrics are computed. As the KITTI 2015
stereo benchmark provides disparity maps, the metrics are reported in the
disparity space. The disparity d is only evaluated at N valid pixel locations
V . The following metrics are used throughout this section:

• Mean Absolute Error (MAE):
MAE = 1

Nv
∑

du,v∈V

∣∣du,v− d̂u,v
∣∣

• Root Mean Squared Error (RMSE):
RMSE =

√
1

Nv
∑

du,v∈V
(du,v− d̂u,v)2

• KITTI outliers:

okitti =
1

Nv
∑

du,v∈V
ou,v,

ou,v =

{
1, if

∣∣du,v− d̂u,v
∣∣≥ 3px and |du,v−d̂u,v|

d̂u,v
≥ 0.05

0, otherwise
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Density MAE RMSE KITTI δi inlier rates
[%] [px] [px] outliers δ1 δ2 δ3

COLMAP 86.9 1.64 4.86 8.91 93.98 95.89 97.36
SGM 82.4 1.07 2.80 4.52 97.00 98.67 99.19
Raw LIDAR 4.0 0.35 2.62 1.62 98.64 99.00 99.27
Acc. LIDAR 30.2 1.66 5.80 9.07 93.16 95.88 97.41
KITTI Depth 16.1 0.35 0.84 0.31 99.79 99.92 99.95

Table 3.1: Evaluation of reference depth maps using the manually curated ground truth depth
maps of the KITTI 2015 training set [78]. Note that the KITTI depth dataset is
generated fully automatically and achieves the highest accuracy while providing
high density. All metrics are computed in disparity space.

• Inlier ratios:

δ j =
1

Nv
∑

du,v∈V
fi(du,v),

fi(du,v) =

1, if max( du,v

d̂u,v
,

d̂u,v
du,v

)≤ 1.25 j

0, otherwise

Figure 3.9 sums up the qualitative comparison of the depth maps while a
quantitative comparison is shown in Table 3.1.

The SGM stereo camera reconstruction is dense but lacks accuracy com-
pared to the raw laser scans. The same applies to COLMAP, which is
a framework that provides Structure-from-Motion (SfM) and Multi-View
Stereo (MVS) approaches to reconstruct a 3d scene given image sequences.
For this comparison several hyperparameters where swiped to achieve the
best 3d reconstruction (to the best knowledge of the author), however, the
resulting depth maps still yield larger errors especially for scenes with dy-
namic objects. The depth maps of the automatically generated dataset have
approximately the same MAE as the raw LIDAR scans. However, regarding
RMSE, KITTI outlier and inlier ratios the auto-generated dataset outperforms
the other baseline methods. While the dataset depth maps are not as dense
as the stereo and SfM based methods, it is 4x denser than the raw LIDAR
sweeps and therefore a good trade-off between accuracy and density.

As dynamic objects are very challenging for approaches which use accu-
mulated LIDAR scans, the quality of those objects is of particular interest.

65



3 Depth Completion

K
IT

T
I2015

[78]
K

IT
T

ID
epth

D
ataset

R
aw

L
ID

A
R

A
cc.L

ID
A

R
SG

M
[43]

R
G

B
Im

age
E

rrorM
aps

w
rt.K

IT
T

I2015
[78]

Figure
3.9:Q

ualitative
com

parison
ofthe

large-scale
depth

dataset.
From

leftto
right:

depth
m

aps
of

the
m

anually
curated

K
IT

T
I

2015
dataset,the

proposed
autom

atically
generated

data,raw
and

accum
ulated

L
ID

A
R

scans,and
SG

M
[43]

results.
D

ifferences
to

the
K

IT
T

I2015
depth

m
aps,serving

as
ground

truth,are
show

n
in

the
lastrow

from
0

(green)to
2

(red)m
eters.A

dapted
from

[111].

66



3.5 Large-Scale Depth Dataset

Depth Map MAE RMSE KITTI δi inlier rates
[px] [px] outliers δ1 δ2 δ3

SGM 1.2 3.0 5.9 97.6 98.2 98.5
Raw LIDAR 3.7 10.0 17.4 84.3 86.1 88.6
Acc. LIDAR 7.7 12.0 59.7 55.7 73.7 83.0
KITTI Depth 0.9 2.2 3.0 98.6 99.0 99.3

Table 3.2: Evaluation of Table 3.1 split according to foreground (car) regions.

Depth Map MAE RMSE KITTI δi inlier rates
[px] [px] outliers δ1 δ2 δ3

SGM 1.1 2.8 4.4 96.9 98.7 99.3
Raw LIDAR 0.2 1.9 0.9 99.3 99.6 99.7
Acc. LIDAR 1.1 4.8 4.3 96.7 98.0 98.8
KITTI Depth 0.3 0.8 0.2 99.8 99.9 99.9

Table 3.3: Evaluation of Table 3.1 split according to background (non-car) regions.

Therefore, the benchmark depth maps are manually separated in fore- and
background. Subsequently, the errors present on dynamic objects (Table 3.2)
and background (Table 3.3) are evaluated.

The results show that the method proposed in Section 3.5.2 is able to
remove outliers in the accumulated LIDAR scans while significantly increas-
ing the density of the data. Qualitatively, there are only little errors in the
proposed dataset. In comparison, SGM stereo yields significantly worse re-
sults at large distances due to the measurement principle. As for raw LIDAR
scans, parallax of laser scanner and camera result in occlusion errors (the
image plane of the KITTI reference camera is used as reference for all the
experiments). While there still remain some errors on dynamic objects, c.f.
Figure 3.9 (bottom), the comparison to SGM greatly reduces the errors in the
accumulated LIDAR scans (e.g., car on the left).

3.5.4 KITTI Depth Benchmark

In this section a depth dataset was presented which is not only large but
also sufficiently accurate to train and evaluate machine learning and other
methods. For scientific use, the data has been uploaded and is provided via
the KITTI benchmark page2.
2 (http://www.cvlibs.net/datasets/kitti/eval_depth_all.php)
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In recent years there has been an increased number of publications of
depth completion methods, both guided by RGB images and non-guided.
However, at the time the dataset was published there was no common bench-
mark to evaluate those methods. Therefore, the KITTI depth completion
benchmark was created by adding disjunct test data, containing raw depth
maps and RGB images3. The user can upload the results in a pre-defined
format which is described in the development kit attached to the website.
The results are automatically evaluated against a ground truth which is not
published. For the ranking four different metrics are used:

Mean Absolute Error:

εMAE =
1
N ∑

u,v

∣∣(D̂u,v−Du,v)
∣∣ (3.24)

Inverse Mean Absolute Error:

εiMAE =
1
N ∑

u,v

∣∣∣∣( 1
D̂u,v
− 1

Du,v
)

∣∣∣∣ (3.25)

Root Mean Squared Error:

εRMSE =

√
1
N ∑

u,v
(D̂u,v−Du,v)2 (3.26)

Inverse Root Mean Squared Error:

εiRMSE =

√
1
N ∑

u,v
(

1
D̂u,v
− 1

Du,v
)2 (3.27)

The MAE is less sensitive to large deviations. However, in automotive
applications large errors might be fatal. Therefore, the Root Mean Squared
Error (RMSE) has been chosen as the leading metric as it punishes large
deviations more than the MAE. Additionally, the Inverse Mean Absolute
Error (iMAE) and Inverse Root Mean Squared Error (iRMSE) are reported
which are less sensitive to errors in far distances. This makes sense as the
LIDAR point cloud is less dense on far away objects.

3 http://www.cvlibs.net/datasets/kitti/eval_depth.php?benchmark=depth_c
ompletion
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3.6 Experiments

Another important field of work where depth images are needed is the
task of single image depth prediction. Given a monocular RGB image, the
depth is estimated for each pixel. The proposed dataset can be used to train
methods for this task, too. Therefore, an additional single image depth pre-
diction benchmark was published in parallel4. This benchmark was also part
of the Robust Vision Challenge 2018 and 20205.

3.6 Experiments

In this section the two previously presented depth completion approaches
are evaluated first separately and then jointly on the large depth comple-
tion dataset presented in the previous section. First, the optimization-based
semantically guided depth completion approach from Section 3.3 is evalu-
ated in Section 3.6.1. The section focuses on benchmarks without seman-
tics as well as an evaluation of a subset of the KITTI dataset. Second the
learning-based depth completion approach from Section 3.4 is presented in
Section 3.6.2. This section focuses on the evaluation of the sparsity invari-
ant convolution and shows several experiments on synthetic data. Finally,
in Section 3.6.3 both methods are evaluated on the large scale depth dataset
for better comparison.

3.6.1 Semantically Guided Depth Completion

The semantically guided optimization-based depth completion approach
is evaluated on three different depth inputs. For better readability, from
now the approach is named SGDC (Semantically Guided Depth Completion).
First, SGDC is assessed on subsampled depth data of the very precise ground
truth of the Middlebury 2014 stereo dataset [98]. As the quality of the depth
data does not reflect low-cost sensor data as mostly used in robotics and
especially in the field of autonomous driving, two further datasets are used
for evaluation: the ToF indoor dataset introduced by Ferstl et al. [26] and the
KITTI dataset ([30], [29] and [78]) which provides LIDAR scanner measure-
ments. It is important to mention that the first two datasets do not offer a
training dataset for semantic segmentation. Without semantic segmentation

4 http://www.cvlibs.net/datasets/kitti/eval_depth.php?benchmark=depth_p
rediction
5 http://www.robustvision.net
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as an extra cue, a reliable edge detector is important to guide the depth com-
pletion. Thus, for all conducted experiments, the edge detector of Dollar
et al. [19] is used. It leverages trained structured forests in order to predict
semantic edge scores for each pixel. Therefore, in contrast to traditional
color-gradient-based edge detectors such as the Canny Edge Detector ([7]),
the edges resemble more generic object boundaries.

Middlebury Benchmark Evaluation In order to test the performance
of depth completion algorithms on clean, almost noise-free, input data, the
Middlebury 2014 Stereo Benchmark [98] is a popular choice. The dataset
comprises high resolution images and corresponding ground truth depth
maps which are generated by structured lighting. In order to simulate a
highly accurate but sparse depth sensor, the depth data is sampled at equidis-
tant points, resulting in a downsampled version of the high resolution depth
map. This is in contrast to some previous works [26, 84] which use Bicubic
or Bilinear downsampling to simulate the input. However, this kind of in-
terpolation methods distort the input data especially at depth edges and blur
tiny structures which are of particular interest.

To evaluate SGDC in terms of speed and accuracy it is benchmarked
against four other approaches. The first three are simple interpolation meth-
ods: nearest neighbor, Bicubic and Bilinear interpolation. The forth is a
state-of-the-art approach by Ferstl et al. [26]. The parameters of SGDC and
Ferstl’s algorithm [26] were empirically determined for each downsampling
factor. Table 3.4 shows quantitative results in terms of the Mean Absolute Er-
ror (MAE). SGDC significantly outperforms all baselines on all three images
and all downsampling factors. In particular, it shows superior performance
on very sparse inputs.

The runtime of SGDC is visualized in Figure 3.10. It strongly depends
on the number of input depth points, whereas the target image resolution is
only critical for calculating the edge and semantic features (which is rather
fast in comparison). In contrast, the approach of Ferstl et al. [26] is mostly
bound by image resolution (they report moderate runtimes of 318.2 ms for
completing 0.8 megapixel images and 1900 ms for 1.4 megapixel images).
Both behaviors have advantages on different problems. In the field of au-
tonomous driving, real world depth sensors typically have a very limited
resolution, and thus it is preferable to increase performance and speed for
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Figure 3.10: Comparison of runtime and MAE of SGDC. Comparison of runtime and MAE
in disparity [px] for different strides on the Middlebury 2014 Benchmark [98].
Adapted from [101].

Straw Hat Bicycle

4x 8x 16x 32x 4x 8x 16x 32x

Bicubic 1.72 2.94 4.65 7.15 1.08 1.79 2.90 4.29
Bilinear 1.44 2.56 4.23 6.65 0.93 1.53 2.52 3.80
Nearest 1.28 2.40 4.11 6.75 0.79 1.44 2.39 3.75
Ferstl [26] 0.49 0.75 2.61 9.42 0.24 0.33 0.92 3.13
SGDC 0.43 0.70 1.07 1.83 0.17 0.29 0.45 0.71

Photo Set Backpack

4x 8x 16x 32x 4x 8x 16x 32x

Bicubic 0.77 1.26 2.18 4.06 2.22 3.44 4.76 6.07
Bilinear 0.67 1.10 1.90 3.64 1.95 3.21 4.56 6.20
Nearest 0.56 0.94 1.69 3.37 2.65 3.95 5.24 6.74
Ferstl [26] 0.15 0.22 1.37 9.10 0.50 0.79 3.37 11.54
SGDC 0.14 0.21 0.28 0.49 0.15 0.27 0.47 0.90

Table 3.4: Results on the Middlebury [98] dataset. The table displays the MAE in disparity
[px] for the Middlebury 2014 dataset for four chosen images.

completing a small amount of input points to a very high-resolution depth
map.

Figure 3.10 visualizes the performance and runtime of SGDC in compari-
son to the number of input measurements.

Results for ToF depth completion While the Middlebury dataset might
be a good choice to evaluate the general ability of sensors to solve the prob-
lem of depth completion it does not reflect real acquisition setups which are
typically significantly noisier. Therefore, Ferstl et al. [26] published a small
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Input Image

ToF Input

Ground Truth

Ferstl [26]

SGDC

Figure 3.11: Depth completion of Time-of-Flight data. Result for completing the ToF data
on the ‘books’ scene of the Ferstl dataset [26]. In the second row a zoomed-in
view is shown for better visual comparison. Although input data is noisy, SGDC
preserves sharp edges. Adapted from [101].
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Books Shark Devil

Kopf [53] 16.03 18.79 27.57
He [39] 15.74 18.21 27.04
Ferstl [26] 12.36 15.29 14.68
SGDC 12.12 15.46 14.03

Table 3.5: Results on the Ferstl Dataset [26].The reported results are given by the MAE in
depth [mm].

dataset with the paper. It consists of three different scenes captured by a
120×160 pixel wide ToF camera as well as a 810×610 pixel wide grayscale
CMOS camera. The ground truth depth maps for those scenes were generated
using a structured light scanner with a high-speed projector as well as two
2048×2048 high-speed cameras. The resulting depth maps have an uncer-
tainty of 1.2 mm.

In the work of Ferstl et al. [26], the results of two other depth comple-
tion algorithms are reported on the Ferstl dataset: Joint Bilateral Upsam-
pling by Kopf et al. [53] and Guided Image Filtering by He et al. [39]. Ta-
ble 3.5 shows a quantitative comparison of the different approaches. The
approaches of He et al. [39] and Kopf et al. [53] are sensitive to noise and
perform worse in comparison to the other two approaches. Both the method
of Ferstl et al. Figure 3.11 and SGDC handle the noisy ToF depth measure-
ments well. A qualitative comparison is depicted in Figure 3.11. SGDC
produces smooth surfaces while preserving sharp depth edges and thin el-
ements. The average runtime of SGDC is 107ms on an Intel Xeon E5 for
a single frame. In comparison, the method of Ferstl et al. [26] needs on
average 318.2 ms.

In summary, this series of experiments show that SGDC is not only able
to complete noise-free depth measurements but is also competitive in com-
pleting noisy depth measurements of low-budget ToF cameras. However, the
resolution of ToF cameras is rather high in comparison to typical LIDAR sen-
sors which are used today in the context of assisted and automated driving.
Thus, in the next paragraph further experiments are conducted, considering
a vehicle with a LIDAR-camera setup.

Sparse Automotive LIDAR Data Completion As already discussed
in Section 3.5, Menze et al. [78] proposed a dataset for stereo evaluation
which provides dense data not only for static but also dynamic objects. Al-
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Figure 3.12: MAE over number of points on KITTI 2015 [78]. Quantitative results on the
KITTI 2015 dataset for varying number of input measurements. Results in terms
of disparity MAE depending on the number of input points are reported for a base-
line [26] and three input configurations (edge guidance only, semantic guidance
only, both inputs as guidance) of the proposed method. Adapted from [101].

though the dataset size is a lot smaller than the previously proposed large-
scale KITTI depth dataset, the depth maps have a high quality due to man-
ual filtering. Furthermore, the fitted CAD model projection for the cars fit
tightly, providing sharp depth edges at vehicle boundaries. Therefore, ex-
periments on this dataset are valuable, especially to analyze accuracies on
object borders. For the depth completion experiments in this paragraph, raw
LIDAR measurements are used as an input to the algorithms. In contrast to
the ground truth the raw scans differ significantly in terms of outlier fre-
quency and density. After projecting the raw LIDAR points onto the image,
there are still many errors due to the sensor displacement, especially at top
borders of objects. SGDC can handle those outliers by rejecting them in the
optimization instead of heuristically removing them, c.f. Section 3.3. Ad-
ditionally, pixel-level semantic information helps to cluster corresponding
depth points and therefore allows rejecting measurements with similar se-
mantics but largely different depth values. For the semantic input to SGDC a
Fully Convolutional Network [72] is pre-trained on the Cityscapes Dataset
[16] and then fine-tuned on a disjunct part of the KITTI dataset. The images
were annotated with pixel-wise labels by Ladicky et al. [62]. The seman-
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tic labels are split into 11 classes including road, sidewalk, car, pole and
building.

As an evaluation metric the mean absolute error is calculated over all pix-
els which have a valid ground truth disparity. In order to evaluate the perfor-
mance of the proposed method and the baseline on different input densities,
the raw LIDAR point clouds are further downsampled vertically and horizon-
tally. This resembles LIDAR scanners with fewer scan lines and a higher
rotation frequency. It is apparent from Figure 3.12 that SGDC performs well
for all densities and outperforms the method of Ferstl et al. [26] especially
if the measurements are getting sparser. In fact, the method of Ferstl et
al. [26] completely fails to complete scenes with very sparse measurements
as depicted in Figure 3.13, although the parameters of the algorithm were
optimized using all frames of the validation set. Note that the sampling
strategy is different to the one in Section 3.6.3. As the projected points are
much further away in the image space due to the vertical sampling, this is
especially hard for the method of Ferstl et al. [26]. While the improvement
of SGDC due to the semantic cue is only minor for higher densities, it plays
a greater role for very sparse measurements.

3.6.2 Sparsity Invariant CNNs

Depth Map Completion In this section the Sparse Convolution Mod-
ule of section is evaluated. While the module can be used for several tasks
with sparse inputs, this section focuses mainly on the task of depth comple-
tion. In order to analyze the impact of sparse input to a convolutional neural
network in a controlled setting, depth data from a synthetic dataset is used
without any RGB guidance. In particular, high resolution depth maps from
the Synthia dataset of Ros et al. [95] are used, and depth values are randomly
dropped in order to obtain sparse point clouds. This gives full control over
the level of sparsity presented to the network. For the experiment series dif-
ferent sparsity levels from 0% to 95% are applied indicating the probability
of a pixel to be randomly dropped.

In order to compare regular convolutions to the sparse convolution mod-
ules, three different variants of a Fully Convolutional Network (FCN) are
trained. The networks contain 5 layers with a kernel size of 11, 7, 5, 3, and
3, each with a stride of one and 16 output channels. After each convolution a
rectifying linear unit is applied as nonlinear activation function. As a solver,
Adam [58] is used with momentum terms of β1 = 0.9 and β2 = 0.999
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Input Image

Input Labels

Input Depth

Ground Truth

Ferstl [26]

SGDC

Figure 3.13: Sparsity analysis on the KITTI 2015 data [78]. Example outputs of the pro-
posed algorithm compared to the result of Ferstl [26], ground truth and the inputs
for two cases with all (left) and 1

12 (right) measurements. The semantic input
guides SGDC to respect depth jumps as can be seen at the objects, e.g. car, sign
and poles, in the lower example. The baseline discards the few measurements
on the car, while SGDC recognizes it correctly. The 3D reconstruction using the
inferred depth is presented in Figure 3.2. Note that the sign on the right (top) is
correctly represented without available depth measurements, by propagating the
depth along the sign and pole. Adapted from [101].

together with a fixed learning rate of α = 1 · 10−3 and weight decay of
5 · 10−4. As baselines two standard approaches are considered. First, plain
convolutions with only sparse depth as input. Second, additionally to the
plain convolutions, a valid pixel map is concatenated to the input. Those
two approaches are then compared to a network which uses sparse convolu-
tion modules as depicted in Figure 3.7. From now on this particular network
is called Sparsity Invariant CNN, or short SICNN.
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For each level of sparsity a new training dataset is used and with that only
a single level of sparsity is presented to the networks during training. The
training data consists of Synthia Summer sequences, whereas evaluation is
performed on the Synthia Cityscapes dataset. First, all models are evaluated
on the sparsity level they have been trained on. This gives an idea of the
ability of the network to be able to fill gaps and deal with a specific amount
of sparsity. Due to the random dropping of depth samples and the limited
capacity of the network, this is already a challenging task.

Next, to test the generalization ability of the different models, other spar-
sity levels, which the models have not seen during training, are used for
evaluation.

In Figure 3.14 the result of various networks being trained and evaluated
on 5% of the input is shown. We can observe that given a very sparse in-
put plain convolutions perform poorly. As all pixels are considered equally
during training and evaluation, a large degree of randomness is induced re-
sulting in strong variations in performance. Additionally, concatenating a
valid pixel mask performs slightly better than using only the depth input.
However, the results are still not convincing, especially if very sparse in-
put is presented to the network. In contrast, SICNN performs consistently
well over all sparsity levels. This is an important property for depth com-
pletion methods as it increases the robustness towards random perturbations
of the input data. Furthermore, this allows to generalize to different sensor
setups with depth sensors of different density. Interestingly, even if trained
as an autoencoder (100% of the pixels are considered in training and evalua-
tion), the averaging module helps to guide the training process resulting in a
slightly better performance than the standard convolutions. In this case, the
concatenated mask does deteriorate the result as it further complicates the
training.

A qualitative comparison of the generated dense depth maps is shown in
Figure 3.14. All three approaches were trained with depth maps where only
5% of the pixels contained a valid depth. To improve readability, the input in
Figure 3.14 has been visually enhanced using dilation, thus appearing more
dense than the actual input to the networks. As a further comparison, the ex-
act same models (trained on 5% sparsity) are used to complete depth maps
with 20% sparsity. As can be seen in Figure 3.16 the performance drops
drastically for both baselines. While CNNs with input masks lead only to
noisy results, the standard CNNs have a systematic bias as they are unaware
of the level of sparsity in the input. In contrast, the sparse convolution mod-
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Input Image

Standard CNN

Standard CNN +
Mask

SICNN

Ground Truth

Figure 3.14: Comparison of sparse and standard convolution Qualitative comparison of
the sparse convolutional network to a standard CNNs on Synthia [95], trained and
evaluated at 5% sparsity. The Standard CNNs suffer from large invalid regions
in the input leading to noisy results. Using a valid mask as input reduces noise
slightly. In contrast, SICNN predicts smooth and accurate outputs. Adapted from
[111].
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(a) Standard Convnet
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(c) SICNN

Figure 3.15: Quantitative analysis of sparsity invariance. Comparison of three different net-
works on the Synthia dataset [95] while varying the sparsity level of the training
split (left) and the sparsity of the test split (top). From top-to-bottom: Standard
CNN, CNN with concatenated validity mask and the proposed Sparsity Invariant
CNN (SICNN). All numbers represent mean average errors (MAE). Adapted from
[111].
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Standard CNN

Standard CNN +
Mask

SICNN

Figure 3.16: Qualitative analysis of the sparsity invariance. Visualized are network predic-
tions for the scene of Figure 3.14, but with all networks trained at 5% sparsity and
evaluated at 20% sparsity. While standard CNNs with and without visibility mask
produce substantially worse results, the results of the proposed Sparsity Invariant
CNN do not degrade. Adapted from [111].

ules are able to recover the dense depth map without noise or biased depth
estimations.

Semantic Labeling from Sparse Depth To analyze the general appli-
cability of SICNN to handle sparse input, the ability of the network to predict
dense semantic segmentation masks from sparse depth input is investigated.
To this end a VGG16 architecture [72] is modified by replacing regular con-
volutions by sparse convolution modules. Additionally, weighted skip con-
nections, which were presented in Section 3.4.3, are used to generate high-
resolution predictions from the small, spatially downsampled FC7 layer and
at the same time incorporating visibility masks of the respective network
stages.

Table Table 3.6 depicts the mean intersection over union after training
on all Synthia “Sequence” frames (left camera to all directions, summer
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Network IoU[%]

VGG - Depth Only 6.4
VGG - Depth + Mask 4.9
VGG - Sparse Convolutions 31.1

Table 3.6: Semantic segmentation evaluation on Synthia Intersection-over-Union (IoU) of
different network variants on the Synthia Cityscapes subset after training on all
Synthia sequences (mean over all 15 known classes).

only) followed by an evaluation on the Synthia “Cityscapes” subset. All
unknown classes in the validation set are mapped to corresponding classes
in the training set while all other unknown classes are ignored. While there
is still room for improvement for all the results, it is clearly visible that the
sparse convolution module outperforms the two baselines by a large margin.
The bad results can be explained by the different nature of the validation set
which contains more people and also very different viewpoints (bird’s eye
vs. street-level).

The preceding experiments show that sparse inputs are indeed a challenge
for conventional CNNs and that sparse convolutions help in the context of un-
structured randomly sparse depth input. However, dropping depth samples
from a high resolution depth map does not resemble actual depth sensors
and their behavior in the wild and in particular in the setting of autonomous
driving. Therefore, in the next section the sparse convolution modules are
compared against further baselines on the presented real world depth com-
pletion dataset from Section 3.5.

3.6.3 Results on large-scale dataset

In the previous sections, two different depth completion approaches were
evaluated independently, each on their own domain. The optimization-based
method showed strengths in recovering small details, also if no training data
is available for the presented scenes. The Sparsity Invariant CNNs showed
superior performance on varying levels of sparsity of synthetic depth maps,
given that enough training data is available. The open question remains how
both approaches perform on real world settings, especially for sensor setups
which are common for autonomous driving. Therefore, in this section both
approaches are evaluated on the previously presented large depth dataset.
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Note that there are major differences between the two presented ap-
proaches. While the optimization-based algorithm needs training data for
training the semantic segmentation to guide the depth completion, SICNN
require dense depth maps, but no semantic annotations. Furthermore, SICNN
in contrast to SGDC does not use RGB images for the completion task. Us-
ing RGB images as guidance can have advantages and disadvantages. While
leveraging dense color information can be very useful to control the interpo-
lation of sparse depth points, relying on camera information in multi-modal
sensor setups in such an early processing stage is not always recommended.
Especially if bad weather and night scenes can diminish the benefit of image
data or even worsen the result.

Table 3.7 (top) shows a comparison of several RGB guided depth com-
pletion approaches, including SGDC, the method by Barron et al. [2], Ferstl
et al. [26], and Jampani et al. [51]. For a fair comparison the same amount
of convolutional layers are added for both, SICNN and the approach of Jam-
pani et al. [51]. For all other baseline methods a hyperparameter search was
performed via grid search on the training split.

In addition, several depth-only algorithms, including SICNN are compared
in Table 3.7 (bottom). First, a simple pooling approach is considered that
takes the closest (distance to sensor) valid point to fill in unseen regions
within a given window. Second, the Nadaraya-Watson regressor [80, 115]
is applied using a Gaussian kernel on the sparse depth input. For both ap-
proaches a hyperparameter search was conducted on the training data. Fur-
thermore, the same CNN baselines as in the previous section, are trained on
the real world dataset: a standard Fully Convolutional CNN with and one
without visibility mask as additional feature channel.

It is notable that both approaches perform well on the real world dataset,
especially in terms of RMSE which indicates that errors are rather well dis-
tributed around the actual value. This is especially critical for safety relevant
applications. SGDC does not require depth ground truth and produces sharp
edges with clear depth discontinuities. The best performing method, The
Fast Bilateral Solver by Barron et al. [2], yields the best performance in
terms of RMSE but has streaking artifacts at depth edges. SICNN performs
second-best overall in terms of RMSE, without using RBG images. This
shows the enormous potential of learning-based methods for the task of
depth completion if sparsity is handled well. Standard convolutions perform
slightly worse, but benefit from being provided a valid depth mask. Surpris-
ingly, the standard convolutions handle the real world data a lot better than
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Method RMSE [m] MAE [m]
val test val test

Bilateral NN [51] 4.19 5.23 1.09 1.09
Fast Bilateral Solver [2] 1.98 1.75 0.65 0.52
TGVL [26] 4.85 4.08 0.59 0.46
SGDC 2.50 2.02 0.72 0.57

Closest Depth Pooling 2.77 2.30 0.94 0.68
Nadaraya Watson[80, 115] 2.99 2.86 0.74 0.66
ConvNet 2.97 2.69 0.78 0.62
ConvNet + mask 2.24 1.94 0.79 0.62
SICNN 2.01 1.81 0.68 0.54

Table 3.7: Performance comparison on the presented large-scale depth dataset. SGDC and
SICNN perform comparable to state-of-the-art methods that incorporate RGB (top),
while SICNN outperforms all depth-only variants (bottom).

the experiments with random sampling in the previous section indicate. An
educated guess is that the pattern of the Velodyne scanner is much less ran-
dom than dropping pixels of an HD depth map by chance. The current trend
on the Depth Completion Benchmark also shows that sparsity of laser scan-
ner projections is much less random as we might think. With high-capacity
neural networks the sparsity pattern can be learned and even yield useful
information.

Sparsity Evaluation on KITTI In the KITTI depth completion dataset,
a 64-layer LIDAR scanner is used as an input to the completion task. If the
point cloud of this scanner is projected onto the image, the depth measure-
ments cover approximately 5% of the image. For industrial applications
such as autonomous driving, often low-budget scanners with fewer scan-
lines, e.g. 32, 16 or fewer layers, are used. This results in very sparse depth
maps after projection. To analyze the impact of low resolution depth sensors
for the task of depth completion, SGDC, SICNN and several baselines are an-
alyzed w.r.t. different levels of sparsity. For this purpose, all learning-based
methods are trained on the original resolution but evaluated on varying den-
sity of the input using random dropout.

As depicted in Figure 3.17, both presented methods, SGDC and SICNN
can handle the sparser input data well, while standard convolutions as well
as the approach of Jampani et al. [51] completely fail to complete the in-
put. The RGB guided methods of Ferstl et al. [26] and Barron et al. [2]
perform slightly better than SICNN but require RGB images. It is worth to
note that in contrast to the experiments in Section 3.6.1, the GT depth maps
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Figure 3.17: Quantitative results on the KITTI depth dataset. Quantitative results in MAE
[m] on a subset of the KITTI depth dataset for varying levels of input density.
The two presented methods, SGDC and SICNN are compared to several baselines
[2, 26, 51] which leverage RGB guidance for depth completion as well as to two
standard convolutional neural networks with and without valid mask concatenated
to the input. Adapted from [111].

are automatically generated and the sampling strategy for the sparsity level
experiment is different. Instead of resembling a lower vertical resolution
as in Section 3.6.1, here depth measurements are randomly dropped which
benefits the approach of Ferstl et al. [26].

Synthetic-to-Real Domain Adaptation To evaluate the domain adap-
tion capabilities of SICNN, an additional experiment is conducted where mod-
els trained on the Synthia dataset are evaluated on the proposed KITTI depth
completion validation set.

Table 3.8 shows the performance of SICNN in comparison to the two regu-
lar CNN baselines using the same number of learnable parameters. The ex-
periments demonstrate that SICNN performs as well on KITTI as on Synthia,
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Train density: 10% 20% 30% 40% 50% 60% 70%

CNN 13.48 10.97 8.44 10.02 9.73 9.57 9.90
CNN+mask 16.44 16.54 16.16 15.64 15.27 14.62 14.11
SICNN 0.72 0.73 0.73 0.73 0.73 0.73 0.73

Table 3.8: Sparsity evaluation from Synthia to KITTI. Performance comparison in terms of
MAE [m] of different methods trained on different sparsity levels on Synthia and
evaluated on the proposed KITTI depth dataset.

(a) CNN

(b) CNN + mask

(c) SICNN

Figure 3.18: Domain adaptation from Synthia to KITTI. Qualitative comparison of the best
network variants from Table 3.8 trained on synthetic Synthia [95] and evaluated
on the proposed real world KITTI depth dataset. While SICNN adapts well to the
novel domain, standard convolutional neural networks fail completely in recover-
ing sensible depth information, even if a mask is concatenated to the input depth
map. Adapted from [111].

while the dense baselines are not able to adapt to the new domain and fail
completely. Qualitative results of this experiment are shown in Figure 3.18.
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3 Depth Completion

3.7 Discussion

In this chapter the task of completing sparse depth measurements was intro-
duced. In order to solve this task, two different depth completion approaches
were presented as well as a large-scale dataset to train and evaluate those
methods in a typical autonomous driving setting.

The first proposed method, SGDC, exploits boundary cues and pixel-wise
semantic class labels obtained via a high resolution guidance image and
fully convolutional networks. In order to preserve depth boundaries and
fine structures, those cues are combined in a geodesic distance measure. The
depth completion task is then formulated as a pixel-wise global energy min-
imization problem. In order to reduce runtime, a suitable approximation is
chosen which allows to reduce the number of parameters to enable real-time
optimization. A thorough evaluation on three different public datasets was
carried out at different application-levels. Competitive results are achieved,
especially in randomly structured scenes. Furthermore, without the seman-
tic cue, SGDC does not rely on large training datasets and is therefore also
suited for applications where no ground truth depth is available. SGDC can
particularly exploit its strength at very sparse depth measurements or a high
target resolution. Here, the performance gap to the baselines increases in
terms of both computational demands and depth accuracy. Furthermore, the
experiments demonstrate robustness to noise and false depth measurements,
e.g. due to occlusions.

However, there still remain some open problems. Especially for the tar-
get application of autonomous driving, where only very sparse LIDAR data
is available, there are many outliers and the accuracy is still not satisfac-
tory. In order to push the limits even further, a second approach, SICNN, was
presented which leverages the potential of deep learning. SICNN introduces
sparse convolution modules in order to handle sparse input data. In contrast
to regular convolutions these sparse convolutions are invariant to the level
of sparsity resulting an improved performance. Furthermore, SICNN gener-
alizes well to novel domains and sparsity levels. Although SICNN does not
use RGB images as guidance, it shows superior performance to SGDC on the
newly presented large-scale KITTI depth completion dataset. This is mostly
due to fewer larger errors which can be critical in the case of autonomous
driving. As both approaches have their strengths and weaknesses an interest-
ing future direction is to combine SGDC and SICNN. While today deep learn-
ing is essential to achieve state-of-the art results, model based approaches
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still have their validity as they introduce physical constrains. Using such a
model-based approach but learning the optimization could result in a much
better performance while being able to ensure that physical conditions are
still considered.

A drawback of deep learning-based approaches like SICNN is that they
need a large amount of data to be trained. For the task of depth comple-
tion, no actual real world depth completion dataset was available at the time
those works were published. Therefore, another contribution was to pro-
vide a newly annotated dataset with 93k depth annotated images for training
and evaluating depth prediction and depth completion techniques. Addition-
ally, a benchmark for the task of depth completion and single image depth
prediction was created. Since the publication of the dataset and the bench-
mark, the research community achieved considerable advances in the task of
depth completion and single image depth prediction. The online benchmark
for depth completion now lists over 125 methods (22nd of July 2022) and
the number is still increasing.

Both presented methods as well as the dataset and benchmark motivated
several follow-up works [10–12, 25, 64, 90, 112, 120]. The trend on the
benchmark shows that using RGB images as guidance, larger networks, mul-
tiscale features as well as attention-modules are key for an accurate depth
completion if structured LIDAR data is used as an input. Worth to mention
is the work of Eldesokey et al. [25] which extends SICNN by propagating
confidence instead of only binary masks through the network. It is one of
the few works which explicitly handles sparse data in the input.
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In this dissertation, we worked towards robust data representations for cam-
era and LIDAR sensors in order to exploit their advantages for the task of
autonomous driving. In Chapter 2, we discussed the need of an accurate
extrinsic calibration as a prerequisite for a successful sensor fusion. We
learned that deep neural networks are able to register multimodal sensor
data providing both an accurate initial and a continuous online calibration
without human interaction. Next, in Chapter 3 we investigated how to com-
bine highly accurate LIDAR scanner measurements with camera features to
obtain dense depth maps. To this end, two different depth completion ap-
proaches were presented, accompanied by a large-scale depth dataset. In
Section 3.3 we learned how we can formulate the problem of depth comple-
tion as a set of planes and optimize their parameters by considering image
gradients and semantic information in an energy minimization. To push the
depth map accuracy even further, we investigated the potential of deep learn-
ing for the task of depth completion in Section 3.4. We noticed that standard
CNNs fail to handle randomly sparse input and worked towards a sparse con-
volution module which is invariant to the level of sparsity it is presented.
In order to train and evaluate the dense depth methods a large-scale depth
dataset in Section 3.5 was introduced which was published together with a
public benchmark for the tasks of depth completion and single image depth
prediction.

In the subsequent sections, the research questions posed in Section 1.5 are
addressed, and the lessons learned are discussed in Section 4.1. Finally, this
dissertation is concluded by discussing open research questions and possible
future work in Section 4.2.

4.1 Discussion

Convenient and accurate extrinsic calibration An accurate extrinsic
calibration of multimodal sensors is a critical prerequisite for most sensor
data fusion approaches, including the ones presented in this work. We have
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found that available extrinsic calibration approaches are suited for either an
accurate initial or a continuous online calibration, but not for both. Further-
more, most initial calibrations are computationally expensive and require
human interaction. Therefore, in Chapter 2, we investigated a multimodal
sensor registration system which uses deep learning to address those short-
comings. We found that the presented method is able to provide both, an
accurate extrinsic post-drive calibration and a continuous online monitoring
and improvement of a given calibration. We noticed that the initial calibra-
tion can be a very rough estimate of the relative pose which in the range of
up to 0m−1.5m for the translational components and 0°−20° for the Euler
angles. This indeed enables an accurate and convenient calibration process
as it keeps human interaction minimal (only the rough calibration needs to
be known). We also learned that deep learning, though barely applied to
the task of extrinsic calibration, seems to be a very promising tool for sen-
sor registration. This should encourage further research into this direction,
applying multimodal sensor registration to other domains and datasets.

Common representation for images and depth We learned that the
high resolution camera grid is a popular choice to fuse raw camera and
LIDAR measurements as it is convenient and allows using well-studied image
operations and powerful CNNs. However, after projecting the LIDAR depth
measurements onto the image, only few pixels are valid which prevents a
1-to-1 correspondence between depth estimates and RGB features. In this
dissertation, we have investigated in Chapter 3 how we can obtain high res-
olution dense depth maps by completing projected sparse depth points. We
have learned in Section 3.3 that exploiting boundary cues and pixel-wise se-
mantic information of the RGB image as guidance can yield accurate depth
maps with sharp depth edges. Additionally, we have noticed in Section 3.4
that by leveraging deep learning for the task of depth completion, we can
further boost the accuracy of the obtained dense depth maps. We also saw
that both approaches have their advantages and disadvantages. While the
deep learning-based approach is more accurate, it requires access to ground
truth data which is often hard to acquire. The optimization-based approach
instead does not require ground truth depth maps but can have larger er-
rors in the far distance if the input gets very sparse. In conclusion, the two
presented approaches need to be chosen depending on the application and
available data at hand.
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Handling sparse data with CNNs In Section 3.4 we have investigated
the impact randomly sparse input has on conventional CNNs. We found out
that naïve methods such as assigning a default value to the missing input
or concatenating a valid pixel mask does both lead to unsatisfactory results.
For this reason we worked towards a sparsity invariant convolution module
and showed that this module can indeed handle different levels of sparsity in
the input. Furthermore, we learned that those sparse convolutions generalize
well to novel domains and different levels of sparsity. We also looked into
applications where handling sparse data is required and saw that by stacking
several sparse convolutions to a sparsity invariant CNN we are able to solve
tasks like depth completion or semantic segmentation given sparse input
data. One of the key aspects we noticed was that those models are able to
perform well on a different level of sparsity than the one the network was
presented during training. This is an important ability as it enables handling
different sensor setups without retraining.

Large-scale depth dataset Due to the increasing success of deep neural
networks, large-scale datasets for autonomous driving have become increas-
ingly important. However, we learned that for the task of depth prediction
and depth completion no large-scale real world dataset was available. There-
fore, the KITTI depth dataset was introduced in Section 3.5. The dataset
contains 93k depth annotated images for training and evaluating. Further-
more, we saw a need of a unified comparison of depth estimation methods.
Therefore, the large-scale depth dataset is accompanied by a corresponding
public benchmark for the task of depth completion and single image depth
prediction. The benchmark contains a leaderboard and has test data with
ground truth hidden to the public allowing for a fair comparison of submit-
ted depth estimation methods.

4.2 Future Work

In this final section we discuss potential future work that goes beyond the
scope of this dissertation. In particular, shortcomings of the presented ap-
proaches are addressed, open questions raised and future research directions
suggested.
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LIDAR Camera Calibration In Chapter 2 an extrinsic calibration ap-
proach was presented which is one of the first to ever tackle this task with
a CNN. While we have seen promising results, newer and more advanced
deep learning methods can have even further potential to push the accuracy
of the results. In particular, the use of transformer-based architectures [24,
113] seems promising as the attention mechanism could allow for a better
learned registration between the multimodal image features and could give
more global context than the quite restricted FOV of the CNN which was
used in this dissertation. Another point of improvement is the iterative re-
finement. In the presented approach it was used to circumvent the issue of
the network tending to focus on large deviations. However, the calibration
ranges for the expert networks are chosen manually. Future work could aim
at replacing the iterative refinement with an end-to-end trained recurrent
network. This could be realized by a differentiable projection layer which
allows creating depth maps from the resulting calibration. Another draw-
back lies in the implementation of the temporal filtering where the median
over the whole sequence was chosen in order to filter the noisy network
estimates over time. However, there might be scenes which are particu-
larly well-suited for calibration. Allowing the network to determine those
situations itself, might yield to improved results. Long Short-Term Mem-
ory (LSTM) networks might be of interest to improve this part in the future.
Finally, restricting the initialization of the calibration to have a maximum
error of 1.5m/20° might not be too much of an effort in practice, however,
it still requires the involvement of humans in the calibration process. Future
work could aim at an approach which operates directly on the raw LIDAR
point clouds without requiring an initial projection.

Semantically Guided Depth Completion One of the downsides of the
depth completion approach presented in Section 3.3 is the amount of param-
eters which are used in the optimization. They need to be tuned carefully
in order to achieve a good performance. A potential future direction could
be to learn the parameters of the optimization using the large-scale depth
dataset presented in Section 3.5.

Modeling the environment with planes was one of the keys in the pre-
sented approach. However, after the approximation, the pixels are clustered
to larger planes which can span many objects if no additional depth mea-
surements are available in between. This often results in a bad performance
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if the projected point cloud is very sparse which is especially the case in
the far distance. Therefore, the approach could be further improved by an
intelligent spawning of additional depth points to mitigate this.

Using semantic segmentation to guide the depth completion leads to
promising results, but semantic segmentation alone does not allow distin-
guishing depth jumps between two neighboring objects of the same class.
Using a panoptic segmentation approach [59] instead could yield improve-
ments here.

Sparsity Invariant CNNs In Section 3.4 we learned that conventional
CNNs are not able to handle randomly sparse data in the input. However, we
also found that structured sparse data as for example caused by the projec-
tion of depth sensors such as LIDAR sensors causes fewer problems. This
raises the question of which forms of sparsity exist and how they affect the
performance of the task. Figure 4.1 shows that missing depth measurements
do not necessarily result in missing information for a certain area. Also, the
regular pattern of the projected LIDAR point cloud of the presented real world
dataset can reveal information at locations where no LIDAR beam was re-
turned (e.g. no returns on a car indicate there is a windowed surface). Future
research could aim at targeting both the benefits of sparsity invariant convo-
lutions and at the same time also consider missing depth measurements as a
source of information. As also pointed out by Eldesokey et al. [25] propa-
gating confidences instead of only binary masks through the network allows
adding additional information to the depth map. This is an important feature
if the completed depth map is used as an input to another algorithm.

Large-Scale Depth Dataset The presented large-scale depth dataset
and benchmark motivated many new approaches for depth completion and
single-image depth prediction after publication. While the approaches be-
came better and better in terms of the metrics used for ranking such as RMSE
and MAE, most algorithms [10–12, 25, 64, 90, 112, 120] produce blurred
depth edges. One of the reasons for that is that the dataset does not have
sharp depth edges itself due to the inconsistency of LIDAR and stereo mea-
surements in those areas. Most of the inconsistencies are caused by sensor
displacement. Future depth datasets should be encouraged by this finding
to provide sharper depth edges and also metrics which consider objects to
be sharp especially at depth borders. Another downside of filtering accumu-
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Figure 4.1: Missing data is not missing information. Projecting data of real world sensors
often also reveals information at missing locations. For example, some surfaces
might reflect infrared light resulting in scatter and hence missing depth measure-
ments. This, however, can be a very important information to a neural network
and including the location of pixels with missing information might in this case
improve the task at hand.

lated LIDAR point clouds with stereo measurements is that dynamic objects
are often very sparse. This bias could result in approaches that perform
worse on those objects. A better idea could be to track the position and
shape of objects over time and with that provide denser depth for all dy-
namic objects.
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Fusing camera and LIDAR data in the context of autonomous driving 
poses significant challenges. First, a convenient yet accurate calibration is 
required. Second, data representations are critical as camera and LIDAR 
differ significantly. Finally, as autonomous driving is heavily based on ma-
chine learning, a large amount of training and evaluation data is required.
In this book, those challenges are addressed by proposing three different 
methods, each accompanied by associated experiments. First, a method 
for LIDAR-to-camera calibration is presented which is the first to success-
fully apply a deep neural network for calibration and with that replaces all 
common calibration steps. Furthermore, two different depth completion 
approaches are presented, which allow processing depth measurements in 
the same space as the RGB image. Both methods perform well on various 
domains. Finally, a large-scale depth dataset is introduced which consists 
of 93k RGB and depth images and can be used to train and evaluate 
camera and LIDAR-based algorithms.
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