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ABSTRACT

Modern digital imaging pipelines transform incident light from the
physical world into high-level semantic information for a variety of
applications, such as medical imaging, robotics, visualization, and
autonomous driving. They consist of multiple stages, including the
focusing of light on an image sensor by optical systems, the measure-
ment on the sensor itself, and further processing by an image signal
processor (ISP) that also reduces noise and other errors from the mea-
surement process, before the image is consumed by a task-specific
algorithm such as a deep neural network. Conventionally, the training
of the network is largely decoupled from the rest of the components,
which are typically optimized for general-purpose use cases or hu-
man perception. This thesis investigates how imaging pipelines can
be improved (i) as a whole by jointly optimizing sensor parameters
and downstream learning-based algorithms, and (ii) by developing
efficient low-level reconstruction and error-removal methods to han-
dle the unavoidable imperfections introduced in the measurement
process.

The first part of this thesis focuses on the task-driven design of
sensors. It develops methods to optimize the physical position of
pixels on a sensor and the shape of spectral color filters, jointly with a
downstream neural network to solve specific tasks. Although learned
sensor layouts show a significant improvement in a variety of tasks
compared to uniform grids, no such improvement could be found for
learned spectral color filters in experiments for the specific task of
semantic segmentation in autonomous driving, suggesting that, in this
setting, the information gained from the spatial positioning of pixels
is more impactful than fine-grained spectral information.

The second part of the thesis improves the handling of imperfect
measurements through several methods. It includes a provably conver-
gent plug-and-play variational scheme with learned priors for solving
inverse problems, a generic depth image enhancement method utiliz-
ing normal consistency constraints, and an outlier-robust point-based
rendering algorithm that can directly render very noisy point clouds
produced by depth sensors.



ZUSAMMENFASSUNG

Moderne digitale Bildgebungsverfahren transformieren einfallendes
Licht aus der realen Welt in semantische Informationen fiir eine
Vielzahl von Anwendungen, wie in der medizinischen Bildgebung,
der Robotik, der Visualisierung und dem autonomen Fahren. Diese
Bilderverarbeitungs-Pipelines bestehen aus mehreren Stufen, darunter
die Fokussierung des Lichts auf einen Bildsensor durch optische Syste-
me, die Messung auf dem Sensor selbst, sowie die Verarbeitung durch
einen Image Signal Processor (ISP), der unter anderem Rauschen und
andere Fehler aus dem Messprozess reduziert, bevor das resultierende
Bild von einem Algorithmus (wie einem neuronalen Netz) weiterver-
arbeitet wird. Normalerweise ist das Training des Netzes weitgehend
von den anderen Komponenten entkoppelt. Diese werden oft fiir all-
gemeine Anwendungsfille oder fiir die menschliche Wahrnehmung
optimiert. Diese Arbeit untersucht, wie solche Pipelines in der Bild-
verarbeitung (i) als Ganzes durch die gemeinsame Optimierung von
Sensorparametern und lernbasierten Algorithmen verbessert werden
konnen und (ii) wie effiziente Rekonstruktions- und Korrekturverfah-
ren entwickelt werden konnen, um die unvermeidbaren Fehler in den
Bilddaten zu behandeln.

Der erste Teil dieser Arbeit konzentriert sich auf dem Design von
Sensoren fiir spezifische Aufgaben. Es werden Methoden entwickelt,
um das Layout von Pixeln auf einem Sensor sowie die Form spektraler
Farbfilter gemeinsam mit einem nachgelagerten neuronalen Netz fiir
eine spezifische Aufgabe zu optimieren. Wahrend gelernte Sensorlay-
outs in einer Vielzahl von Aufgaben gegeniiber gleichmafsiig verteilten
Pixeln deutliche Verbesserungen zeigen, lief3 sich ein solcher Vorteil
tiir gelernte Farbfilter durch Experimenten zur semantischen Segmen-
tierung im autonomen Fahren nicht nachweisen. Dies deutet darauf
hin, dass in diesem Szenario die durch die raumliche Anordnung der
Pixel gewonnene Information mehr Einfluss hat als feiner aufgeloste
spektrale Information.

Der zweite Teil der Arbeit verbessert die Verarbeitung fehlerbehaf-
teter Bilddaten durch verschiedene Verfahren. Er umfasst ein Plug-
and-Play Verfahren mit nachweislicher Konvergenz und gelernten
Regularisierern zur Losung inverser Probleme, eine generische Metho-
de zur Verbesserung von Tiefenbildern sowie einen punktbasierten
Renderalgorithmus, zum Rendern von Punktwolken mit starkem Rau-
schen.
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INTRODUCTION

Modern digital imaging systems are the foundation for a wide range
of applications, such as photography, medical imaging, robotics, and
autonomous driving. These systems transform incident light from the
physical world into high-level semantic information suitable for the
corresponding downstream task, and consist of multiple components,
including optical elements, an image sensor, analog-to-digital con-
verters, and an image signal processor (ISP) (containing algorithms
to solve low-level vision tasks such as denoising and demosaicing),
followed by a task-specific algorithm or neural network.

In many practical systems, the design of the individual stages of
this imaging pipeline is largely decoupled from the task to be solved.
Optics and sensors are commonly developed for general-purpose use-
cases, with the main criterion being human perception. Because this
focus on perception is so common, downstream algorithms are also
typically designed with these general-purpose imaging systems in
mind. This is especially the case for learning-based techniques, such
as neural networks, since they can make use of the large amount
of already existing training data. Although these general-purpose
systems are modular, i. e., the same camera system can be used with
many different tasks, they may be suboptimal when the ultimate
goal is the performance on a specific computational task and not the
perceptual quality of the intermediate images. Thus, a more integrated
approach that involves the whole imaging pipeline and considers
not only neural network weights as optimization variables but also
the configuration parameters of the optics and sensor is a promising
research direction.

At the same time, each stage of an imaging pipeline introduces un-
avoidable errors, such as optical aberrations, noise, and discretization
or quantization errors. Many of these error sources have trade-offs that
are closely linked to the configuration of the optics and sensor, e. g.,
larger pixels result in less noise. In many imaging modalities, such
as time of flight (ToF) depth cameras under strong ambient lighting
conditions, the errors are quite strong and lead to noisy and incom-
plete depth maps that require processing before they can be reliably
used for higher-level tasks. Solution methods for these low-level vision
problems, such as denoising, deblurring, and super-resolution, have
in recent years been dominated by deep learning techniques. However,
physically motivated classical approaches with theoretical guarantees
are still attractive in many safety critical applications. Improving the



performance of these low-level vision methods is also a key aspect for
improving the overall imaging pipeline.

1.1 CONTRIBUTIONS

This dissertation investigates how imaging pipelines can be improved
by (i) jointly optimizing sensor parameters and downstream learning-
based algorithms for high-level tasks, and (ii) developing efficient,
low-level reconstruction and error-removal methods that account for
the underlying noise characteristics and defects, which are unavoid-
able in image acquisition. Specifically, the thesis makes the following
contributions.

TASK-DRIVEN OPTIMIZATION OF SENSOR LAYOUTS A framework
for the joint optimization of the spatial arrangement and shape of
pixels on an image sensor with a downstream task-specific neural
network is introduced. The method includes a differentiable parame-
terization of non-uniform rectangular and curvilinear pixel geometries,
which enables end-to-end optimization by common gradient-based
optimization algorithms. Experiments on semantic segmentation for
autonomous driving and other tasks show that, for a given pixel bud-
get, tailored sensor layouts can significantly outperform conventional
uniform layouts. This approach has been published in [Som+24].

END-TO-END FRAMEWORK FOR LEARNING COLOR FILTERS An end-
to-end differentiable sensor simulation is developed for learning spec-
tral color filters for a specific task. The sensor model includes a realistic
differentiable shot noise model, and allows the joint optimization of
spectral filter curves and downstream networks using hyperspectral
images as training data. Under realistic noise assumptions and for
the specific task of semantic segmentation in autonomous driving,
experiments show that the learned filters do not have a statistically
significant advantage over hand-crafted filters.

ENERGY DISSIPATION WITH PLUG-AND-PLAY PRIORS  Plug-and-play
methods are flexible hybrid algorithmic schemes that combine physi-
cally informed, classical variational methods with powerful (learned)
denoising priors to solve inverse problems, such as image reconstruc-
tion tasks. However, when the denoiser is a deep neural network,
either theoretical guarantees of these algorithmic schemes have to be
sacrificed, or heavy restrictions have to be put on the network. The
thesis contributes a novel algorithmic scheme based on the proximal
gradient method, which provably converges to the minimizer of a given
energy with any deep denoising prior, without any restrictions on the
network. This method has been published in [SKM1g9].



GENERIC FRAMEWORK FOR DEPTH ENHANCEMENT A modular deep
learning architecture is proposed for the enhancement of depth maps
obtained from arbitrary sources. The framework utilizes normal con-
sistency constraints to enforce the inherent geometric relationship
between depth and surface normals. The method is applicable to
low-level vision tasks such as depth denoising, deblurring and super-
resolution, and experiments confirm that inclusion of normal consis-
tency improves reconstruction quality. This method has been pub-
lished in [SK22].

OUTLIER-ROBUST POINT CLOUD RENDERING A direct point-based
rendering technique is presented, which enables real-time visualiza-
tion of very noisy point clouds. The method employs a novel binned
A-buffer data structure that uses a hashing scheme to efficiently accu-
mulate and filter point contributions per pixel, which allows removal
of heavy outliers without preprocessing the point clouds. This ap-
proach is particularly effective for point clouds produced by noisy
depth sensors such as ToF cameras under poor ambient lighting con-
ditions. This method has been published in [SK24].

1.2 THESIS OUTLINE

The remainder of the thesis is structured as follows. Chapter 2 ex-
plains mathematical and conceptual foundations needed in this the-
sis. It begins with the physical and mathematical foundations of op-
tics and the measurement process of complementary metal-oxide-
semiconductor (CMOS) and ToF sensors. The explanations in this
section focus in particular on the understanding and modeling of
imperfections and error sources of the various stages of the image
formation process, which are central to this dissertation. The chapter
continues with an introduction on deep learning and both classical
and hybrid methods to solve inverse problems, which can be utilized
for the removal of the imperfections introduced in the image forma-
tion process. Chapter 2 finishes with the basic concepts of point cloud
representation and rendering. Chapters 3 and 4 present data-driven
methods for the joint optimization of network parameters and the
spatial sensor layout (Chapter 3) or color filters (Chapter 4) to solve
higher-level vision tasks. The next two chapters deal with low-level
vision tasks for improving existing images that have already been
measured by a sensor. Chapter 5 explains the provably convergent
plug-and-play algorithmic scheme to solve inverse problems with
learned priors, and Chapter 6 develops the general depth image en-
hancement framework using geometric constraints. Then, Chapter 7
introduces a point based rendering method that can deal with high
levels of noise and outliers stemming from noisy depth measurements.



4 | INTRODUCTION

Finally, Chapter 8 summarized the key findings of this dissertation
and gives possible directions for future work.



2 FOUNDATIONS

This chapter begins with fundamental concepts and sources of error
in the image formation process, such as optics and measurement,
in Section 2.1. Afterwards, it explains deep neural networks in Sec-
tion 2.2, which are used in various parts of this thesis. In Section 2.3
the problem statement and solution methods for inverse problems
are introduced. Inverse problems can model common imperfections
during image formation and other image reconstruction problems.
Finally, Section 2.4 gives a brief overview of point cloud rendering
techniques.

2.1 IMAGE FORMATION

Imaging systems convert light from the physical world into digital sig-
nals that can be stored, processed, and interpreted. An understanding
of this image formation process is crucial to describe the error sources
that arise in computer vision and computational imaging tasks [Sze22].
The physical properties of light (or more generally electromagnetic
radiation), the design of the optical elements and sensor characteristics
all influence the quality and accuracy of acquired images.

This section introduces the main physical and mathematical con-
cepts behind image formation. Section 2.1.1 revisits relevant principles
of geometrical optics, including the behavior of light through lenses,
which describes how scenes are projected onto image sensors, as
well as optical aberrations. Subsequently, Section 2.1.2 deals with the
measurement of light by complementary metal-oxide-semiconductor
(CMOS) or charge-coupled device (CCD) sensors. The measurement
equation is introduced as a mathematical model that describes how
the light hitting individual pixels on the image plane is converted
into energy measurements. This model serves as a foundation for
the later work on the optimization of sensor layouts and color filters
in this dissertation. The measurement process is subject to various
types of noise sources, which are also modeled in this section. Finally,
Section 2.1.2.6 explains depth imaging with time of flight (ToF) sensors
and their unique error sources.



2.1.1  Optics

This section will give a brief introduction to the basic optical principles
relevant to this dissertation and the role of an optical system in the
broader imaging pipeline. A more complete reference can be found in
[Hec17] or [Sze22].

2.1.1.1  Overview

Optics is the field of physics that deals with the behavior of light.
Light is a special case of electromagnetic radiation, which is a physical
phenomenon described as disturbances of the electromagnetic field
propagating through space as waves. The wavelength of visible light
lies in the range of roughly 380 nm (violet) to 780 nm (red). However,
this dissertation follows a more broad use of the term light and also
includes parts of the near infrared spectrum with a wavelength of up
to 950 nm.

A complete physical description of how light behaves and propa-
gates requires an understanding of its wave-like nature, as well as
its electromagnetic and quantum properties. This involves solving
Maxwell’s equations to describe electromagnetic wave propagation
and the principles of quantum mechanics to describe phenomena such
as photon quantization and fluorescence [Hec17]. However, for most
macroscopic imaging applications, such a comprehensive model is
both impractical and unnecessary.

A widely used simplification is the geometric optics approximation,
which treats light as straight rays that only bend at the interface of
materials of different refractive indices. This approximation holds
when the wavelength of light is much smaller than the size of optical
elements and surface structures with which the light interacts.

An optical system refers to an arrangement of optical components,
such as lenses and apertures, that are usually designed to focus light
from a scene onto an image plane, with the goal of preserving as much
spatial detail as possible. Section 2.1.1.2 and Section 2.1.1.3 introduce
simplified camera models for this process, followed by a discussion
of common imperfections and aberrations introduced by real-world
optical systems in Section 2.1.1.4.

2.1.1.2 Pinhole camera model

The pinhole camera model is a fundamental and idealized model of
image formation. It abstracts the optical system to an infinitesimally
small aperture through which all light rays from the scene must pass
before reaching the image plane. This means that every object-side ray
has a one-to-one correspondence to a point on the image plane, and
all objects are perfectly in focus. Despite its simplicity, this model is

Light

Wave optics

Geometric optics

Optical system
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Figure 2.1: Pinhole Camera Model.

used in many algorithms in 3D reconstruction, image analysis, and
other computer vision tasks [FP12].

In the pinhole model, the aperture is placed at the origin of a 3D
coordinate system (see Figure 2.1). The view direction is along the
negative z-axis and is also referred to as the optical axis. The pinhole
divides the coordinate system into an object side, with negative z
coordinates and an image side, with positive z coordinates. The image
plane is located behind the pinhole on the image side at a distance
equal to the focal length f. Scene points are projected through the
pinhole onto this image plane, forming an inverted image. To avoid
dealing with image inversion, an equivalent formulation is often
used in which a virtual image plane is placed in front of the pinhole
at a distance f. This convention will also be used in the following
explanations.

Let a point in the scene be given by P = (x,y,z)" € R®. In the
ideal pinhole model, this point projects onto an image coordinate
P’ = (u,0)" € R? on the image plane according to the following
equations:

U=-—, v==—" (2.1)
This transformation captures the perspective projection effect: objects

farther from the camera appear smaller on the image plane. In ho-
mogeneous coordinates, this can be written as the matrix equation

(2.2)

N

Q

Il
o O
o Y O
_= o O

z

In practical imaging systems, the coordinates of points on the image
plane are typically measured in pixel units relative to one of the sensor
corners rather than continuous physical units (e. g.millimeters), and
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Figure 2.2: Thin lens model with the object plane perfectly in focus. Light
rays originating from a point source P in the object plane con-
verge to a single point P’ in the image plane. Rays parallel to the
optical axis (orange) always pass the focal point F.

it is then convenient to include offset parameters that represent the
principal point, i. e.the point where the optical axis intersects the image
plane. In such cases, the image coordinates in pixel units are given by
u= f’;—x +cyand v = fg—y + ¢y, or in matrix notation:

u fxr 0 oy X
Zlo| =10 fy ¢ v (23)
1 0 0 1 z

Here, (cx, ¢y) represents the coordinates of the principal point in the
image, and fy and f, represent the focal lengths in terms of pixel
dimensions in order to allow rectangular pixels.

Although the pinhole camera model is useful for a variety of tasks
because of its mathematical simplicity, it lacks the ability to capture
several important real-world phenomena, such as optical aberrations.
Since everything is in focus, it cannot model depth of field and out-
of-focus blur effects. Furthermore, an (even approximately) infinites-
imally small aperture is impractical, since it would block almost all
incoming light, resulting in underexposed images with a low signal-
to-noise ratio (see Section 2.1.2). The model also ignores wave optical
effects, such as diffraction blur, that would become relevant at such
small aperture sizes.

2.1.1.3 Thin lens model

One way to increase the amount of light reaching the sensor is to in-
crease the size of the aperture, allowing more rays from a given object

Principal point

Limitations of
pinhole model



point to pass through the optical system. However, this introduces
defocus blur: light rays from a single object point no longer converge
at a single location on the image plane. Instead, they intersect the
image plane at different positions, causing the light to spread over a
region rather than forming a sharp point. Conversely, a single point in
the image plane may now receive contributions from multiple object
points, making it difficult to distinguish them. This overlap results in
defocus blur and loss of spatial detail in the resulting image.

To avoid this, an optical system should ideally focus all light rays
originating from an object point and passing the aperture onto a single
image point. Figure 2.2 shows the most basic lens model, i.e. the
thin-lens model that consists only of a single lens whose thickness
is considered negligible compared to the curvature of the spherical
lens surfaces [Sze22]. Like in the pinhole model, the lens is centered
at the origin of the scene’s coordinate system. The plane at the origin
perpendicular to the optical axis is called the principal plane. Using
the laws of refraction, the lensmaker’s equation can be derived as

e (k-4)

where f is the focal length of the lens, n is the index of refraction
of the lens material and R; are the radii of the curvature of the lens
surfaces. The derivation of this equation also makes use of the paraxial
approximation, i.e., that the angle between rays and the optical axis
is small, which is the case when objects are sufficiently far from the
camera [Hec17].

Light rays passing through the lens obey the following rules [Sze22]:

1. Rays passing through the center of the lens do not change direc-
tions.

2. All object-side rays parallel to the optical axis intersect it at
distance f behind the lens. This point is called the focal point F.

3. Rays intersecting the optical axis at distance f on the object side
become parallel to the optical axis on the image side.

4. Multiple object side rays that are parallel to each other, but not
necessarily parallel to the optical axis, all converge on the plane
containing F that is perpendicular to the optical axis. This plane
is called the focal plane.

Interchanging the terms object side and image side in these rules also
applies, e. g. rays intersecting the optical axis at the distance f on the
object side become parallel to the optical axis on the image side.

In the following, let d, denote the absolute distance from the lens
to the object point along the optical axis, and dy the corresponding
perfect focus image distance (i.e., where rays originating from the

Blur

Lensmaker’s
equation
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object point converge). Let d; be the actual distance from the lens
to the image or sensor plane (which may or may not equal dy). The
relationship of d, and dy is given by the Gaussian lens equation [Hec17,

p- 159]:

11,1 o)
FTd T d .5

This means that if the image plane (i. e., the sensor) is positioned at
distance d; behind the lens, all points in the object plane at distance
do in front of the lens are in focus. Rearranging equation (2.5) for d
yields the convergence distance of the rays as a function of d,:

fd,
de = , 2.6
R (2.6)
which is also where the image plane needs to be placed to focus
at distance d,. The image coordinates (u,v) in the image plane can
then be computed analogously to the pinhole model, using the factor

=

= Mx, 0= My (2'7)

The magnitude |M]| is called magnification and represents the ratio of
the object size on the object and the image plane. For a real image,
the object distance satisfies f < d,. Since d, > 0 and 4 F>0 denote
absolute distances, the factor M itself is negative, resulting in an
inverted real image.

As the object distance d, — oo, the image distance d; approaches f
in equation (2.5). This means that to focus on distant objects, the sensor
must be placed at the focal length behind the lens, which analogous
to the configuration in the pinhole camera model [Sze22].

If a point P is not in the object plane, i.e. the plane the camera
is currently focused on, the light rays intersect the image plane at
multiple points, which again results in blur. The radius of the blur
circle formed on the image plane by a point P that is not in focus is
called Circle of Confusion (CoC). The CoC provides a quantitative
measure of defocus and is useful for defining whether a point is
considered acceptably sharp. Let A be the diameter of the aperture,
ds the distance where the rays from P converge and d; the actual
distance of the image plane to the principal axis. The CoC can then be
computed as [PC82]

o aldr =il (2.8)
dy
It is clear that for d F= d; the CoC becomes zero, since the point is
now in focus.
Unless the scene only consists of a plane orthogonal to the optical
axis, not all objects can be focused at once, since the objects are at

Gaussian lens
equation

Magnification

Focus at infinity

Circle of Confusion
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Figure 2.3: Imaging a point out of focus. Light rays originating from the
point source P converge behind the image plane. The area in the
image plane illuminated by the point source is called the circle
of confusion and has diameter c (see equation (2.8)).

different distances. An important concept is the depth of field (DOF),
which describes the range in which objects are acceptably sharp, i. e. their
CoC is smaller than some threshold cmax. For digital cameras, this
threshold could, for example, be set to be smaller than the size of a
single pixel. An approximation of the DOF is usually given as [AT11]

2 2
D= ij;;NdO, (2.9)

where d, is the focus distance and N = f/ A is the ratio of focal length
and aperture diameter, called f-number, which is typically displayed
on camera lenses. Smaller f-numbers (larger apertures) thus result in
a larger depth of field. Focusing at the hyperfocal distance H given by

He I

+ 2.10
N f (2.10)

extends the DOF to its maximum from H /2 up to infinity [AT11]. The
hyperfocal distance is the closest focus distance at which points at
infinity are acceptably sharp. Focusing beyond it therefore does not
bring distant objects into better focus, but instead only shifts the near
limit of the depth of field farther away.

2.1.1.4 Aberrations

Even when a spherical lens is manufactured with perfect precision,
optical aberrations inevitably occur. This is because of the geometric
assumptions built into the simplified thin lens model.

11
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(a) Spherical Aberration (b) Coma
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(c) Field curvature (d) Chromatic aberration

Figure 2.4: Optical aberrations. (a) Light rays parallel to the optical axis no
longer converge in the focal point and cause a blurred image.
(b) Parallel rays that hit the lens at an angle pass the focal plane
in different positions. (c) Parallel rays focus on a curved surface
instead of a plane. (d) Light consisting of different wavelengths
has multiple focal planes.



The thin lens model assumes that the lens has an infinitesimally
small thickness and, consequently, that only a single refraction oc-
curs at the idealized lens plane, rather than separate refractions at
the two lens surfaces. Moreover, it relies on the first-order paraxial
approximation, which assumes that only light rays at small angles with
the optical axis reach the lens. This assumption simplifies the lens
equations, but breaks down for marginal rays that enter the lens at
larger angles.

The deviations that occur when moving from the paraxial approxi-
mation to a more accurate third-order approximation are known as
Seidel aberrations [Hec17, p. 259]. These aberrations are typically classi-
fied into the five categories of spherical aberration, coma, astigmatism,
distortion, and field curvature. Additionally, there are chromatic aberra-
tions, which arise due to the wavelength dependence of the refractive
index of a lens. The aberrations are described in more detail below
(for further reading, see [Hec17, Ch. 6.3]).

SPHERICAL ABERRATION On a spherical surface, marginal rays do not
refract to the point predicted by the thin lens model. This means
that rays parallel to the optical axis on the object side will not
converge exactly at a single point after passing the lens (see
Figure 2.4(a)). This phenomenon is known as spherical aberration.
The discrepancy between the focal points of the paraxial and
marginal rays leads to a blurred image.

coma For off-axis object points, parallel rays that enter the lens at an
angle to the optical axis do not converge at a single point on the
focal plane. This results in a blur that, unlike spherical aberration,
has an asymmetrical, comet-like intensity distribution, which is
why this aberration is called coma (see Figure 2.4(b)).

ASTIGMATISM Astigmatism occurs for off-axis object points, where rays
lying in two orthogonal planes focus at different distances. If
the camera is focused such that the rays in one of those planes
converge on the image plane, the rays in the other plane will
form an elongated blur spot.

pIsTORTION The magnification factor M is typically not constant,
but depends on the distance from the optical axis. This causes
objects near the image corners to either appear larger (pincushion
distortion) or smaller (barrel distortion) than objects near the center.
This aberration does not cause blur on its own, and can often be
removed by software after the image is taken with the help of
camera calibration models, e. g., [Zhaoo].

FIELD cCURVATURE The ideal thin lens model assumes a flat image
plane, but spherical lenses actually focus incoming rays onto a
curved surface. When the sensor is flat, only a portion of this

13
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curved surface is in perfect focus, causing regions toward the
edges to appear blurred (see Figure 2.4(c)).

CHROMATIC ABERRATION Because the refractive index of a lens mate-
rial varies slightly with wavelength, different colors are refracted
by different amounts. This means light of varying wavelengths
converges at different points, resulting in colored fringes around
edges in the image (see Figure 2.4(d)).

In real optical systems, these aberrations occur in combination rather
than in isolation. High-end real-world camera lenses often mitigate
these aberrations with more complex optical systems, consisting of
multiple lens elements. The principle is that aberrations from one
element can be partially canceled by carefully designed opposing aber-
rations from another element. The description of multi-lens systems
is more complex than the models presented in this dissertation. A
comprehensive overview can again be found in [Hec17]. Despite these
mitigation techniques, simpler lens systems with inherent aberrations
remain prevalent in many computer vision applications due to cost,
weight, and size constraints, making computational deblurring and
aberration correction techniques still highly relevant.

2.1.2 Measurement

The previous section described how optical systems are designed to
reshape light rays originating from a scene to ideally focus on an
image plane. This section describes how the light hitting the sensor is
measured and converted into a digital representation, specifically in
CMOS sensors.

2.1.2.1 Radiometric quantities

Light, as electromagnetic radiation, can be interpreted as a stream of
individual photons. Each photon hitting a sensor pixel has a chance to
generate an electric charge, that is accumulated, converted to a voltage
and then into a digital representation. The total charge accumulated in
a pixel is proportional to the number of photons and thus the intensity
of light hitting the pixel. To understand the relationship of light rays
in the context of geometric optics in the last section and this high-level
overview, basic radiometric quantities need to be introduced [PJH23].
This connection between geometric optics and sensor measurement is
especially useful for sensor simulation, e. g. with raytracing algorithms.
An individual photon has an energy depending on its wavelength

(2.11)

where & is the Planck constant, c is the speed of light in a vacuum,
and A is the wavelength of the photon. The total amount of radiant



energy Q. (measured in joules ]) of the stream of photons is the sum
of the individual energies, which for a continuous wavelength band
turns into an integral

Q. = / " N(VEX) dA, (2.12)
0

where N(A) is a density function that describes the number of photons
with a wavelength in a small interval around A*.

While radiant energy Q. describes the total energy of electromag-
netic radiation, imaging systems are often more concerned with how
much energy is received in a short period of time. Radiant flux ® is
defined as the radiant energy per unit time

dQ.
dt

measured in watts (W = ]/s). This quantity describes the rate at
which radiant energy is emitted or received. In the context of image
sensors, the total electromagnetic energy transferred to a pixel is the
radiant flux integrated over the exposure time.

The individual pixels of an image sensor only have a finite area.
Intuitively, the number of photons that hit a pixel is influenced by
the size of that area. The flux per unit area is called irradiance and is
defined as

Ee=—r. (2.14)

@, =

(2.13)

Integrating irradiance over the pixel area A yields radiant flux, and
integrating irradiance over the exposure time yields radiant exposure

. dQe . tmax
H, = TA —/t E.(t)dt. (2.15)

min

Every point inside a pixel can be hit by light rays from all directions
on a hemisphere. Radiance is the flux per unit area and per unit
steradian and is defined as
AP,
~ dwdAcost’
where w is a solid angle and 6 the angle between the normal of the
surface and the incident light ray. Radiance can be seen as the flux
contribution of a single ray of light and is thus fundamental in many
algorithms in computer graphics, such as path tracing [PJH23].

There are spectral versions for each radiometric quantity that de-
scribe the contribution of each wavelength to the total ,e. g., spectral
radiance is defined as

Le (2.16)

Le,/\ = ﬁ;
In the literature, the subscript e usually distinguishes radiometric from photometric
quantities, which then have subscript v. This convention will also be used throughout
this thesis.

(2.17)
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which can be converted back by integrating over all wavelengths, i.e.,

L, = /0 T Loa(A) dA. (2.18)

Given a spectral radiance function L, (p, w,t, A), that computes the
radiance at every position p from direction w at time ¢, the radiant
energy arriving at a single pixel k can now be computed as

/\max tmax
Q’e‘:/ / / /Le,;\(p,w,t,/\) cos(0) dwdpdtdA. (2.19)
. /\min Jtmin - Ak Q

The integral computes the radiant energy by taking the contributions
of all rays of all wavelengths over the exposure time [fmin, fmax|, cOming
from the hemisphere of all possible directions (), and hitting the set of
all points inside the pixel’s area Aj. Note that the aperture of the opti-
cal system in front of the sensor actually restricts the set of directions
that actually have contributions to a subset of the hemisphere.

2.1.2.2 Photon to charge conversion

A typical camera sensor consists of an array of photodiodes that are
capable of converting light into electric currents. Each photon hitting
a photodiode has the probability #(A), known as quantum efficiency to
generate an electric charge. Thus, for monochromatic light consisting
of N photons of a single wavelength, the actual measured charge g is
Poisson distributed with expected value § proportional to the intensity
of incident light and is expressed as

e A
7= (0N = n(2)egees = n(N)ez Qe (2.20)

where e is the elementary charge of an electron. The probabilistic
nature of charge generation is an unavoidable error source that will
be further analyzed in Section 2.1.2.5.

The factor

R(A) = 17(/\)3% (2.21)
in equation (2.20) is called responsivity and gives the conversion ratio
of optical energy to electric current of the sensor (in A/W) [Hui20].
The responsivity of silicon, which is the most common semiconductor
used in CMOS sensors, grows nearly linearly with wavelength in the
visible wavelength domain, but drops off sharply at around 1000 nm
(see Figure 2.5).

Absorbing the responsivity factor into the definition of Q¥ inside
equation (2.20), and integrating the contributions over all wavelengths
by inserting equation (2.19) gives the expected charge at pixel k [HKg4]

)\max tmaX
qk:/ / / /R()\)Le,)\(p,w,t,)\)cos(@)dwdpdtd)u (2.22)
A A Jo

min Emin

Quantum efficiency

Responsivity
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Figure 2.5: Responsivity curve of a typical silicon photodiode and reference
lines for constant quantum efficiencies. Data taken from the
Thorlabs FDS10x10 data sheet [14].

Note that it is assumed here that the responsivity is constant over time
and all positions inside the pixel. The collected charge is converted to
a voltage, amplified and further converted into digital numbers. In an
idealized sensor model [EMV21], this processing is linear, such that
the final digital number

I = g (223)
with linear gain g is proportional to the energy of the incident light.
Note, that a real sensor would also include a quantization step which
is ignored for now for simplicity.

In real cameras, the pixel size |Ai| and often also the exposure time
At = tmax — tmin are very small. If the radiance inside of a pixel and
over the exposure is seen as approximately constant, the collected
charge and thus I; are up to first order also proportional to the radiant
exposure (because H, = ‘ﬁ" means Q, ~ H,|Ai|) or the irradiance
hitting that pixel (because E, = él:ng means Q. ~ E,At|Ay|), so after
normalizing by exposure time and/or pixel size, cameras can also
be seen as radiant exposure or irradiance measurement devices. In
the subsequent chapters of this dissertation, these proportionality
constants (including the gain g) and the actual physical quantity of
the digital numbers that the sensor measures are not important, and
Iy will simply be referred to as intensity, which is proportional to the
incident light.

2.1.2.3 Color filters

The measurement described by equation (2.22) integrates the contribu-
tions of light over all wavelengths, resulting in a single intensity value

17
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Figure 2.6: Bayer pattern [Bay76]

for each pixel. Although this approach works well for monochrome
imaging, it loses the spectral information of all imaged objects, which
is often required to maximize performance of downstream applica-
tions, like accurate color reproduction for human viewers.

In most real-world imaging systems, the sensor itself is not inher-
ently color sensitive. Instead, color information is obtained by applying
a color filter array (CFA) in front of the sensor, which is arranged in a
specific pattern. A common example is the Bayer pattern [Bay76] in
Figure 2.6, whose filters are arranged such that twice as many pixels
measure green light compared to red and blue light. This CFA pattern
is optimized for human perception, since color receptors in the eye
are the most sensitive to colors in the green spectrum.

Each color filter is characterized by a wavelength-dependent trans-
mission function S, (A1), where the subscript ¢, indicates the color
channel of pixel k (e.g., red, green, or blue for the Bayer pattern). The
role of S (A) is to modulate the intrinsic responsivity R(A) of the
sensor, so that only wavelengths passing through the filter contribute
to the charge accumulation in that pixel. The expected charge with
color filters is thus given by

/\max tmax
G = / / / / R(A)Se,(A) Lo (p, w, 1, A) cos(8) dew dp dt dA.
/\min fmin Ak Q
(2.24)

Notably, the transmission functions do not only select a single wave-
length (i. e., they are not Dirac delta functions), but consist of poten-
tially overlapping curves. After the sensor has captured the raw data
through the CFA, each pixel only contains information for a single
color channel. To reconstruct a full color image, the missing informa-
tion needs to be approximated by demosaicing algorithms as part of
the ISP pipeline.

2.1.2.4 Moeasurement equation

In addition to color filters, many other factors modulate the sensor
response, e. g., photo response non-uniformity (PRNU), dark signal

Color filter array

Demosaicing
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non-uniformity (DSNU), per-pixel gain, micro-lens arrays and spec-
tral filtering by the optical system itself. Instead of modeling each
separately, all these effects can be combined in a single weighting func-
tion Wy (p, w, t, A), which includes the CFA transmission S, (A), sensor
responsivity R(A), the cosine attenuation term cos(f) and also the
(ideally) linear conversion factor from charge to digital numbers. The
generalized measurement equation [PJH23; Nim+20] for the expected
value of an intensity measurement I at pixel k becomes

I = /Amax /tmaX/ / Wi(p, w,t, A)Le A (p, w, t,A)dw dp dt dA. (2.25)
Amin Y imin Ak SO

This is the most general form of the measurement equation, capturing
all spatial, angular, temporal and spectral dependencies of a sensor
inside Wy. Although not specified for this general formulation, the
methods developed in this thesis often assume that Wy is at least
approximately separable in some of its arguments and can be written
as a product Wi(p,w,t,A) = W,k (p)Wex (@)W i(t)Wak(A). Equa-
tion (2.25) will become the basis for optimizing the sensor parameters
in Chapters 3 and 4, where Wy will also depend on the learnable
parameters.

2.1.2.5 Error sources

The measurement process is subject to several error sources that in-
fluence the quality of the captured image signal. While some of these
errors arise from imperfections in the sensor circuitry, there are also
error sources due to fundamental quantum mechanical processes that
cannot be eliminated.

FIXED PATTERN NOISE Due to manufacturing differences, not all pix-
els in a sensor array behave in the same way [[HKog4]. The vari-
ability in responsivity between pixels leads to photo response
non-uniformity (PRNU) and can be measured by capturing a
uniform light source. In addition, a signal could be measured
even for a completely dark scene, which is called dark signal
non-uniformity (DSNU). These non-uniformities do not change
over time, but their strength can depend on other factors, like
the temperature of the sensor or exposure time. Since these error
sources are not random and effectively consist of a per-pixel gain
and offset, they can be estimated by capturing calibration images,
e.g., a dark frame for the DSNU and a uniformly illuminated
(white) image for the PRNU. The measured signal can then be
corrected by applying a per-pixel linear transformation.

TEMPORAL NOISE As described in Section 2.1.2.2, the conversion of
photons to electrons within an image sensor is an inherently
random process. Photons of wavelength A are only converted

19

Measurement
equation



20

with the probability given by the quantum efficiency 7(A). The
noise from this random process is called shot noise, and follows
a Poisson distribution [HK94], i. e., for monochromatic light the
probability to generate k electrons from N photons is

ik _

P(k) = Hexp(—ne), (2.26)
where the scale parameter 7, = 77N is the expected number of
electrons. Since the sum of Poisson distributed random variables
is again Poisson distributed, electrons generated from polychro-
matic light also follow a Poisson distribution. Since mean and
variance of the Poisson distribution are the same, and the conver-
sion from charge to intensity measurement is linear, the signal-
to-noise ratio (SNR) of the final image signal (see equation (2.23))
is given by [HKog4]

I 84k Tk =

SNR i~ ven o v N (2.27)
This means that the SNR becomes better for a higher number
of photons, which can be achieved through various means, e. g.,
larger sensor area, larger aperture, higher exposure time or color
filters with wider spectra. The dependence of the SNR on pixel
sizes and the shape of color filters becomes crucial in Chapters 3
and 4.

DISCRETIZATION ERRORS Since there is only a finite number of pixels
in a sensor array, the lateral resolution of images is necessarily
limited, and small details in the scene might not be captured.
Similarly, the quantization of the signal by an analog-to-digital
converter introduces quantization errors which can be modeled as
uniformly distributed noise between two quantization steps.

MoTIoN BLUR This error arises due to movements in the scene during
the exposure time, resulting in objects being blurred in the
direction of movement.

There are trade-offs between the various error sources. For instance,
even though a shorter exposure time decreases motion blur and
smaller pixels improve lateral resolution, they both worsen the SNR
due to shot noise, since less light is captured per pixel.

2.1.2.6 Time-of-Flight sensors

The objective of range imaging is to measure the distance between
the camera and scene surfaces at every pixel of an image grid. Be-
sides triangulation-based methods like stereo imaging, which estimate
distances from disparity between two images captured by cameras
separated by a known baseline, there are active methods such as time

Shot noise
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of flight (ToF) sensors that determine distance directly by measuring
the round-trip time of light emitted by a near-infrared (NIR) source
colocated with the camera.

There are several ways to implement a ToF sensor. A popular
choice is amplitude-modulated continuous wave (AMCW) ToF [Lanoo;
Kol+10] in photonic mixing device (PMD) sensors, where the illumina-
tion intensity is modulated with a known sinusoidal reference signal
g(f) = cos(27 f;,t) with known modulation frequency fy,. This leads to
a phase-shifted optical signal modeled as s(t) = b + a cos(27t fit + ¢)
at the sensor, where a and b are amplitude and bias terms determined
by surface properties, background illumination and absolute intensity
of the light source, and ¢ is the phase shift dependent on the distance
d to the sensor.

The time delays are determined by repeated measurement of the
irradiance over multiple exposure windows [Sch11]. The physical prin-
ciples (i. e. photon-to-charge-conversion) of the capturing process are
the same as color sensors described in the previous sections. In a PMD
pixel, the photocharges generated in the optical sensitive areas are
routed into two "buckets" according to an electrical field modulated
by the reference signal g(t). The difference between the accumulated
charges in these buckets implements a correlation measurement be-
tween the received optical signal and the reference. The correlation at
time offset T is [Lanoo; Kol+10]

) 1 rT/2
C(t) = Th—I>r010 T /_T/Zs(t)g(t + 1) dt (2.28)
= g cos(27T fiT + ¢) + b. (229)

Although in practice the exposure time T is finite, it is usually much
longer than a modulation period, which makes the approximation
of the limit accurate. Repeating the measurement at four different
phase offsets of the reference yields four correlation measurements,
called phase images, A; = C(i - 5 ), from which the phase shift ¢ can
be computed as

¢ = arctan2(As — A1, Ag — Az). (2.30)

Finally, with round-trip time 2d/c, the phase and the distance are
related by

c

d= m‘Pl (231)

where c is the speed of light.

Compared to conventional image sensors, depth estimates from
ToF sensors are affected by several unique error sources, which are
complicated by the non-linear dependence of the final depth image
on the individual phase images.
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LATERAL RESOLUTION Although the resolution of consumer grade
ToF sensors improved over the years, it still remains relatively
low compared to conventional image sensors. This is due to
the use of larger pixel areas because of the space required for
the more complex pixel electronics, and to reducing noise by
capturing more light [Sch11; NIL12].

LIMITED RANGE Since ¢ € [0,27), the unambiguous range is natu-
rally limited to dmax = ﬁ, after which depth aliasing occurs.
There are ways like multi-frequency schemes [GYBo4] that can
extend this range.

MULTIPATH INTERFERENCE Light rays emitted by the NIR source are
not necessarily reflected directly back to the camera, but can
have multiple bounces, leading to incorrect depth estimates, e. g,
rounded corners [BLK17; Sch11]. This effect can also arise at
translucent surfaces in the scene.

STATISTICAL NoIsE Like conventional cameras, ToF cameras suffer
from shot noise. The SNR also depends on the NIR reflectivity
of the scene, where the noise is relatively stronger in darker
areas. Additionally, the intensity of the active point light source
decreases the further the light has to travel. This leads to spatially
varying axial and lateral noise whose strength increases with
distance [NIL12].

FLYING PIXELS A pixel footprint overlapping depth discontinuities,
e.g., at object boundaries, leads to a computed depth value
that does not belong to any of the involved surface elements,
and can even be in front of the foreground or behind the back-
ground surface because of the non-linear nature of the depth
reconstruction (equation (2.30)). This results in large outlier mea-
surements, which appear to be “flying” over the actual surfaces,
thus commonly referred to as flying pixels [Sch11].

TEMPORAL ARTIFACTS Because phase images are taken at successive
time steps, changes in background illumination and motion in
either the scene or the camera itself leads to artifacts. Due to
the non-linearity in equation (2.30), these artifacts are different
than simple blurring of the depth values. Motion compensation
schemes, specifically for phase images of ToF imagers, have been
proposed [Ste+19a; Sch11; HLK13].

SYSTEMATIC ERRORS Imperfections in the emitted modulation sig-
nals, which in practice deviate from ideal sinusoids, introduce a
systematic error called wiggling [Kol+10].



2.2 DEEP LEARNING

Over the last decade, deep learning has achieved remarkable success
in a wide range of fields, including natural language processing, com-
puter vision, computer graphics and robotics. This section introduces
the fundamental concepts of supervised deep learning and neural net-
works, and outlines how these models are integrated within modern
imaging pipelines.

At its core, a neural network is a highly flexible, data-driven model
capable of approximating complex functions. This versatility makes
neural networks applicable to a large range of image processing tasks,
such as denoising, demosaicing, classification, semantic segmentation,
and image generation. Section 2.2.1 explains the foundational aspects
of neural network training and the overall objective.

The term deep learning refers to neural networks that consist of many
layers, which are building blocks that are highly composable and,
when stacked, allow for the capturing of complex hierarchical patterns
in the data. The most common layer types for computer vision tasks
are explained in Section 2.2.2.

Every deep learning application relies on a well-defined objective
function, or loss, which is minimized during the training process.
Section 2.2.3 introduces the most commonly used loss functions, while
Section 2.2.4 explains the optimization algorithms that adjust the
network parameters during training.

2.2.1  Overview

The goal of supervised machine learning, in general terms, is to
approximate functions based on data. Given training data stemming
from some unknown distribution (x(i),y(i)) ~ Pdatas Where x() are
inputs and y7) are the desired outputs > determined by some unknown
function g, i.e., g(x()) = y{¥), the goal is to find a set of parameters 0
such that a parameterized function G(-; 8) closely approximates g:

G(x";0) ~ g(x?) =y, (2.32)

while also generalizing well to unseen test data that was not included
in the training set.

The training objective is stated as finding the parameters 6* that
minimize the risk

0" = argming E, ), (£L(G(x;0),y)). (2.33)

The loss function £ quantifies how well the output of the function with

In this section, superscripts are used to indicate the index in the training or test set

and subscripts are used for individual components, e. g., )

] refers to component j of

the i-th training example.
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Figure 2.7: Artificial neuron. The learnable weights (orange) are multiplied
by the inputs. The result is summed and passed through an
activation function ¢.

the given 0 fits the desired output y, and the concrete choice of the loss
function depends on the task to be solved. Since the distribution pgata
is unknown, the expectation value cannot be computed directly, so in
practice the empirical risk over the finite training set (x(),y(),1 <i <
n is minimized instead

* : 1 i i
0" = argmin, . ZE(Q(x( );0),y1). (2-34)
i

Although the above explanations, in principle, apply to any param-
eterized function, neural networks have emerged as a particularly
powerful class of function approximators. Inspired by biological neu-
rons, these networks are composed of interconnected artificial neurons,
as depicted in Figure 2.7. The output of a single neuron with weight
vector w; € R", learnable bias b; € R and input vector x € R" can be
compactly described with

yj = ¢({wj, x) + bj), (2.35)

where ¢ is a non-linear activation function (further discussed in Sec-
tion 2.2.2). The output of one neuron is a scalar, and combining the
outputs of multiple neurons forms a layer. One of the simplest types of
layers is the fully connected layer, in which every input is connected to
every neuron. A fully connected layer (illustrated Figure 2.8) can be de-
scribed by stacking the weights of each neuron in a matrix W € R™*"
and the biases into a vector b € R"

y=¢(Wx+b) e R". (2.36)
Multiple layers f;(-;6;) can be stacked to form the complete network
G(x;0) = fr(fr1(-- fi(x;01);...);6.-1);61), (237)

where 0, refers to a vector containing all learnable parameters of that
layer, e. g., in the case of fully connected layers, all entries of W and

Empirical risk
minimization

Neural networks

Layer
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Figure 2.8: Fully connected layer with 5 inputs and 3 outputs (bias inputs
are omitted). Each input is fed into each neuron. Every neuron
has their own set of weights (see Figure 2.7).

b. The intuition for deep networks is that each subsequent layer is
able to recognize more abstract and complex patterns based on the
features extracted by preceding layers. A network only consisting of
fully-connected layers is called multilayer perceptron (MLP). There
are many other layer types that are used as building blocks in modern
neural networks and will be discussed in the next section.

2.2.2 Layers and other building blocks

This section will introduce the most common layers used in computer
vision tasks. There is no consistent definition of the term layer in the
literature and deep learning frameworks, e. g. sometimes activation
function are counted as layers themselves, while other times they
are only a part of another layer. Here, a layer is defined as a general
building block of a neural network that transforms an input into
an output, potentially with learned parameters. In the deep learning
literature, these inputs and outputs are commonly referred to as tensors
and can be expressed as multidimensional arrays x € RP1**Pn_The
(required) shapes of the input, output and parameter tensors depend
on the concrete layer type. For mathematical brevity, the following
sections use a special tensor slice notation where capital letters refer
to dimensions and indices with the corresponding lower-case letters
to a slice along that dimension. For example, for a batch of images
x € RBXCHXW with batch size B, channel count C, height H and
width W, the notation x. € RE*HXW refers to the batch containing
only the c-th channel of each image.

2.2.2.1 Activation functions

Activation functions are critical for a neural network to learn to ap-
proximate complex functions. Since the composition of linear functions
is again linear, without activation functions, a network with multiple
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Figure 2.9: Different activation functions.

stacked fully connected layers would only be able to approximate
linear functions.

Although in principle any non-linear function can be used as an
activation function, the most common ones are sigmoid, Rectified
Linear Unit (ReLU) and hyperbolic tangent (tanh), which are applied
element wise to a tensor as follows:

sigmoid(x) = 1+ex1p(—x) (2:38)
relu(x) = max(0, x) (2.39)
tanh(x) = exp(x) = exp(=x) (2.40)

~ exp(x) +exp(—x)’

The three activation functions are shown in Figure 2.9.

Since the output of the sigmoid function falls between o and 1, it is
often used as the final layer in a binary classification network, because
it can be interpreted as the probability that the input belongs to that
class. In contrast, the tanh function maps inputs to the range [-1, 1],
which can be helpful for restricting the output range in some appli-
cations. However, both sigmoid and tanh can suffer from saturation
for large inputs, leading to vanishing gradients during training. The
ReLU function is computationally efficient and helps mitigate the
vanishing gradient problem, making it the most popular choice in
modern networks. There are variants of ReLU that set the slope for
negative inputs to either a fixed value (LeakyReLU) or making the
slope into a learnable parameter (PReLU) [Xu+15]. This mitigates the
issue of zero gradients for negative inputs.

For multi-class classification, the softmax function is typically used
as the final layer. Given an input vector x € RP, the softmax function
is defined for each output component as

softmax(x); = exp (i)

= 72]%1 exp(x]-)' (2.41)

All components of the output of the softmax layer are non-negative
and sum to 1, and can thus be interpreted as a probability distribution
over the classes.



2.2.2.2 Convolutional layers

Using a fully connected layer with a high-resolution image as input is
often impractical because of the large number of parameters required.
Each neuron would need a weight for each pixel, leading to high
memory and computational requirements. This limitation restricts net-
work depth and overall expressivity, even for images with a moderate
number of pixels.

Many computer vision problems are translation invariant, for exam-
ple, whether an object of a specific class is present in an image or not
should not depend on the concrete position of the object on the image
plane. Translation invariance can be achieved by making the output of
a layer at a specific pixel only depend on a local neighborhood, which
is the core idea of convolutional layers. For an input x € RCn*H*xW
and learnable kernels k € RCou*Cin*KixKe the simplest form of the
convolutional layer is defined as

Cin
Yeour = Z Xep * kcoutlcin’ (2'42)
Ccin=1
where * is the convolution operation? applied over the spatial dimen-
sions. This can be interpreted as the convolution with Cyyt different
three-dimensional kernels, where the filters do not move in the channel
direction.

Since the convolution operator is linear, it can be represented by
the multiplication of a matrix with the (vectorized) input image. This
matrix (a so-called Toeplitz matrix) is sparse and constructed from the
kernel weights. As such, a convolutional layer can also be interpreted
as a fully connected layer with weight-sharing, which greatly reduces
the number of parameters. Like fully connected layers, to break lin-
earity, subsequent convolutional layers require activation functions
between them.

There are many extensions to the simple form above, e. g., including
a bias term, different padding schemes, a stride greater than 1 to
reduce the spatial resolution of the output, or the implementation
of a dilated convolution [YK16] to change the receptive field. These
extensions provide additional flexibility to solve specific tasks and
improve model performance.

2.2.2.3 Pooling layers

Pooling layers are an essential component in many convolutional
neural network (CNN) architectures. Their primary purpose is to
reduce the spatial dimension of feature maps while retaining the most
important information. Similarly to convolutional layers, they work by

Deep learning frameworks like PyTorch or TensorFlow actually use cross-correlation
instead of convolution, i. e. convolution with a flipped kernel. For convolutional layers
this distinction has almost no practical relevance.
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aggregating local features in a fixed window that is shifted over the
input feature map, however, they do not have learnable parameters but
are fixed functions instead. Usually, the stride by which the window
shifts is chosen to be greater than 1, which reduces the spatial size
of the output. The most commonly used pooling operations are max
pooling and average pooling, which select the maximum value or the
average value in a window, respectively.

2.2.2.4 Normalization layers

Normalization layers shift and scale the output of the previous layer
to more closely follow a standardized distribution. This stabilizes and
accelerates the training, and often provides a regularizing effect that
reduces overfitting [Bjo+18]. There are multiple variants of normaliza-
tion layers, that mainly differ across which dimensions of the input
tensors the statistics that determine the scale factors are computed.

Batch normalization is widely used in convolutional networks [IS15].
For an input batch of B training samples x € REXC*H*W ‘batch nor-
malization normalizes each channel ¢ using the mean and variance
over the batch and spatial dimensions:

1 B H W
o= Y ) Y Xehs (2.43)
BHW b=1h=1w=1
) 1 B H W 2
% = paw o L L (veno — ) (244)
=1h=1w=1
. Xp,c,hw — Hc
X = T = 2.
b,c,h,w \/m ( 45)
Ybehw = YeXbenw + Bes (2.46)

where € > 0 is a small factor to ensure numerical stability and -, B. €
R are learnable per-channel parameters which determine the mean
and scale of the output distribution. The means /. and variances (Tcz
are newly computed for every training batch. Since full batches are
not necessarily available during inference, running averages fi. and 2
are updated over the training process and replace the batch statistics
during inference.

Layer normalization [BKH16] uses statistics independent of the batch

size and is standard in transformer architectures (Section 2.2.2.6),

Batch normalization

Layer normalization
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where it is applied to all feature vectors x;,. € RP of a batch indepen-
dently:

1 D
= % )
=1
1 ¢ 2
op ==Y (xpa—m)?, (2.48)
D=
S
B0 = 4K (2.49)
\JOE +e€
Ybd = YaXpd + Pa, (2.50)

with learnable v, 8 € RP.

In CNNs, where input tensors have a spatial extent, a common
variant is channel-wise layer normalization applied per pixel: for x €
REXCxHXW normalization is applied for each sample and each pixel
position independently, i.e.,

1 C
Honw = C Z Xb,chws (2.51)
c=1
2 1¢ 2
Tbhw = C Z (Xp,cnw — Hohw) (2.52)
c=1

o Xb,chw — Hohw

J?b,c,h,w - ’ (2-53)
2
\ Topw T €

Yoehw = YeXbehw + Bes (2.54)

v, B € RE.
Instance normalization [UVL16] is a variant that was developed for
style transfer with the use of CNNs. Here, the normalization is done

per sample and per channel over the spatial dimensions. For an input
x € RBXCxHxW.

Xb,chws (255)

=
3
o

|

=
M=

) T
E‘H 5”
ﬂ
5

(X — o) (2.56)

M=
™=

il
—
g
I
—

o Xb,c,h,w Ho,c

Xb,chw = T (2.57)
A /(Tb, c +e€

Yvehw = 7c3eb,c,h,w + ﬁc; (2-58)

7B € R€. Unlike batch normalization, layer normalization and in-
stance normalization do not require running statistics and behave the
same during training and inference.
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2.2.2.5 Residual connections

Very deep networks suffer from vanishing or exploding gradients,
making early layers hard to optimize. Residual blocks [He+16] alleviate
this issue by creating shortcuts between layers. Usually simple addition
is used, i.e. if f denotes a layer (or even a block containing multiple-
layers) with parameters 6 a residual block is defined by

F(x,0) = x+ f(x;0) (2.59)

This formulation greatly improves gradient flow (see Section 2.2.4.2),
enabling the training of much deeper architectures than would be
possible without residual connections.

When the input and output shapes of a block differ, e. g., the amount
of channels changes between convolutional layers or spatial downsam-
pling was applied, a projection shortcut can be used instead

F(x;0) = P(x) + f(x;0), (2.60)

where P is a (possibly learnable) linear mapping, e. g., a convolution
with kernel size 1 to change the number of channels.

2.2.2.6 Attention and transformer layers

Attention is a mechanism that originated in the field of natural lan-
guage processing, but has since become a core component in modern
image processing architectures as well. In particular, the vision trans-
former (ViT) architecture [Dos+20] uses an attention variant known
as self-attention to capture global dependencies in images. This sec-
tion explains this self-attention mechanism and its use in the ViT
architecture.

At a high level, an attention layer enables the model to transform
a sequence of features into another sequence of features, weighted
based on the importance of different parts of the input.

An input feature sequence x € R"*? is first projected into different
representations, called queries Q € R"*%, keys K € R"*% and values
V € R"*%, using learnable weight matrices of suitable dimensions

Q = Wox, K = Wkx, V = Wyx. (2.61)

The attention scores are then obtained by computing scaled dot-
products between queries and keys, and the values are weighted
based on these scores

attention(Q, K, V) = softmax (QKT) 1% (2.62)

Vi
The scaling factor /dj prevents the input of the softmax function to
grow too large, which ensures more stable gradients during training.
A common extension is multi-head attention, where several attention

Mutli-head attention
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Figure 2.10: Transformer encoder as used in [Dos+20]. The MLP block is
applied per element in the token sequence.

operations are performed in parallel with different learned projection
matrices. The outputs of each head are concatenated and again mul-
tiplied with a learned weight matrix to form the final output of the
attention layer.

The transformer is a higher-level building block consisting of stacked
multi-head self-attention, layer normalization and fully-connected lay-
ers [Vas+17]. Originally developed as an encoder-decoder architecture
for natural language processing tasks, only the encoder part is used
inside ViT. The structure of the transformer encoder can be seen in Fig-
ure 2.10. Like standalone self-attention the transformer encoder maps
an input sequence of embeddings x € R"*? to an output sequence
y of the same length. To extract an embedding sequence from an
image, ViT splits the image into flattened patches, linearly transforms
them with a learnable matrix and adds positional encodings to each
patch such that the transformer can retain information of the relative
positions of individual patches. The transformed sequence can then
be used for downstream tasks such as classification.

Compared to CNNs, attention based models such as ViT can cap-
ture long-range relationships inside an image, however they generally
require more data to train. There are many improvement and vari-
ants of ViT as described above, including hybrid models that employ
convolutional and transformer layers [Liu+21; Liu+22; Guo+22].
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2.2.3 Loss functions

The loss function quantifies the discrepancy between a model’s predic-
tion y and the desired output § and is minimized during training. The
concrete choice of loss function not only depends on the task which
the network is supposed to solve, but in some cases also influences
the training dynamics. In many applications, composite loss functions
are formed by combining task-specific loss terms with regularization
terms.

2.2.3.1 Regression losses

For image-to-image tasks, e.g. , deblurring, denoising, super-
resolution, etc., regression losses that compare the network output
and a target image per-pixel are common. Let N denote the number of
elements (pixels), and let y;, J; be the i-th elements. The most common
regression losses are

¢ mean squared error (MSE), also known as L2 loss

N 1 N
Luse(y,9) = 1y = 93 (2.63)

MSE is sensitive to outliers and tends to produce smooth solu-
tions.

e mean absolute error (MAE), also known as L1 loss

N 1 N
Lvmae(y, §) = NHy—yHr (2.64)

MAE is more robust to outliers than MSE, but has a non-smooth
gradient at zero, which can become problematic during opti-
mization.

o Huber loss [HUB64] is a middle ground between MSE and MAE.
The loss is quadratic near zero and becomes linear in the tails:

Z

. 1
»CHuber(y/ y) = N .

1

(vi —9:)° if ly; — 9;] <6,
i — 10| —16), otherwise
(lyi — 9i — 36)

Il
—_
> NI

(2.65)

o Perceptual losses [JAF16] do not compare the output image to
the target image pixel-by-pixel, but instead compare features
extracted by another pre-trained, fixed neural network ¢:

1
Loerc(y,9) = N, o (y) — ¢(H)13, (2.66)

where N, is the number of feature elements, which might be dif-
ferent than the number of pixels. This network can be trained for



a completely different task, e. g., [JAF16] use features extracted
from the first few layers of a network that was actually trained
for image classification.

Perceptual losses are often combined with pixel-wise losses. This
generally yields higher perceptual quality to humans than MSE
or MAE alone.

2.2.3.2 Classification losses

Classification losses are used if the task of the network is to predict
discrete categories or classes. These losses also apply to semantic
segmentation of images, in which case they are computed per-pixel.

Binary cross-entropy is used if there are only two distinct classes,
or in multilabel classification, where predicted classes are not
mutually exclusive. For a binary label, i.e., . = 1 means the
target is of class c and . = 0 is not of class ¢, it is defined as

X 1& X
Loce(y,9) = —¢ Y Jclog(ye) + (1 — i) log(1 —yc) (2.67)
c=1

This expects y to have values between o and 1, which is usually
achieved with a sigmoid activation after the last layer of the
network (see equation (2.38)).

Cross-entropy is used for multi-class classification with mutually
exclusive classes, i.e., . = 1 for exactly one c.

C
Lee(y,9) = =} Jelog(yc) (2.68)
c=1
This expects y to be the output of a softmax layer (see equa-
tion (2.41)), where each y. can be interpreted as the probability
that the input of the network belongs to that class.

2.2.3.3 Regqularization losses

Regularization terms are independent of the target labels and often
encode some desired attributes of the neural network weights 6 them-
selves. This limited parameter space reduces overfitting and improves
generalization. The two most common regularization terms are L2 reg-
ularization decay, also known as weight decay L1,(0) = ||0]|3, which
penalizes large weights and L1 regularization Li,(8) = |/6]|1, which
encourages sparsity.

2.2.4 Model training and evaluation

The available data is split into a training set, a test set and optionally
a validation set. The data in the training set is used for the actual
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optimization. The test set is only used to evaluate the generalization
capability of a fully trained model and test set data must at no point
be used during the training process. A validation set is separate from
the training set and is sometimes used as a proxy of the test set during
training. Elements of the validation set are not directly used inside the
optimization algorithms, but periodically checking the performance
on the validation set after every epoch is useful for hyperparameter
tuning and terminating the optimization algorithms early. A large
performance discrepancy computed over the training set, validation
set and test set indicates overfitting.

Given a training set (x(i),y(i)), i =1,..,n, the training objective is
to find optimal parameters

1 , ,
* = argmin, . Zﬁ(g(x(l); 6),y"). (2.69)

This is a very high-dimensional, non-convex optimization problem that
is approximated iteratively by gradient-based methods that require
the computation of the gradient of the loss function with respect to
the network parameters.

2.2.4.1 Gradient-based methods

The simplest gradient-based method is stochastic gradient descent
(SGD), with the iterative update

6t+1 = Gt — TVgEt(Bt), (2.70)

where the mini-batch objective is

) |Bt, L LG(";60),y"), (2.71)

bEB;

and 0 is initialized with random values, whose distributions should
be chosen depending on the chosen activation functions [He+15; GB10].
In practice, since it is infeasible to compute the gradient of the sum
over the whole training set at each iteration, the gradients are in-
stead estimated over random subsets B; of training samples, called
mini-batches. The iteration is repeated until convergence criteria are
met, e.g., ||[VoE;(60)] ~ 0, or when the validation loss increases be-
tween epochs.

The learning rate T is a hyperparameter that determines the conver-
gence speed of the algorithm. In the basic gradient descent method,
the learning rate remains fixed over the course of the training but
many more advanced variants modify the learning rate with a multi-
plier at each step based on previous iterations. The next sections will
outline the most common SGD modifications used in deep learning.

Owerfitting

Stochastic gradient
descent

Learning rate



MOMENTUM  The tendency of SGD to oscillate inside local minima
can be reduced by using momentum [RHWS86], which encourages
the weights to move into directions which are similar to previous
iterations, like a ball rolling down a slope.

w1 = oy — TVgE(0;) (2.72)
0r11 =6 +uppq, (2.73)

with « € (0,1) controlling the contribution of previous gradients on
the update direction. Many other advanced gradient descent methods
also use momentum in some form.

ADAGRAD Compared to classic gradient descent, AdaGrad intro-
duces a per-parameter learning rate that is updated over the course of
the training [DHS11]. With sp = 0:

w11 = VE(6;) (2.74)
St+1 = St + u%+1 (2.75)
Uty

0ip1=0,—71 (2.76)

VSt + €
where all operations on vectors are element-wise, and € > 0 is a small
constant to prevent division by 0. Intuitively, s; is a vector that keeps
track of how much the corresponding parameter has been updated
during training. Dividing the update direction by s; decays the global
learning rate T of frequently updated parameters over the course of
the optimization more than infrequent ones. AdaGrad works well for
sparse gradients but s; grows monotonically, which can lead to overly
small effective step sizes later in training.

ADAM  Adam [KB15] combines momentum with per-parameter adap-
tive step sizes and uses moving averages (with a bias correction term)
to avoid the monotone step size decay of AdaGrad. With uy = vy =0,
the update scheme is

gt+1 = VoE:(0:) (2.77)
U1 = P ﬁ (_1 _ifll)gtﬂ (2.78)
Vi1 = pa J; (_1 _éflz)gfﬂ (2.79)
0111 = 0; — T+ (2.80)

VUt+1 T €

where again all operations on vectors are element-wise, 81,82 € [0,1)
are hyperparameters (commonly chosen 1 = 0.9 and B, = 0.999),
and € > 0 is a small constant to prevent division by 0. The exponential
moving averages u; and v; estimate the first and second moment of
the gradients.
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An important variant of Adam is AdamW [LH17], which decouples
weight decay from the moment estimation. Instead of adding an L2
regularization loss term as describes as in Section 2.2.3.3, AdamW
explicity adds weight decay to the update step. This changes the last
line of the update scheme to

U1
0,01 =0; — —— 1+ A0 |, .8
t+1 t—T ( o+ 1 + t> (2.81)

where A > 0 controls the strength of the weight decay.

Adam (especially AdamW with decoupled weight decay) is a robust
default and often converges quickly with minimal hyperparameter
tuning. However, for many vision tasks using CNNs, SGD with mo-
mentum and well-chosen hyperparameters can improve generalization
performance compared to adaptive methods [Wil+17].

In addition to the adaptive step sizes inherent to the algorithms
above, a learning rate schedule that modulates the step size directly,
i.e., replacing T with a step dependent T, is typically used. Com-
mon schedule choices include step decay, exponential decay or cosine
annealing [LH16].

2.2.4.2 Backpropagation

Backpropagation is an algorithm to efficiently compute the partial
derivatives that form the gradients VoL (G (x; 0),y) that are required
in gradient-based methods by efficiently applying the chain rule. It
is a special case of reverse-mode accumulation in the broader field of
automatic differentiation [GWo08].

The principle of backpropagation is best illustrated on simple feed-
forward networks which are just deeply composed functions that form
a linear computation graph with the individual layers as nodes

L(G(x;0),y) = L(fL(fr-1(.-. fi(x,01);...);0L-1);0L),y). (2.82)

Denote the output of the I-th layer as z; := fi(z;_1;6;), with z; €
RM and 6, € RP, allowing D; = 0 for layers without learnable
parameters, like activation layers. Using the chain rule, the derivative
of the loss function with respect to the weights of layer / can be
expressed recursively as

AL L 0z
oL AL 0z -

dzj_1 0z 0z

Equation (2.83) is the derivative with respect to the weights of that
layer, while equation (2.84) describes how the error propagates back-
ward to the previous layer. The derivatives in these expressions are in
general not scalar values but vectors and matrices: Since the output

Learning rate
schedules

Chain rule
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of L is scalar, 3751 is a 1 X N; row vector. g—gf and

N X Nj_1 Jacobian matrices, respectively.
The backpropagation algorithm consists of two main phases

azl
9z

are N; x D; and

1. Forward Pass: Compute the output G(x; 0) and the loss £ while
storing all intermediate activations z;.

2. Backward Pass: Starting with %, recursively compute the gra-

dients ngz for each layer using equation (2.83) and propagate the

error backward through the network using equation (2.84).

Constructing the full Jacobian matrices is typically unnecessary. For
example, the Jacobian matrix of an element-wise activation layer
fi(z1-1;6;) = ¢(z;—1) would be a N;_; x N;_; diagonal matrix, with
most elements set to zero, and it is more efficient to propagate the
derivatives with element-wise multiplication instead of building the
Jacobian matrix first. In a fully connected layer f;(z;_1;60;) = Wp,z;_1
where the weights 6, are arranged in a matrix Wp, € RN-1*N the
Jacobian % would have N;_; - le elements and fully instantiating
it would quickly exceed memory constraints for large input sizes.
Instead, efficient computations are possible via vector-Jacobian prod-
ucts (V]Ps) , which enable a matrix-free computation of the linear
operator the Jacobian represents. The concrete implementation of the
VJP depends on the type of layer. For instance, for fully-connected
layers the derivatives in equations (2.83) and (2.84) reduce to [GWo08]

oL _ oL
8W9, a l_lazl
oL AL +
0zj_1 aTleel '

(2.85)

(2.86)

Note, that the result of equation (2.85) is now in a different shape,
i.e., a N;_1 X N; matrix instead of a 1 x D; row vector (where D; =
Nj_1Nj) as in equation (2.83). However, the individual elements of the
result stay the same, they are just arranged differently. By efficiently
applying the chain rule without explicitly forming large Jacobian
matrices, backpropagation enables efficient gradient computation, and
is practical even for deep networks.

Many layers like the ReLU activation function or max-pooling layers
are not differentiable everywhere. Deep learning frameworks like
PyTorch still assign gradients to points at which the functions are not
differentiable, e.g., Vrelu(0) := 0. In practice, single points at which
functions are non-differentiable or even discontinuous usually do not
influence the performance of a model.

Backpropagation can become unstable for very deep networks. The
repeated multiplication of gradients can result in progressively smaller
or larger gradients in earlier layers compared to layers closer to the
network’s output, e. g., vanishing gradients when using sigmoid ac-
tivations, because the gradient of the sigmoid function is strictly
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f=Aa+¢ A7lf

i

Figure 2.11: Deblurring by direct inversion of the blur operator. Even for
very small noise levels, direct inversion amplifies the noise and
fails to reconstruct the image.

limited to the interval (0,1). Techniques like normalization layers
(Section 2.2.2.4), using ReLU activations (Section 2.2.2.1), or residual
connections (Section 2.2.2.5) can alleviate these issues.

2.3 INVERSE PROBLEMS IN IMAGING

Section 2.1 outlined many error sources that corrupt the measurement
of real-world signals during the image formation process, including
blur, noise, and lens aberrations. In many image reconstruction tasks,
including deblurring, super-resolution, denoising, demosaicing, and
MRI- or CT-reconstruction, the observation f can be modeled as the
result of the transformation of a clean image # under a known (linear)
operator A and unknown additive noise ¢:

f=Aln+¢ (2.87)

This section deals with methods to solve the inverse problem of equa-
tion (2.87), i.e. given an observed image f, the objective is to recon-
struct the clean image . The inverse problem is typically ill-posed. A
may be non-invertible or poorly conditioned, so small perturbations
in the measurement produce large changes in A~!f. For instance,
consider the task of removing defocus blur in an image. The forward
operator A can be approximately modeled as a convolution with a
Gaussian kernel whose size depends on the Circle of Confusion (CoC).
As depicted in Figure 2.11, even for noise levels that are invisible to
the human eye, naively inverting the blur operator fails to reconstruct
the true image. This motivates alternative approaches, which will be
outlines throughout the rest of this section.

ill-posedness
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2.3.1 Variational methods

A classic approach to solve inverse problems is to formulate it as an
energy minimization problem derived from the maximum a-priori
(MAP) estimate

it = argmax, p(f | u)p(u) (2.88)
= argmin, —log(p(f [ u)) —log(p(n)) (2.89)
: = argmin, H(Au) +aR(u), (2.90)

where the data fidelity term Hy is given by the negative log-likelihood
(up to an additive constant), and the regularizer R is derived from
the negative log-prior. The weighting parameter « reflects the rela-
tive scaling between the two terms. The objective function E(u) =
H¢(Au) + aR(u) is sometimes called energy function. The data fidelity
term is determined by the noise model, e. g., assuming independent

Gaussian noise
|Au— £1I5
eXp <— T (2.91)

1
Mf“”:awﬁ

results in the common L2 data fidelity term (the factor % is absorbed
in a)

Hy(Au) = 2| Au— £[3 (202)

The reqularization function R encodes prior knowledge about the so-
lution, e.g., the popular total variation (TV) regularization R(u) =
| Vu|1 [ROF92] assumes that natural images are approximately piece-
wise constant.

Proximal algorithms are a popular method to optimize equa-
tion (2.90). While there are many variants, whose choice depends
on the properties of Hr and R (e. g. differentiability), relevant to this
thesis is only the proximal gradient descent algorithm, which will be
explained in the next sections.

2.3.1.1  Mathematical preliminaries

This section will briefly outline common definitions and theorems use-
ful in convex optimization. For proofs and a more complete overview
refer to [RWg8; PB+14].

The convergence criteria of convex optimization algorithms require
the definition of a few function properties:

Definition 1 (Lipschitz continuity) A function f : R" — R is called
Lipschitz continuous with constant L if for any xq,x2 € R™ it holds that

[f(%1) = f(x2)[l2 < L1 — %22 (2.93)
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Lipschitz continuity means that a function can not become arbitrarily
steep. If L < 1 or L < 1 then f is also called contractive or non-expansive
respectively.

Definition 2 (L-smoothness) A scalar function f : R" — R is called
L-smooth, if it is differentiable and its gradient V f is Lipschitz continuous
with constant L, i.e.,

[Vf(x1) =V (x2)l2 < L|lx1 — x2]|2 (2.94)

Definition 3 (Convex sets) A subset C of R" is called convex, if for all
x1,% € Cand « € [0,1]

(1—a)x;+ax; €C (2.95)

Intuitively, for any two points in a convex set C it also contains the
whole line between the two points.

Definition 4 (Convex functions) A scalar function f : C — R is called
convex if C is convex and for all x1,x, € C and a € [0,1]

A =a)xr +axy) < (1—a)f(x1) +af(x2) (2.96)

This definition means that the epigraph of a convex function is a convex
set. Convex functions are especially useful, because any local minimum
implies a global minimum. The sum of two convex functions is also
convex.

Instead of defining a convex function over a convex set, it is some-
times preferred to extend its domain to all of R"” and set it to +co for
all inputs outside of C. The effective domain of f is the original convex
set the function was defined on:

Definition 5 (Effective domain) Let f : R" — R U {co} be a convex
function. The effective domain of f is defined as

dom f ={x € R": f(x) < co} (2.97)

Using convex functions that take values in the extended real num-
bers are useful to encode constraints on the feasible domain inside a
regularization function without restricting the input domain, which
simplifies some calculations [RWg8].

Central to proximal algorithms is the proximal operator of a convex
function:

Definition 6 (Proximal operator) Let f : R — R U {oo} be convex and
lower semi-continuous. The proximal operator of f is defined as

. 1
prox, (x) = argmin, f(u) + 5| — ul3 (2.98)



Proximal operators are generalized projections. If x lies outside of
dom f, the proximal operator moves it into the feasible region and
closer to the minimum. When x is inside dom f the proximal oper-
ator computes the point that minimizes f while staying close to x.
Therefore, for small step sizes, this update acts similarly to a gradi-
ent descent step, i.e. profo(x) ~ x — TV f(x) [PB+14]. The proximal
operator of some functions have a closed form, e.g., the proximal
operator of the L1 norm is the soft-thresholding operator [PB+14]

x;i—71 fx;>71
(PTOXTH.Hl(x))i =190 if x| <7 (2.99)

xi+t1 ifx; < -—71

Other, seemingly similar functions have no closed form solution, e. g,
the TV regularization R(u) = ||Vul|;.

2.3.1.2 Proximal gradient descent

The choice of optimization method to find a minimizer of E(u) =
Hf(Au) + R(u) depends on the differentiability of Hy and R, and
whether their proximal operator or convex conjugate is easy to com-
pute. If H and R are both differentiable, gradient descent as explained
in Section 2.2.4 can be used. If E is L-smooth and the step size is cho-
sen with T € (0, #), gradient descent is guaranteed to converge to a
minimizer of E (if it exists) [RB16, page 16]. However, many common
regularization functions, like TV regularization, are not differentiable
or L-smooth. In that case, gradient descent has no convergence guar-
antees and the iterations oscillate around the minimum.

The proximal gradient descent method, or forward-backward splitting,
can be used to solve minimization problems of the form E(u) =
F(u) + G(u), where F and G are convex but only F is L-smooth. It
consists of a gradient descent step on F followed by a proximal step
on G

Uy = prox g (uy + TVF(uy)). (2.100)

Like gradient descent, the proximal gradient method converges for a
step size T € (0, 2) for any starting point #, to a minimizer of E, if such
a minimizer exists. For the energy function E(u) = H¢(Au) + R(u)
and after applying the chain rule the update becomes

U1 = ProX g (ut + TATVHf(Aut)) . (2.101)

The proximal gradient method is most efficient if the proximal operator
of R is easy to compute and ideally has a closed-form solution, which
is not the case for many popular regularizers, including TV. More
complex proximal algorithms that work in more general conditions
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exist, like the alternate direction method of multipliers (ADMM) [PB+14] or
the primal-dual hybrid gradient (PDHG) method [CP11], where neither
F nor G need to be differentiable.

2.3.2 Deep learning and hybrid methods

Deep neural networks (see Section 2.2) can be employed to directly
learn a parameterized function that maps a measured image f directly
to a solution # = G(f;0) of the inverse problem. Deep learning
approaches have gained great success and have been shown to achieve
state-of-the-art results on a wide array of inverse problems in imaging.
However, compared to classical methods, learning based methods
require a large amount of training data, i. e., inputs f; for which the
desired output #; is already known. The training process itself is
resource intensive, which makes it costly to adapt the network to a
different task.

To combine the advantages of powerful feed-forward networks
and model-based approaches, authors have considered various hybrid
models like learning regularizers (e. g. [RBog; AEBo6; HKD13; CRP14]),
designing network architectures that resemble the structure of min-
imization algorithms or differential equations, e.g., [SR14; Zhe+15;
Kob+17; CYP15], interleaving networks with classical optimization
steps [Dia+21; Liu+18a; Liu+18b], or using the parameterization of
networks as a regularization for equation (5.2) [UVL18; Hec+19].

Particularly relevant hybrid methods in this thesis are plug-and-play
priors. These approaches are based on the fact that any Gaussian
denoising algorithm represents a proximal operator [Hei+14; VBW13;
DKE10]. Gaussian denoising itself can be stated as an inverse problem
where A is the identity. Then, combining the definition of Gaussian
noise (equation (2.91)) with the MAP estimate (equation (2.89)) yields

it = argmax, p(f | u)p(u) (2102)
= argmin, —log(p(f | u)) —log(p(u)) (2.103)
= argmin, 57 lu — £13 ~ log(p(x)) (2109
= PIOX_ 1 10g(p(.)) (f)- (2.105)

This means that the Gaussian denoiser encodes the proximal operator
of some prior and can be used for regularization [Hei+14], giving rise
to plug-and-play algorithmic scheme

i =D (ut + TATVHf(Aut)) , (2.106)

where D denotes the denoiser. This denoiser can even be a neural
network D = G(+;0) that only needs to be trained once for Gaussian
denoising and can be reused for multiple inverse problems by sim-
ply changing the forward operator in equation (2.106), combining

Plug-and-play priors
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advantages from both deep learning and energy minimization while
achieving superior performance compared to handcrafted [Mei+17].
However, a drawback of this approach is that it sacrifices the provable
convergence property of the classical proximal gradient method. The
algorithmic scheme in equation (2.106) is only guaranteed to converge
for any starting position if the neural network is non-expansive, i.e., if
it is 1-Lipschitz continuous [Ryu+19]. Although there are Lipschitz nor-
malization techniques for neural networks [Gou+21; SGL18], they are
very restrictive for deep networks and limit the denoising performance.
A solution for this will be developed in Chapter 5.

2.4 POINT-BASED RENDERING

Computer graphics aims to generate images of virtual or captured 3D
scenes by simulating the propagation of light and its interaction with
surfaces. The process of computing a 2D image from a 3D description
of a scene is referred to as rendering. In most rendering applications,
surfaces are represented by polygonal meshes, typically consisting
of triangles, which are then rasterized or ray-traced to produce the
rendered image.

In contrast, in point-based rendering, surfaces are represented as a
collection of discrete point samples, which are not explicitly inter-
connected. In addition to their position, points can carry additional
geometric and appearance attributes, which are used by the renderer
to construct an image. This representation is particularly attractive
for data acquired from 3D sensors, such as ToF cameras (see Sec-
tion 2.1.2.6) or LIDAR, where measurements are naturally given as
point clouds rather than meshes.

The lack of topology information makes point clouds very
lightweight and enables applications such as 3D reconstruc-
tion and SLAM algorithms [Kel+13; Whe+15; LWK15], mobile
robotics [PCS+15], tele-immersion [MBC16; DBo7] and the visual-
ization of large scale terrestrial data [Don+20; Bie+o7]. However, the
missing explicit storage of connectivity information can also be a
drawback and make tasks such as surface reconstruction, normal es-
timation, and rendering harder, since local surface information must
first be inferred from the point distribution.

2.4.1  Point clouds

In this dissertation, a point cloud is defined as a finite set of 3D samples

P = {(x;,n;,1i, ﬂz’)}fiy (2.107)
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where x; € R? denotes the position of the i-th point, n; € R? is the
point’s surface normal, r; > 01is a local radius that represents the spatial
support of the point (e. g., an estimate of the local sampling density
or surfel size), and a; € R4 is a collection of additional associated
attributes such as color, reflectance, or confidence values.

Unlike triangle meshes, point clouds contain no explicit topology in-
formation. Although a simple rendering algorithm could project each
point to a single pixel, depending on the density of the point cloud,
this would result in sparse images with many empty areas. Therefore,
rendering algorithms must reconstruct an (at least visually convincing)
continuous surface from these unstructured samples. While there are
methods to convert point clouds to triangle meshes, these are usually
costly, thus the next sections will explain surfel-based techniques that
are able to render point clouds directly.

2.4.2 Rendering opaque splats

A straightforward way to visualize a point cloud is to project each
point onto the image plane and draw a small opaque splat at the
projected position. In the simplest case, this splat is a small disk or a
square aligned according to the surface normal n; and whose size is
derived from the radius r;. Each splat is projected to a set of pixels. A
naive renderer assigns a color or intensity value to all pixels covered
by the splat’s projected footprint based on its normal n;, attributes a;
and the shading model (e. g. phong). If multiple points contribute to
the same pixel, i.e., if splats overlap, a depth test is employed to keep
only the contribution of the splat closest to the camera, effectively
treating splats as opaque surface elements.

The rendering of opaque splats can be trivially implemented in
modern graphics APIs (e. g., OpenGL, Vulkan), by just rendering a disk
at each point. Due to their speed and simplicity, opaque splats are used
in several point-based 3D reconstruction methods to render the current
model into color and depth images for camera pose estimation [Kel+13;
Whe+15; LWK15]. Still, this approach has several drawbacks:

Large opaque splats tend to over-smooth fine geometric detail
and cause halo artifacts at depth discontinuities.

The perceived surface smoothness and completeness depend
on the chosen radii 7;, but even for small splats the hard splat
boundaries generally result in a non-smooth appearance.

The method is sensitive to outliers and noisy point positions or
normals, which can appear as isolated splats and other artifacts.

For these reasons, opaque splats are not well suited for the visual-
ization of very noisy point clouds, like unprocessed point clouds
produced with ToF cameras, which are prone to flying pixels.

Splats
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2.4.3 EWA splatting

In Elliptical Weighted Average (EWA) splatting [Zwi+o1], each point
is again treated as a small oriented disk with a finite extent, however,
in contrast to opaque splatting, the influence of a splat decreases
smoothly towards its edges. Concretely, each position x on a splat is
given a weight by a radial basis function w;(d) > 0, where d = ||x — x;]|
is the distance to the splat center. For a smooth surface, the scale of
the weighting function should be chosen such that it vanishes at the
edge of the splat, i.e., w;(r;) ~ 0. Let (u,v) € R? denote a screen space
pixel and ¢q;(u,v) € R? the intersection of the viewing ray through
(4,v) and the plane containing the i-th splat. EWA now computes a
weighted average of all splat attributes as

Yiez, wi(llgi(u,v) — xi||)a;

. 08
Yier. wi(llgi(u,v) — xi) (2.108)

a(u,v) =

Since the weighting function w;(d) falls to 0 at splat edges, the only
splats contributing to the sums in equation (2.108) are the ones inter-
sected by the viewing ray. Additionally, to avoid occluded background
surfaces to be included in the computation, a surface thickness param-
eter € is used to discard splats whose intersection with the viewing
ray is farther away than € from the intersection closest to the viewer.
Equation (2.108) can not only be used to interpolate the splat appear-
ance vector, but also their normals. This enables a per-fragment light
computation similar to Phong shading [BSKo4].

Compared to opaque splatting, a hardware-accelerated implemen-
tation of EWA splatting in a modern, rasterization-based graphics
pipeline is more complicated. Commonly, a 3-pass deferred shading
approach consisting of a visibility pass, an accumulation pass and a
normalization pass is utilized [Bot+o5]. In the visibility pass, all splats are
moved backward by € along the viewing rays before they are rendered
into the depth buffer. The splats are treated as if they were opaque
during this pass and no shading is needed.

During the accumulation pass, the scene is rendered with splats in
their original position. The weighted attributes w;(||q;(1, v) — x;||)a;
and weights w;(||q;(u, v) — x;||) are computed in fragment shaders and
accumulated in two separate buffers using additive blending. Deacti-
vating writing to the depth buffer (but not the depth test) during this
pass in combination with the back-shifted depth buffer from the visibil-
ity pass ensures that only contributions up to a distance from the clos-
est splat according to the surface thickness parameter are accumulated.
This means, that after the accumulation pass, the two buffers contain
the numerator and denominator of equation (2.108). The normalization
pass computes the attributes a(u, v) with a simple pixel-wise division
of the accumulated weighted attributes Y, w;(|g;(u, v) — xi||)a; and
summed weights ) ;; w;(||gi(1, v) — x;||) which are stored in the two
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buffers. As this pass only requires per-pixel operations, it does not re-
quire a full re-rendering of the scene. The final lighting computations
and shading can also be included in the normalization pass.

The original formulations of EWA splatting [Zwi+o01; Zwi+02] also
include a screen-space pre-filter (usually Gaussian) to avoid aliasing
artifacts due to minification, which has been omitted in the explana-
tions above. Approximating the pre-filtering by simply scaling the
splats to cover at least 2 x 2 pixels has been shown to achieve high
quality while still being efficient [Bot+o5].

Compared with opaque splatting, EWA splatting has an inherent
denoising effect. By averaging contributions of nearby splats along a
viewing ray, small-scale noise in the splat positions is smoothed out.
This effect becomes stronger for higher surface thickness values €, but
at the cost of increased blurring and mixing of unrelated surfaces.
Large outliers can still bias the resulting rendered surface towards the
camera. Additionally, there are still halos if a splat overlaps a depth
discontinuity. Efficient and outlier-robust solutions to these problems
will be developed in Chapter 7.

Problems



LEARNING SENSOR LAYOUTS
FOR DEEP LEARNING TASKS

Conventionally, image data processing and deep learning applications
implicitly assume a fixed, predetermined sensor configuration that is
not subject to the training process. More recent work in the literature
changes this notion and treats different parameters of the imaging
device as part of the deep-learning-based processing pipeline. These
parameters are then optimized together with the neural network pa-
rameters in an end-to-end fashion in order to tailor them for specific
applications. This chapter takes the idea of end-to-end optimization of
imaging sensor parameters a step further and presents a novel method
to optimize the physical layout and density of pixels in the sensor
plane, thus effectively maximizing the spatial information value in
the most important areas for a task. It derives an analytic, differen-
tiable approach for the sensor layout parameterization, that allows for
task-specific, varying pixel resolutions. Two pixel layout parameteriza-
tion functions are presented: rectangular and curvilinear grid shapes
that retain a regular topology. A drop-in module approximates the
sensor simulation given existing high-resolution images and directly
connects the proposed method with existing deep learning models. Ex-
periments investigating two different downstream tasks, classification
and semantic segmentation, show that network predictions benefit
from learnable pixel layouts. The approach developed in this chapter
was published in [Som+24].

3.1 INTRODUCTION

Deep learning models have achieved impressive performance in a
wide range of computer vision tasks, including image classification,
object detection, and semantic segmentation. Computational imaging
approaches go beyond the traditional paradigm in computer vision,
which uses an image as input, and jointly consider the imaging process-
ing method and the image formation process performed in a camera,
comprising various hardware design and low-level, on-chip image pro-
cessing parameters. Recent approaches in deep computational imaging
aim at task-specific optimization of ISP pipeline parameters [Mos+20],
various optical components [Cha+18; CW19; Chu+21; Met+20; Sun+20;
Tse+21], or color filters, as explained in Chapter 4, in an end-to-end
manner.

Although the trend toward high-resolution imagery remains un-
broken, specifically mobile systems that incorporate computer vision
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solutions are strongly focused on cost, energy, and resource efficiency,
as well as on data security. Therefore, another trend in deep com-
putational imaging addresses new hardware concepts that integrate
edge Al and neural sensor concepts [Itu+23; Suo+23; MW21; Kli+22;
NMW22]. These approaches also solve vision problems in an end-
to-end, task-specific manner, jointly optimizing the vision algorithm
and the imaging hardware parameters [Kli+22]. Here, the primary
goal is to sense data with high information value useful for the final
task [Suo+23; [tu+23], thus minimizing energy and data communica-
tion requirements, as well as the amount of captured data to maximize
privacy. Although the integration of Al compute and sensing capabili-
ties is a medium to long-term trend in hardware development [Itu+23],
it results in a reduced amount of visual data acquired without losing
performance on the task. An example is in-pixel processing with a
SCAMP-5 chip with 256% px [MW21].

This chapter is motivated by the hardware trend towards integrated
Al compute and sensing capabilities [Itu+23], but instead investigates
the option to use currently available parameters in standard CMOS
sensor design processes. It specifically focuses on non-uniform and
minimalist pixel layouts, i. e., the number, location, size, and, poten-
tially, shape of pixels on the image sensor. Hardware designs of such
non-uniform pixel layouts were recently proposed [Cho+24; Zha+25].
This objective is in line with the common practice of artificially de-
creasing the image resolution at the input for network training to
adhere to memory constraints on the GPU. To make this flexibility in
pixel layout design accessible to deep learning, a data-driven approach
is proposed that optimizes the pixel layout for a given task together
with the neural network parameters in an end-to-end fashion.

The chapter demonstrates that various tasks, such as autonomous
driving, benefit from specifically optimized pixel layouts, especially
if the task includes a spatial bias, where certain image regions require
a higher pixel density than others. The effectiveness of the proposed
method is validated for classification and semantic segmentation tasks.
A significant improvement over baselines is shown without significant
dependence on the specific network architecture utilized to solve the
task. The contributions are

e a differentiable, physically based sensor simulation framework
that allows end-to-end gradient-based optimization of pixel lay-
outs,

e a generic pixel layout parameterization that covers a large class
of possible geometries, including rectangular and free-form pixel
shapes, while retaining the regular tropology, usually required
by downstream networks,

Motivation

Contributions
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¢ a drop-in module, that can approximate the sensor simulation
given existing high-resolution images, and can thus be easily
incorporated into existing deep learning models, and

¢ an experimental validation, that shows in simulations that tasks
like semantic segmentation in autonomous driving can benefit
from non-uniform pixel layouts.

3.2 RELATED WORK

This section discusses prior work that motivates the need for non-
uniform pixel layouts, attempts at end-to-end optimization of ISP
pipelines for various downstream tasks, as well as superpixel-based
methods that end-to-end optimize superpixel generation and network
parameters.

3.2.1  Pixel layout

In computer vision tasks like semantic segmentation, most methods
employ an “hour-glass model” like UNet [RFB15], PSPNet [Zha+17b],
etc. to be computationally efficient. Here, the information is first
encoded as low-resolution feature maps and then upsampled to target
image resolution for the downstream task at hand. However, this
approach makes the strong assumption that all regions in the image
have equal information and thus equal importance. In practice, this
assumption does not hold, as Jin et al. [Jin+22] show that a network’s
performance can benefit from non-regular, learnable downsampling
strategies. Additionally, some early works argue for non-regular pixel
layouts due to their ability to improve super-resolution [BLWo7] or to
provide better image representations as such [Kir1o].

Recently, Choubey et al. [Cho+24] propose a CMOS sensor design
methodology that allows for a non-uniform layout of rectangular
pixels across the sensor plane. The method presented in this chapter
can find such an optimal layout for a given task and data distribution
combination automatically.

3.2.2 End-to-end optimization of the ISP pipeline

Some attempts have been made to jointly optimize the ISP pipeline and
network parameters [Mos+20; Jin+22; Mar+19; TM21]. In their work,
Mosleh et al. [Mos+20] proposed a “hardware-in-the-loop” method
to jointly optimize the hardare ISP and network parameters stated as
a multi-objective problem using a 0*"-order stochastic solver for per-
ceptual image quality. Talebi and Milanfar [TM21] use a “CNN-based
resizer" to downsample high-resolution images and then perform clas-
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sification using deep learning-based recognition models and jointly
learn weights for both the “resizer" and the recognition model, which
is extremely complex, is not buildable as a sensor, and only performs
uniform downsampling. Marin et al. [Mar+19] proposed an edge-
based downsampling scheme that maps images to a non-uniform
pixel layout with a focus on object boundaries, i. e., edges. They learn
to sample with a higher resolution near object boundaries and lower
resolution elsewhere. This helps in improving the computational cost
while retaining some essential information for the task. Nonetheless,
many tasks also require information from the object’s interior, e. g.,
cancer cell detection. To overcome this drawback, Jin et al. [Jin+22]
proposed to learn a deformed sampling density distribution used for
downsampling a high-resolution image over a non-uniform grid based
on the network’s performance on the downstream task rather than
the edge vicinity. However, [Jin+22; Mar+19] use a neural network
on the high-resolution image to predict a suitable pixel layout for each
image individually, which requires the neural network to operate on
high-resolution data. In contrast, the method presented in this chapter
learns the hardware sensor layout with the subsequent network oper-
ating on the produced low-resolution data only, considering the full
pixel radiance, not just a single sampling position. High-resolution
data is only required for training, and there is no computational over-
head during inference. The proposed drop-in module can take existing
high-resolution images to approximate the incident radiance, allowing
to optimize any network for a limited resolution budget, or to reduce
the network’s size and inference time while keeping performance
as high as possible. In prior work [Ria+22], similar approaches have
been taken by uniformly decreasing the pixel resolution of the input
images to reduce the network size until the performance falls below a
given lower bound. The approach in this chapter can thus be seen as a
generalization of [Ria+22], integrating non-regular sampling schemes
like [Jin+22], while considering the total intensity of the input image
(as an approximation of the incident radiance to a sensor).

3.2.3 Superpixel-based methods

In addition to learning sensor parameters for effective downsampling,
other approaches learn pixel grouping into larger superpixels together
with neural network parameters [YF21; Fey+18; Ave+20]. Yet, all such
approaches create image specific superpixels and are therefore not suit-
able for learning a fixed hardware sensor layout. Moreover, as inspired
by [Cha+18; CW19; Chu+21; Met+20; Mos+20; Sun+20; Tse+21] the
objective in this chapter is to optimize sensor parameters (or image
downsampling) in a photometrically correct way, i.e., considering the
continuous acquisition of radiance at the pixel level as described in Sec-
tion 2.1.2. Another related pixel is hardware pixel binning [Zha+18;
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Figure 3.1: Base pixel (left) and non-uniform (right) IC layouts for a section
of the designed CMOS image sensor in [Cho+24]. The The four
pixels in the non-uniform section are vertically expanded. The
base pixels are visible in the bottom left corners of each of the
four pixels.

YIP15; Wes+09; Cho+14; Men+22], e. g., to reduce noise in low-light res-
olutions. Typically, these approaches apply uniform binning. Although
pixel binning can be used to implement the non-uniform layouts pre-
sented later in this chapter in field programmable gate arrays (FPGAs)
and allow modifications of the pixel layout without re-manufacturing
the sensor, the hardware resource and energy requirements remain
unchanged.

3.3 DIFFERENTIABLE SENSOR LAYOUT OPTIMIZA-
TION

In prior work, Choubey et al. [Cho+24] proposed a non-uniform
hardware design that includes rectangular pixels of different sizes
across the sensor plane. The design consists of a square base pixel
that represents the minimum pixel size, and extends the base pixel
horizontally or vertically to enable non-uniformity across the sensor
plane (see Figure 3.1). The design space for such layouts is very large
and the black-box nature of neural networks make it hard to manually
decide on the spatial pixel density across the sensor plane to improve
the overall performance. Thus, the goal is to automatically find the
optimal layout for a given task and network combination.

To this end, unlike usual deep learning techniques, images that
are used as input to a task-specific network G are not considered
fixed, but instead functions I(L,; 8). The inputs to these functions are
a continuous radiance function L, which depends on the scene to
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Pixel Layout
Parameters

Ry x R ROT x
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Cont. Radiance Sensor Image2lmage Nearest Image-Based
Function Simulation Network Neighbor Loss Function
Sampling

Figure 3.2: The overall pipeline for the end-to-end learning of task-specific
pixel layouts. R; x Ry and R?T X RZGT denote the resolutions of
the sensor and reference image, respectively. To best visualize
the sizes of individual pixels compared with the input radiance
function after resampling, the network in this visualization is just
the identity function.

sample at &y
pixel centers”g
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be imaged, as well as layout parameters 8 which describe the pixel
layout. This naturally requires modeling a spatially continuous and
differentiable sensor simulation process that determines the value of
each pixel for a given layout described by 6. This allows a gradient
based optimization of 0 jointly with network parameters v, i.e.,

min E(.,) (£(G((L;0):v), ), (1)

where L is a suitable loss function to compare the prediction of the
network with the desired ground truth y.

The overall approach to represent I as a function I(L,; 0) is depicted
in Figure 3.2 and the individual components are explained in detail
in the following sections. Assuming a continuous radiance function
(which in this work is approximated by a high-resolution image) as
input, a sensor simulation is performed (see Section 3.3.1) to capture
the radiance hitting the individual (possibly deformed) pixels defined
by pixel layout parameters (see Section 3.3.2). The pixel layout is a
continuous, bijective function ¢ applied to a regular pixel grid that
retains the pixel topology. Thus, the resulting, usually distorted pixel
layout can be fed to any network that accepts images as input. In case
of a downstream image-to-image network that uses an image-based
loss function, a back-warping, i.e., an interpolation using ¢, is applied
to resample the network’s output to the original image resolution. As
the pixel layout model is differentiable, the optimal task-dependent
layout can be learned jointly with the network (see Section 3.3.3).

3.3.1  Measurement equation

The basis for the sensor simulation is the general measurement equa-
tion derived in Section 2.1.2. The intensity measurement of a single



pixel with multi-index k = (ky, k2) is given by equation (2.25). Given
separable Wi(p, w,t,A) = W, (p)Wi(w, t,A) yields

Amax Fmax
)\min Emin Ak Q
- /A Wy(p)H(p) dp (3.2)
k

where W, is a weighting term that models a possible varying respon-
sivity of the sensor with respect to the location inside a pixel and
H(p) refers to the weighted radiance integrated over exposure time,
hemisphere and wavelengths’, i. e.

)\max Emax -

H(p) = / / / Wi(w, t, Lo (p, @, t, NdwdtdA. (3.3)
Amin Emin Q

The measurements are then further processed in an ISP pipeline to

compute an RGB, but for simplicity, all the following derivations treat

H(p) to directly output RGB values. The final image color is then just

the weighted mean over the pixel area.

1
=——F—— | W H(p)dp, .

k area(Ak) A p,k(p) (P) 14 (3 4)
where the normalization by pixel area is required to allow different
pixel sizes without influencing the color and brightness in the final
image.

3.3.2 Parameterizing pixel layouts

Although the design in [Cho+24] is limited to rectangular pixels, this
section will introduce a more general framework to parameterize
pixel layouts, as further advances in sensor design methodologies are
expected in the future.

The full sensor area is defined to be the square region S = [—1, 1]2.
As such, each pixel has its own domain Ay C S and weighting func-
tions W), ;. Pixels are assumed to be disjoint, except for their bound-
aries d Ay, and their union covers the whole sensor area, i.e.,

S =JAw (3-5)

Pixels from the standard, uniform layout are denoted as Uy. In this
case the pixel boundaries match the parallel grid lines of the sensor,
i.e., for the sensor resolution R; X R»,

Uy (3-6)

. 2k1 — Ry 2(k1—|—1)—R1 » 2k, — Ry 2(k2+1)—R2
- R, R, R, ' R, ’

Unweighted spectral radiance integrated over time, directions and wavelengths
known as radiant exposure H, = %, which is why H was chosen as the symbol here.
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A class of pixel layouts is now defined as a parameterized deformation
function ¢ : S x D — S, where D C R is the set of possible parame-
ters. The function ¢(-;0) is required to be bijective and bi-Lipschitz,
which implies that ¢ and ¢! are differentiable almost everywhere for
fixed 6 € D. For every 6, the function ¢(-; ) maps the sensor to itself.
The pixels with index k of this layout are defined as the set

A(0) = ¢(Uy; 0), (3-7)

i.e., the image of the corresponding uniform pixel area of index k.
The bijectivity constraint of ¢ assures that the deformed pixels do not
overlap and the overall pixel number and topology is retained. Since
¢ is Lipschitz, neighboring pixels of the uniform layout are mapped
to neighboring pixels in the deformed layout, and boundaries get
mapped to boundaries, i.e., dAL(0) = $(dUy; 0).

With these definitions, the forward pass of the image formation
process, i. e., the pixel color as given by equation (3.4), can be computed
by a change of variables as integrals over Uy instead of A (0)

W0) = mea i@y o) Wit PO H ()

Ju, Woi(¢(u;0);0)H(¢p(u; 0))| det Dug(u; 0)| du
fuk |det Du(f’(u,' B)Idu )

(3-8)

Here, D, ¢ is the 2 x 2 Jacobian matrix of ¢ with respect to the position
argument u. Since in the most general case the weighting function
may depend on the pixel layout, 6 is explicitly added to its arguments.

There are many possible concrete choices for ¢, with varying degrees
of freedom with respect to 0. Currently, rectangular pixels have an ad-
vantage in manufacturing the optimized layout in hardware [Cho+24].
For this reason, a simple deformation that depends only on two
parameters is proposed. Still, experiments show that even such a
simple pixel layout already leads to significant improvements. Given
p = (p1,p2) € Sand 6 = (61,62) € (—1,1)> =: D the layout is
defined as

p1(61—1)
Prea(p;0) = | W10 ] (3.9)

292‘p2|70271

The parameters control the vertical and horizontal deformation
strengths independently and, based on their sign, move more pix-
els to the edges or the center of the sensor.

Currently, there are no comprehensive hardware design constraints
for pixel layouts, but designs beyond rectilinear ones are possible.
Therefore, it is shown, as an example, that the proposed method can
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Figure 3.3: The rectangular (top row) and curvilinear (bottom row) pixel
layouts used in this chapter and their behavior under different
parameters on a 20 x 20 sensor.

also handle curvilinear layouts with a circular version of equation (3.9),
specifically

r‘7|1(|?1—1)
20ullpla=0=1 ¢ <1
o) P2
(Pcurv(P; 9) = ZGZHPHZ_GZ_l . (3.10)
P otherwise
[ \P2

Hardware designs for these curvilinear layouts exist [Zha+25]. Visu-
alizations of the rectangular and curvilinear layouts can be found in
Figure 3.3.

3.3.3 End-to-end optimization

Since the goal is to optimize the pixel layout for some downstream task,
this section will explain how the pixel layout parameterization can be
incorporated in a gradient-based optimization scheme. The outputs
of the sensor simulation I;(0) (see equation (3.8)) are processed by
a neural network G, and subsequently input into a task-specific loss
function £. To enable gradient based optimization, the gradient of
L with respect to the sensor parameter 6 needs to be computed.
Applying the chain rule gives

0L _ yoL ol (3.11)
96, — £l o8, >
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Figure 3.4: Applying ¢ to a uniform pixel Uy yields the deformed pixel
Ay, whose shape depends on the parameter vector 6. The flux

integral for the gradient computation requires quantities on each

boundary point » € dAy: The tangent %, the outward-pointing

normal 71, and the change of the boundary point with respect to
the pixel layout parameterization g—g.

where g—fk can be computed via standard backpropagation. In the

following, an analytic expression for the second term, i. e.the derivative
of a pixel color with respect to the sensor layout parameters is derived.
For brevity, the j subscript is dropped, so that 6 always refers to a
scalar value. However, the calculations can be trivially vectorized.
Starting from equation (3.4), applying the quotient rule yields

. ;G(J;Ez; (3-13)
_ %(9)g(9)(;)§(9)g§(9) , (3.14)
8
The derivative of f will now be explained in detail, i.e.,
g2 oy Mo B H(p) dp. (3:15)

The derivative of the pixel area is computed analogously. Since the
integration domain itself depends on 6, Reynold’s transport theo-
rem [Fla73]* can be applied:

) 0
aé‘ ~ Jae) a6 "Vrx(P:O)H(p) dp
a R .
+ fé@(e) Wp,k(r;G)H(r)<£/"(f?9>> ds 00
= Qint(g) + Qbound(6>

The first integral can be easily computed by a change of variables
like equation (3.8). The second integral is the flux integral across d Ay,

2 Also known as the Leibniz integral rule

Gradient
computation



where r : [0,1] — dAk(0) is an arbitrary piece-wise smooth parameter-
ization of the boundary, g—g is the local change of the boundary point
with respect to 6 and 7 is the corresponding outward pointing unit
normal vector. Since the boundary of Ay is the image of the boundary
of Uy under ¢ (see Section 3.3.2), a parameterization can be given by

r(t0) = ¢(y(t);0), (3.17)

where v is a parameterization of the square boundary of Uy. Further-
more, tangent vectors of r are the pushforward of tangent vectors

by ¢, i.e.,

#(t;0) = Dugy(t;0). (3.18)
Thus, the line element ds can be computed as

ds = ||#(t;0)||dt (3.19)

and the normal (up to orientation) is

ato) — L 2(t0) .
() |7(t;0)||2 <—f1(t;9)>' (3-20)

The important quantities of the boundary integral are visualized in
Figure 3.4. With this, all ingredients of the derivative in equation (3.16)
can be computed.

Note, that applying the divergence theorem on Qpounqg would trans-
form it into another interior integral. However, in that case a gradient
computation of H with respect to the location on the sensor plane
would also be required. Using the formulation above, there is no
requirement on the availability of gradients of H.

3.4 IMPLEMENTATION DETAILS

In this section, some practical implementation details of the theoretical
considerations above will be given. It will also be explained how the
approach can fit into existing deep learning pipelines.

3-4.1  Numerical integration

The forward and backward pass are both implemented using numeri-
cal integration. Stratified Monte-Carlo integration to reduce possible
aliasing artifacts that could emerge from quadrature-based integration
schemes is employed. Specifically, during the backward pass, the same
amount of samples on all four pixel boundaries are taken. The interior
gradient integral Qin: looks very similar to the pixel color formula in
equation (3.8) and can be efficiently computed by reusing samples
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of H(p) from the forward pass. The boundary integral Qpoung only
requires sampling the border of the pixel, which requires less samples,
which can be even reused for neighboring pixels, as here only the
sign of the normal vector differs. No assumptions on how H(p) is
calculated are made. In general, the method can be built on top of any
existing rendering algorithm, as long as it exposes a way to sample
the radiance at given points on the image plane.

3.4.2 Integration into existing deep learning pipelines

The main goal of the proposed method is to enhance a downstream
deep learning task, which generally requires a substantial amount of la-
beled training data. For many tasks, large and widely used datasets are
available, whose effectiveness has been proven over time. To make use
of these datasets, the radiant exposure function H(p) is approximated
with high-resolution real images, for which there are high-quality
task-specific labels. These images are transformed into a coarser image
using the described differentiable sensor simulator. High-resolution
real images can be interpreted as samples of equation (3.3) on a regular
grid. To sample H(p) at arbitrary positions, bilinear interpolation is
employed. Furthermore, Wp/k is set to be constant, i. e., all points on a
pixel have the same responsivity.

The differentiable sensor simulator is implemented as a custom
PyTorch layer, which makes it easy to integrate into already existing
projects. The layer takes a high-resolution image as input and outputs
an image with the resolution of the simulated sensor. Applying tanh
to the parameters restricts them to the allowed range of (—1,1)2. Since
the behavior of the deformation function becomes nearly singular at
the borders, the permissible range is further restricted to (—0.6,0.6).
This range already allows for strong enough deformations in all ex-
periments and also allows modeling restrictions of minimum and
maximum pixel sizes in the hardware manufacturing process.

Even though non-uniform layouts are simulated, the output of the
sensor layer is interpreted as lying on a uniform grid, i. e., the output
is just an image tensor in R3*R1*R2 without information about the size
and relative distance of neighboring pixels. Directly visualizing this
output makes the image look deformed (see Figure 3.2). For instance,
layouts with more pixels in the image center would also result in
enlarged objects in the image center. This deformed image is directly
fed into the downstream network. Even though this seemingly violates
the implicit assumption of convolutional layers that all pixels have the
same distance to their neighbors, experiments show that performance
improvements over baselines are still significant. Exploring more tai-
lored solutions that account for relative pixel positions e.g., using
continuous CNNSs, is a subject of future work.

Implementation



3.4.3 Handling image-to-image tasks

Special care needs to be taken if the downstream network is solving
an image-to-image task. In that case, there is usually a one-to-one
correspondence between input pixels and output pixels, like a dense
map of class probabilities for semantic segmentation. This means that
a change in the pixel layout of the input image has an immediate
effect on the output image, which has to be taken into account when
computing the loss. The loss will, in general, be some form of distance
to a reference image given in uniform pixels. A modification of the
loss function properly takes the pixel area into account. To this end, a
uniform grid with the reference image resolution RST x RST is warped
via the inverse pixel layout deformation ¢!, and the (deformed)
output of the downstream network is sampled at these locations
with nearest-neighbor interpolation. The result is an un-deformed
image with constant regions that match the pixel layout defined by
¢ (see Figure 3.2). The loss of this image to the reference image can
now be taken as usual. Note, that this resampling is only applied
to the output of the downstream network, while the network itself
operates on the deformed image and can thus take advantage of the
non-uniform layout.

These considerations only apply to image-to-image tasks. If the
output of a task does not depend on positions on the image plane
(e. g. classification tasks), the loss function can be applied as-is without
modifications.

3.5 EXPERIMENTS

Experiments for classification and semantic segmentation tasks were
conducted. For each experiment, a task-specific network with uniform
sensor layout as the baseline is compared to the same network end-
to-end trained with a learned sensor layout, which is fixed during
inference and evaluated on simulated data. In order to achieve the
fairest possible comparisons, the uniform baselines and the learned
layouts share the exact same code (including training schemes and
hyperparameters), except that the sensor layout parameters of the
baselines are frozen to 0, which results in a uniform layout.

3.5.1  MNIST classification

To illustrate the principle of the end-to-end sensor layout optimization,
this section begins with a toy example that optimizes the layout for
hand-written digit recognition on MNIST [Den12] with a sensor size
of only 4 x 4 instead of the original 28 x 28 pixels. The digits in
MNIST are always centered, so a reasonable hypothesis is that an
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6 = (0.56,0.38)

(a) Uniform (b) Learned

Figure 3.5: Learned sensor layout for 4 x 4 MNIST classification. Top row:
pixel layouts overlayed over the original 28 x 28 image. Bottom
row: Simulated sensor output. The network fine-tuned on the
uniform layout wrongly classifies (a) as a 7 while the end-to-end
optimized network classifies (b) as a 4.



Layout Accuracy

Uniform  83.63%
Learned  90.90%

Table 3.1: Test set accuracy of 4 x 4 MNIST [Den12] classification. Even with
a resolution of only 4 x 4 pixels, we can reach a classification
accuracy of more than 90%.

optimized layout places smaller pixels in the middle to capture the
higher information density there. This is in contrast to more general
datasets like ImageNet [Den+o9], which aim to provide images from
a distribution that is as wide and general as possible, and thus have
little to no spatial bias. The curvilinear layout ¢c.rv is applied to the
sensor, with parameters initialized with 0, i. e., the training starts with
the uniform pixel layout.

The output of the sensor layer is fed into a small CNN consisting
of two convolutional layers with 32 and 64 channels respectively,
followed by a max pooling layer and two fully connected layers with
hidden dimension 128. The whole pipeline is trained for 14 epochs
with Adam [KB15] and a learning rate of 0.01. The baseline is the exact
same pipeline, but with frozen uniform sensor parameters.

The test set accuracy in Table 3.1 demonstrates a clear advantage of
the learned layout, which can be seen in Figure 3.5. The layout confirms
the hypothesis that smaller pixels in the center are advantageous for
classification on this specific dataset. Note that the visualizations of
the learned layout in Figure 3.5 is not what the downstream network
receives as input. The CNN has no notion of pixel shape and relative
distance between pixels, and only “sees” a 4 x 4 uniform grid of pixel
values.

3.5.2 Semantic segmentation

For a relevant practical example application, the approach was also
evaluated under the task of semantic segmentation of urban scenes
on the Cityscapes dataset [Cor+16]. The dataset contains 5000 high-
resolution, densely annotated frames with 19 object classes.

Unlike in more general segmentation tasks, street view images are
taken in environments that share many similarities between individual
images, and the distribution of object classes over the image plane is
highly non-uniform. For instance, often large parts of the image are
occupied by empty streets or the sky, while other areas have a higher
density of different object classes. Thus, the segmentation task could
benefit from distributing pixels to areas of higher information density.
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Network Layout mIoU Acc. (%)

Uniform 50.76 90.86
PSPNet Geury 52.39 91.19

47rect 54-08 91.44

Uniform 49.16 90.12
SegNeXt Prect 50.01 90.22

+q>rect 51.07 90.52

Uniform 55.13 91.61
DeepLabV3plus Prect 56.68 91.83

+(Prect 55.95 91.79

Table 3.2: Semantic segmentation results on Cityscapes dataset [Cor+16]
(256 x 128). Fixed layout transferred from the optimal layout of
PSPNet is indicated by t. Otherwise layouts were trained from
scratch. Bold indicates the best result for that network architecture.

Sensor Image PSPNet + Uniform Layout PSPNet + Learned Layout Ground Truth

Figure 3.6: Example segmentations from the Cityscapes [Cor+16] test set
with and without learned sensor layouts at 256 x 128 resolution.
The used deformation is ¢rect. To accommodate the different pixel
shapes, both variants were upsampled using nearest neighbor
interpolation to the ground truth resolution (2048 x 1024), as
described in Section 3.4.3. The learned pixel layout achieves more
accurate segmentations with objects detected that were otherwise
missed by using the uniform layout, especially in the vertical
center of the image.



3.5 EXPERIMENTS

6 = (—0.14,0.25) 6 = (0.06,0.33)
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(c) Uniform

Figure 3.7: First row: Learned curvilinear and rectangular pixel layouts for
256 x 128 segmentation on Cityscapes (less pixels are shown
for visualization purposes). Vertically, the sensor learned to put
more pixels in the center. Further, the rectangular layout has a
slightly higher pixel density towards the left and right of the
sensor. Second row: Corresponding deformed output of the sensor
simulation layer, i.e. the input to the network, for an example

image. Note how areas with a higher pixel density are enlarged.

Third row: Uniform sensor image for reference.
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3.5.2.1  Baselines and setup

As baselines, the segmentation networks PSPNet [Zha+17b], Seg-
NeXt [Guo+22] and DeepLabV3+ [Che+18] were chosen, with code
taken from publicly available repositories3. Again, the baselines are
trained with a fixed uniform pixel layout and compared to the same
network architectures with a learnable layout. In general, segmentation
networks are trained and evaluated on patches of the high-resolution
input images, instead of downsampling them. Since the objective is to
optimize the pixel layout over the whole sensor plane, here the whole
input is fed to the network directly instead. This also means that not all
data augmentation schemes from [Zha+17b] can be employed, namely
random rotation, which were disabled for the experiments. All sensor
parameters are initialized with o (uniform layout) and frozen for 10
epochs to speed up convergence to reasonable network weights. Apart
from that, the same default hyperparameters were used for baseline
experiments and experiments with learned layouts.

To assess whether curvilinear or rectangular layouts have an advan-
tage over the other, both variants were trained. In order to evaluate
whether a layout optimized for one network can be transferred to
another on the same task, the optimal rectangular layout from PSP-
Net was transferred to the other networks. For these experiments,
the transferred PSPNet layouts were frozen, while the networks were
trained from scratch. Moreover, PSPNet is evaluated on three different
sensor resolutions.

3.5.2.2 Results

The learned layouts in Figure 3.7 display a higher pixel density toward
the horizon line. As expected, fewer pixels are needed to detect the
street and the sky. Perspective also dictates that objects far away from
the camera gather at the horizon and are smaller, thus requiring a
finer pixel raster to distinguish them. Interestingly, the sensor with
the rectangular layout also learned to put slightly more pixels toward
the left and right edges, leading to two distinct high pixel density
areas. This might be due to the fact that there is often a higher density
of small objects on the sidewalks (people, poles, fences, vegetation)
as opposed to the street itself. The learned curvilinear layout does
not show this horizontal non-uniformity. Although hard to verify, an
explanation for this could be that the deformation here is restricted to
a circular region, which means that the region at the sensor boundary
cannot be sampled more densely.

The quantitative results in Table 3.2 and Table 3.3 show a clear
advantage over the uniform layout on all resolutions tested. In all
experiments, the rectilinear layout outperformed their curvilinear

PSPNet experiments are based on https://github.com/hszhaeo/semseg and the
other two networks on https://github.com/open-mmlab/mmsegmentation


https://github.com/hszhaeo/semseg
https://github.com/open-mmlab/mmsegmentation

Resolution Method mloU (%) Acc. (%)
PSPNet [Zha+17b] 37.11 87.17
128 x 64 PSPNet + ¢eury 37.56 87.33
PSPNet + ¢rect 39.44 87.90
PSPNet 50.76 90.86
256 x 128 PSPNet + ¢eury 52.39 91.19
PSPNet + ¢rect 54.08 91.44
PSPNet 63.98 93.73
512 x 256 PSPNet + ¢eury 64.65 93.73
PSPNet + ¢rect 64.74 93.75

Table 3.3: Ablation of semantic segmentation results of PSPNet with different
sensor resolutions on the Cityscapes dataset [Cor+16]. For all
resolutions, the learned rectangular layout performs best.

counterparts, which might be because of their limited adaptability in
the image corners. The layouts transferred from PSPNet also achieve
improved results, which indicates that the layouts are task-specific
rather than network-specific. Figure 3.6 also show encouraging results
for the detection of objects in the image center.

The more recent architectures DeepLabV3plus and SegNeXt seem
to gain less improvement from the learned layouts. One possible
explanation is that their higher representational capacity allows them
to compensate for the limitations of the uniform grid. Another possible
explanation is that these specialized architectures are less effective
in processing deformed inputs, thus diminishing the benefit of the
learned layouts. An analysis of this behavior and the development of
specialized architectures tailored for the deformed inputs remains an
interesting direction for future work.

3.5.2.3 Accuracy gain in different sensor areas

To show the influence of pixel density on per-pixel accuracy, the ac-
curacy gain of the learned layouts compared to the uniform baseline
are compared by computing the mean accuracy at all pixel positions.
Figure 3.8 exemplary shows the accuracy gain of the learned layouts
with the PSPNet downstream network. It can be seen that the accuracy
significantly increases in regions with higher pixel density, while stay-
ing the same or only slightly decreasing in low density regions. This
is evidence that the learned layout successfully puts higher density
into regions that are otherwise harder for the network to discrimi-
nate while putting less emphasis into easier areas (like the street).
Furthermore, the area of accuracy increase over the uniform layout
seems to broaden in vertical direction toward the left and right corners
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Figure 3.8: Difference of per pixel accuracy in percentage points compared
to the uniform layout for 256 x 128 PSPNet on Cityscapes. Values
greater than o indicate image regions where the learned layout
performs better. The per pixel accuracies were computed as the
average accuracy over the whole test set. The corresponding
layouts are overlaid and do not represent the actual resolution of
256 x 128 for visualization purposes.

Resolution Method Accuracy 0

ResNet18 86.60% -
ResNet18 + ¢rect  87.19%  (0.32, 0.08)

8% 8

ResNet18 88.39% -
ResNet18 + ¢rect  88.62%  (0.15,0.03)

16 x 16

Table 3.4: Accuracy and pixel layouts for classification on the CelebA
dataset [Liu+15].

for the rectangular layout. Apparently, the current curvilinear layout
parameterization cannot properly cope with the requirement of having
higher pixel resolution in the left and right image centers. In future
work alternative curvilinear parameterizations could be investigated.

3.5.3 Multi-label classification

Finally, the method is evaluated on the multi-label classification of
facial attributes on the CelebA dataset [Liu+15]. The dataset contains
200K frontal images of celebrities and is annotated with 40 facial at-
tributes. Similarly to MNIST, the faces are in the image center, so that a
non-uniform pixel layout could be advantageous. A ResNet18 [He+16]
classification network trained on ImageNet [Den+o9] is fine-tuned on
CelebA over 15 epochs on different resolutions using the rectilinear
pixel layout. The results in Table 3.4 show marginal improvements
over the baselines. As expected, the network learns a higher pixel
density in the image center. The joint prediction of 40 different at-
tributes (spatially spread over each face) can be the reason for the
comparatively small improvements.



36 CONCLUSIONS AND LIMITATIONS

This chapter presented the first approach of a parameterizable and
differentiable pixel layout that can be jointly optimized with any
downstream, task-specific network in an end-to-end fashion. This
approach allows going beyond fixed, regular pixel layouts that treat
all regions of an image as equally important, yielding task-specific
layouts on which the networks perform better than on regular grids.
The chapter provided the generic concept of an analytic, differentiable
sensor layout parameterization that retains a regular topology and
presented two pixel layout parameterizations, i.e., rectangular and
curvilinear grid shapes. The drop-in module allows to apply the
learnable pixel layout to existing high-resolution imagery, and, thus,
connecting the proposed method to existing deep learning pipelines.
Experiments showed that network predictions benefit from a learnable
pixel layout for classification and semantic segmentation tasks.

The proposed deformation functions are comparatively simple, do
not cover all task preferences and require more investigation. In addi-
tion, not all tasks have a sufficient spatial bias, i. e., a non-uniform dis-
tribution of objects of interest in the image plane to make non-uniform
sensor layouts advantageous. Yet, sufficiently many application sce-
narios still naturally benefit from non-uniform layouts. Moreover, a
tighter integration of the sensor design parameters and their (geomet-
ric) limits into the modeling of deformations is needed. In particular,
the proposed model assumes a 100% fill factor, whereas practical
hardware implementations are subject to constraints such as finite fill
factors, placement of pixel electronics, and other fabrication limita-
tions. This is particularly important for future work on the hardware
design and optimization of curvilinear and more free-form layouts.
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4 LEARNING COLOR FILTERS FOR
DEEP LEARNING TASKS

While the previous chapter described a way to optimize the physical
location and shape of pixels on a sensor plane to improve various
tasks, this chapter evaluates whether color filters tailored specifically
for semantic segmentation tasks solved with deep learning methods
can have an advantage over conventional hand-crafted filters. To this
end, an approach to optimize color filters jointly with neural network
parameters is presented. In contrast to previous work, this method
also incorporates a realistic shot noise model into the optimization,
which is crucial, since color filters directly influence the signal-to-noise
ratio of the acquired image. However, under these realistic conditions,
an extended evaluation suggests no statistically significant or robust
advantage of learned filters over hand-crafted baselines on the task of
semantic segmentation for autonomous driving.

4.1 INTRODUCTION

With the advent of deep learning, neural networks have revolutionized
many aspects of image data processing by solving imaging appli-
cations in a data-driven fashion. While most applications of neural
networks in image processing implicitly assume a completely separate
upstream image formation and acquisition process, and thus do not
incorporate sensor design parameters in the learning process, recent
work showed that optimizing parameters such as the position and
shape of pixels [Cho+24; Som+24; KN25] (see Chapter 3), various op-
tical components [Cha+18; CW19; Chu+21; Met+20; Sun+20; Tse+21],
or parts of the image signal processor (ISP) pipeline [Dia+21; Mos+20]
together with neural networks can improve task-specific performance.

Other works have also proposed optimizing color filters for the tasks
of demosaicing with neural networks [Cha16; HGO18], i. e., optimizing
the CFAs as described in Section 2.1.2.3 themselves, but also training
a neural network that predicts the missing channels at each pixel.
These works highlight the potential of integrating hardware-level op-
timizations with algorithmic advancements, suggesting that a more
holistic approach can yield significant improvements in image quality
and processing efficiency. However, the objective in filter design for
demosaicing is to find the best color filters for reconstructing images
optimized for human perception. While the learned filters improve the
quality of the input image and thus can also increase the performance
of general downstream tasks, they may not be optimal for more spe-
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cific scenarios like low-light imaging, or higher-level computer vision
tasks like semantic segmentation, where finer nuances in the color
spectrum than the human eye is able to perceive could be beneficial to
separate different classes of objects. This chapter investigates whether
similar gains can be realized for a high-level task such as semantic
segmentation. It aims to explore the intersection of deep learning and
spectral color filter optimization, presenting a framework to optimize
both neural networks and color filters in tandem to critically assess
whether such performance gains exist under realistic conditions. The
main contributions in this chapter are

an end-to-end differentiable drop-in module that realistically
simulates color filtering in sensors, including shot noise, and
enables learning of physical filter response functions for any
downstream task, such as semantic segmentation, and

a systematic evaluation showing that, under realistic noise and
training conditions, learned filters do not reliably outperform
strong hand-crafted baselines, and an analysis of possible rea-
sons for these results.

4.2 RELATED WORK

In terms of color filter design for demosaicing, Chakrabarti [Cha16]
learns an optimal CFA pattern by choosing filters from a set of pre-
defined filters (red, green, blue and white) in a 3 x 3 area in a differ-
entiable fashion, by gradually increasing the temperature parameter
of a softmax layer. In contrast, Henz et al. [HGO18] directly learn the
CFA filter weights. Both works simulate the color filters with existing
3-channel RGB images, which means that no spectral response curves
can be learned. Since the input images only have 3 channels already,
no new spectral information can be gained by the learned filters. Addi-
tionally, both works do not consider shot noise in their sensor models.
In comparison, the approach presented in this chapter includes a
sensor simulation with a differentiable shot noise model, and utilizes
hyperspectral images to optimize the full spectral response curves.

Another related research area is band selection to reduce the amount
of information in hyperspectral imaging, either for spectral recon-
struction [LDV23; Fu+20], or for efficiently solving a deep learning
task [Mic+20; Mou+21]. Band selection selects single channels of a hy-
perspectral image, while the method presented in this chapter aims to
design physically realizable filter response curves that do not require
a hyperspectral camera at inference time.

The most closely related work to the approach presented here is
[Nie+18]. The authors also end-to-end optimize filter response curves
from hyperspectral images, but only for the task of spectral reconstruc-
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Figure 4.1: Overview of the training pipeline. The method utilizes hyperspec-
tral data to simulate multispectral images with learnable filter
curves and passes the resulting simulated image to the down-
stream segmentation network. Additionally, the filter curves are
regularized with Laplacian and deep supervision loss terms,
which utilize a very shallow auxiliary network, that is trained
together with the main network.

tion, and not for arbitrary high-level vision tasks. Moreover, they do
not simulate shot noise in their sensor model, while the approach in
this chapter explicitly includes differentiable shot noise, which is cru-
cial for an accurate sensor simulation, as the shape of filter response
curves influences the signal-to-noise ratio of the intensities measured
by each pixel, as explained in Section 2.1.2.5. To the best of current
knowledge, no prior work has systematically evaluated whether such
learned spectral filters improve high-level semantic segmentation tasks
under a realistic sensor noise model. The experiments in this chapter
address this gap and find no consistent advantage over hand-crafted
filters.

4.3 METHOD

This section will start with a brief introduction to the overall approach
and how it fits into general deep learning pipelines. The following
sections will then go into more detail.

Like in Chapter 3, images are not considered fixed, but functions
that depend on sensor parameters. The approach presented here
considers the (multispectral) images to be functions Ims(Iys; 0), that
map learnable color filter parameters 0 and a hyperspectral image
(HSI) I to a C-channel multispectral image Ins € RF*W*C. This
image can then be used as input to a task-specific downstream network
G(-,v) with learnable network parameters v. If the image formation
process is differentiable with respect to the sensor parameters 0, they
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can be jointly learned together with the network parameters v by
optimizing

I’I;,ivl’l ]E(Ihs,y)([’(g(lms(lhs;B)IV)/ y))/ (41)

where £ is a loss function and y is the ground truth label correspond-
ing to the hyperspectral image I} inside the training data set. Notably,
this only describes the training process, and during inference the hy-
perspectral input images are no longer needed, as Irys can be directly
measured by a physical realization of the optimized spectral filters.
The following sections will outline the differentiable image formation
process, i.e., how Ins(Is; 0) is computed. For an overview of the
overall method see Figure 4.1.

4.3.1 Image formation model

The measurement model from [Nie+18] is used in the proposed
method, which in the following section will be derived from the
more general model in equation (2.25). The basis for the sensor simu-
lation pipeline is the general measurement equation of a single pixel
with index k = (i, j) as described in Section 2.1.2. A multi-chip setting
like in [Nie+18] is assumed, i.e., each pixel has multiple color filters,
without the need of demosaicing. This also means that every pixel
has multiple weighting functions W ., where ¢ denotes the channel.
Under the light assumption that that the weighting function can be
separated as Wy .(p, w,t,A) = SC(/\)Wk(p, w, t), i.e., that color filters
Sk are independent of the position inside the pixel, the incident ray
direction and time, integrating equation (2.25) over area, hemisphere
and exposure time yields

)\max tmax
Lnske = / / / / Wie(p,w, t, \)Lo A (p, w, t,A)dw dp dt dA
Ay

mm mm

- / A)dA, (4.2)

mm

with

tmax -
/ /A / Wi(p,w, )L A (p, w, t,A)dw dp dt. (4-3)

mm

Every pixel k and channel c of a hyperspectral image I can be ap-
proximated as the integral of I;(A) over a narrow wavelength interval.
Thus, discretizing equation (4.2) and parameterizing S. with learnable
parameters 6, which model the shape of the color filters, yields

ms k, C Z S Ihs k /\ ) (44)

which can be directly computed from a hyperspectral image I
[Nie+18].

Hyperspectral image



Like [Nie+18], an individual trainable parameter 6;. for each dis-
cretized wavelength A; is introduced, so the computation of final
intensities reduces to a simple dot product of the weight vector and
the input HSI pixel, i.e.

Tms,k,C(e) = <ec/ Ihs,k>' (4-5)

This function is trivially differentiable with respect to 6, enabling
gradient-based optimization schemes. Physically valid color filters
require the components of 0 to be bounded between 0 and 1. This
property is achieved by clipping the weights after each optimization
step.

4.3.2 Differentiable shot noise

As color filters indirectly influence the signal-to-noise ratio of the final
image (see Section 2.1.2.5), in contrast to prior work [Nie+18], the
proposed method assumes that the measurements follow a Poisson
distribution. In order to simulate different light levels and exposure
times, a fixed parameter & similar to [Dia+21] is introduced. Denoting
a random number drawn from a Poisson distribution with parameter
x as P(x), the final image intensities are given by

Ims,k,c = maX(P(“Tms,k,c>/“/ 0)/ (46)

where the expected intensity sk is computed as in equation (4.5).
The parameter « is used to model multiple sensor and scene param-
eters that influence shot noise strength, like exposure time and light
level, while keeping the dynamic range fixed.

Since sampling from a Poisson distribution is not directly dif-
ferentiable, a Gaussian approximation and the reparameterization
trick [Kin13] are utilized in order to detach the random sampling
process from the computation graph:

P(x) ~ x+ V/xN(0,1), (4.7)

where ANV (0,1) is a random number drawn from a standard normal
distribution. This approximation is accurate for sufficiently large light
levels or exposure time, and is trivially differentiable with respect to
x, which enables the propagation of gradients all the way through the
downstream network and the image formation process back to the
color filter parameters.

Including shot noise in the sensor model is important for an accurate
filter simulation, as wider filter curves lead to a higher signal-to-noise
ratio, while narrower curves potentially increase the discriminative
potential of individual channels. The differential shot noise model
allows the optimization process to account for this trade-off between
noise robustness and spectral selectivity.
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4.3.3 Loss functions

The main loss function is a task-specific objective function (e.g., cross-
entropy loss for semantic segmentation)

»Cmain(lhsz y) = £task(g(1ms(1hs} 6)} 1/)/ y) (4~8)

Optimizing the per-wavelength weights 6 completely independently
leads to very chaotic filter response curves, which would be hard
to manufacture. For this reason, a Laplacian regularization term is
introduced in addition to the usual loss function used for the specific
downstream network:

Ereg = ZZ(Gifl,c - 291‘,0 + 9i+1,c)2- (4-9)
c i

The term penalizes steep edges in the filter response curves and leads
to smoother filters.

Additionally, for very deep networks, gradients propagated to the
input layer can become very small. In order to improve the gradient
flow, an approach similar to deep supervision [Lee+15] is introduced.
To this end, a very shallow network G, is added. This network solves
the same task as the downstream network, while sharing the same
color filter weights, effectively forking the output of the sensor simula-
tion to the two networks and training them simultaneously end-to-end.
Note that this network is only required during the training process
and discarded afterwards. The weights of the auxiliary network are
denoted with v,,x. The deep supervision loss term is analogously
defined to the main loss:

»Cds(Ihs/ ]/) = ﬁtask<gaux(1ms (Ihs; 9)/ Vaux)z y) . (4-10)

Finally, the main loss, the Laplacian regularization term, and the deep
supervision loss are combined in a single loss function

EtOt(IhSI y) - ﬁmain(IhSI y) + stﬁds(lhsr y) + Wregﬁreg/ (4'11)

where 7745, reg > 0 are weighting hyperparameters.

4.4 EXPERIMENTS

This section investigates the effectiveness of the proposed method for
semantic segmentation in autonomous driving.

4.4.1  Experiment setup

Experiments are conducted on the HSICityV2 dataset [Hua+21], which
contains 1256 hyperspectral street view images with coarse ground

Filter regqularization

Deep supervision



4.4 EXPERIMENTS |

10

0.8 1

0.6 -

0.4 4

0.2 4

0.0 : ‘ ‘ - .
500 600 700 800 900

Figure 4.2: Baseline color filters with 4 channels. The learned filters are also
initialized with these curves.

truth semantic segmentation masks with 19 classes. The images contain
128 equidistant wavelength bands in the visible and near-infrared
spectrum (450 nm to 950 nm). This fine spectral resolution enables
an accurate color filter simulation. The data is split into 1030 training
images and 226 test images.

The approach is evaluated on two downstream network models: the
energy efficient MobileNetV3 [How+19] with an LR-ASPP [Che+17]
head and the lightweight Fast-SCNN architecture [PLC19]. Both net-
works were designed for energy efficiency and fast inference. The
baselines for all experiments are the hand-crafted multispectral color
filters from [BAo06]. The filters consist of Gaussians that are evenly
placed over the input spectrum; see Figure 4.2. The learnable filters
of the proposed method are initialized with the same filter curves as
the baseline. A shallow CNN with only a single hidden layer with 32
channels and kernel size 3 is used.

The influence of different choices of hyperparameters, namely the
number of channels, regularization weights 7. and deep supervision
weight 745, is also evaluated. For the fairest possible comparison,
both the baseline experiments and the corresponding experiments
employing the proposed method use the exact same hyperparameters
in all cases, and no changes in the training processes were made. All
networks are trained from scratch for each experiment for the same
number of iterations.

The implementation is based on the publicly available mmsegmen-
tation repository [MMS20] and the default configurations are used
for the MobileNetV3 and Fast-SCNN experiments. The experiments
include the commonly used evaluation metrics for semantic segmenta-
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Figure 4.3: Learned filters for MobileNet (top row) and Fast-SCNN (bottom
row). (a) without deep supervision (b) with 4, = 1. All curves
used the standard regularization weight #jreg = 0.1
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tion, namely mean accuracy (mAcc) and mean intersection over union
(mlIoU).

4.4.2 Results

The test set results for 4-channel multispectral color filters for dif-
ferent choices of hyperparameters are in Table 4.1. The optimized
filter curves for some experiments are shown in Figure 4.3. The use
of deep supervision drastically changes the learned curves; see Fig-
ure 4.3. Without deep supervision (left column), the filters do not have
maximums at 1, and thus attenuate light at every wavelength. This
is counterproductive because less light hitting the sensor leads to a
worse SNR (Section 2.1.2.5). A possible explanation for this effect are
the weak, vanishing gradients that are propagated through the deep
network. Since the task-based loss gradient is small, the gradient of
the regularization term dominates. The right column of Figure 4.3
shows that this can be effectively combated with deep supervision.
The task-based gradients propagated through the shallow network are
larger and help the filters improve the signal-to-noise ratio themselves,
resulting in curves that make use of the whole spectrum and not
unnecessarily attenuate all wavelengths.

However, despite the very different filter shapes, the results in terms
of mAcc and mloU in Table 4.1 barely differ for different values of
14s- This suggests that the fluctuations in performance are dominated



Method freg 1ds mMAcc mloU

Fast-SCNN (fixed) - - 46.69 35.37
Fast-SCNN 0.1 - 4730 36.77
Fast-SCNN 0.1 0.4 46.79 36.53
Fast-SCNN 0.1 1.0 47.86 36.75
Fast-SCNN 0.1 2.0 4737 3648
Fast-SCNN 0.05 0.4 46.47 35.92
MobileNetV3 (fixed) - - 60.59 47.67
MobileNetV3 0.1 - 60.62 44.99
MobileNetV3 01 04 6077 47.82
MobileNetV3 01 1.0 6076 47.92
MobileNetV3 0.1 20 6113 45.58
MobileNetV3 0.05 0.4 60.25 47.73

Table 4.1: Segmentation Results With 4 Channels for different hyperparame-
ters

Run Fixed Filters Learned Filters

#1 60.4/45.17 59.93/45.14
#2  56.4/44.30 56.79/43.87
#3 60.19/47.16 60.29/47.22
#4 60.65/47.8 60.68/47.13
#5  60.42/47.67 60.76/47.92

Avg.  59.61/46.42 59.69/46.26
Std. 1.80/1.59 1.66/1.69

Table 4.2: mAcc/mloU of repeated experiments with MobileNetV3 (1jreg =
0.1 and 745 = 1.0). For every run, the learned and fixed filter
variants were trained from scratch with the same random seed.
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by stochasticity in the training process (e.g., random initialization
of network weights and batch selection) rather than by the specific
learned filter curves. To validate this hypothesis, the MobileNetv3
experiment was repeated multiple times with different random seeds.
In each run, the baseline experiments with fixed filters and the cor-
responding experiment with learned filters used the same random
seed, such that the networks were initialized with the same weights
and no other differences in the training process were introduced. The
results in Table 4.2 confirm that the learned filters have less influence
than the randomness in the training process. For a given seed, there
is barely a difference between using learned and fixed filters, and in
some runs the fixed filters even slightly outperform the learned filters.
The mean differences between the two variants are also much smaller
than the corresponding standard deviations, indicating that no robust
performance advantage of the learned filters can be observed.

4.4.3 Discussion

The results in Tables 4.1 and 4.2 indicate that jointly learned color
filters do not provide a statistically significant advantage over the hand-
crafted baselines for semantic segmentation in the considered setting,
i.e., autonomous driving. A possible explanation is that, in the task of
autonomous driving under outdoor illumination, the discrimination
between classes is dominated by texture and geometric structure, i.e.,
object shape and surface appearance, so only very little additional
benefit can be gained from fine-grained spectral information. The color
filters implement a linear spectral mixing of the hyperspectral data
into a lower-dimensional vector at each pixel. Many different choices
of filters may be functionally equivalent for solving the final task. The
deep downstream networks have a high capacity and can adapt to a
large amount of different spectral filters, thus reducing the potential
benefit that an optimized color filter could provide.

The comparatively stronger gains achieved by learning pixel lay-
outs (see Chapter 3) support this analysis, as higher pixel densities in
important areas further increase the ability of the network to detect dif-
ferent shapes and textures. This suggests that, at least for the evaluated
segmentation task with street-view images, the spatial distribution
of pixels has a larger influence on the downstream task performance
than tailored spectral filters. However, this conclusion is only valid for
the setting in this chapter. Other tasks or data may benefit more from
color- or spectrum-based class discrimination.



4.5, CONCLUSIONS AND FUTURE WORK

This chapter presented an end-to-end framework to optimize color
filter curves for imaging sensors together with a neural network with
the goal to solve a high-level downstream task. The method consists
of a realistic sensor simulation from hyperspectral images, including
a differential shot noise model, a parameterization of spectral filter
curves, and regularization and deep supervision schemes to obtain
physically plausible filters.

Under realistic noise conditions and in the context of semantic
segmentation for autonomous driving, the experiments did not reveal
a significant advantage of jointly learned color filters over hand-crafted
baselines. The performance difference between the learned and fixed
filters was consistently lower than the variability due to randomness
in the training process, i. e., weight initialization and batch sampling,
suggesting that downstream networks rely more on shape and texture
than spectral information.

Despite the negative results for the specific tasks considered in this
chapter, the framework can still be applied to other downstream tasks
and datasets. Its use, however, is currently constrained by the avail-
ability of large-scale HSI datasets with task-specific labeling, which
are crucial for the training of the deep downstream networks.

There are several possible directions for future work. Tasks or do-
mains that rely more heavily on spectral information, such as remote
sensing or material classification, may benefit more from learned fil-
ters than the autonomous driving scenario investigated in this chapter.
Moreover, a more explicit integration of color filter manufacturing
constraints into the optimization process could be explored. Future
work could also aim to automatically find the optimal number of
channels for a given task and budget, rather than treating the channel
count as a fixed hyperparameter. This could be especially interesting
in the mosaiced single-chip setting, since the number of distinct filters
determines the spatial arrangement and distance of corresponding
filters on the sensor.
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ENERGY DISSIPATION WITH
PLUG-AND-PLAY PRIORS

After examining methods for improving imaging pipelines at the
sensor level in the previous chapters, this chapter aims to improve
already captured images in a provable manner. Neural networks have
reached outstanding performance for solving various ill-posed inverse
problems in imaging. However, challenges of end-to-end learning
approaches in comparison to classical variational methods are the
requirement of expensive retraining or finetuning for even slightly
different problem statements and the lack of provable error bounds
during inference. Prior methods tackled the first problem by using
networks trained for Gaussian image denoising as generic plug-and-
play regularizers in energy minimization algorithms. Even though this
obtains state-of-the-art results on many tasks, heavy restrictions on
the network architecture have to be made if provable convergence of
the underlying fixed point iteration is a requirement.

Other work has proposed to train networks to output descent di-
rections with respect to a given energy function with a provable
convergence to a minimizer of that energy. However, each problem
and energy requires the training of a separate network. This chapter
considers a combination of both approaches by projecting the out-
put of a plug-and-play denoising network onto the cone of descent
directions of a given energy function. This way, a single pretrained de-
noising network can be used for a wide variety of reconstruction tasks.
The results show improvements compared to classical energy mini-
mization methods while still having provable convergence guarantees.
The approach developed in this chapter was published in [SKM1g9].

5.1 INTRODUCTION

As outlined in Section 2.3, in many image processing tasks an observed
image f is modeled as the result of the transformation of a clean image
i under a known linear transformation A and unknown (Gaussian)
noise ¢, i.e.,

f=Ai+¢. (5.1)

In most cases, the problem of reconstructing # from f and A is ill-
posed and can thus not be solved by a simple inversion of A, giving
rise to the field of regularization theory with iterative or variational
methods, see e.g. [BB18] for an overview. In recent years, neural net-
works were very successful in learning a direct mapping G(f;0) ~
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for a variety of problems such as deblurring [Xu+14; Tao+18], de-
noising [Zha+17a], super-resolution [Don+15], demosaicing [Gha+16]
and MRI- or CT-reconstruction [Yan+17; KMY17]. Even though this
works well in practice, there are rarely any guarantees on the behav-
ior of neural networks on unseen data, making them difficult to use
in safety-critical applications. Moreover, for each type of problem a
separate network has to be trained.

The classical variational method outlined in Section 2.3.1 is an
alternative approach that tries to find the solution by minimization of
a suitable energy function

it = argmin, Hy(u) + aR(u), (5.2)

with data fidelity term Hy and regularization function R. Although
minimizers of this kind come with many desirable theoretical guar-
antees, common regularizations such as TV often cannot perfectly
capture the complex structure of the space of natural images.

A particularly flexible approach arises from the hybrid plug-and-
play methods in Section 2.3.2 in which the proximal operator of the
regularizer is replaced by an arbitrary denoising networks. While such
approaches allow tackling different inverse problems with the same
neural network, the derivation of theoretical guarantees - even in terms
of convergence of the resulting algorithmic scheme - remains difficult,
see [CWE16; Sre+16] or some discussion in [MC18], unless the denoiser
satisfies particular properties [Ryu+19; REM17]. The contribution of
this chapter is a provably convergent plug-and-play algorithmic scheme,
which makes no restrictions on the used denoising network.

5.2 PROVABLY DISSIPATING MODEL-BASED EN-
ERGIES WITH PLUG-AND-PLAY PRIORS

The starting point of the above-mentioned algorithmic schemes that
utilize denoising networks to regularize model-based inverse problems
are the (proximal) energy minimization algorithms from Section 2.3.1.2.
While most works focus on primal-dual / ADMM approaches, their
convergence analysis is quite delicate, even in a setting, in which one
still minimizes (nonconvex) energies, so this chapter turns to two
simpler methods, namely gradient descent and proximal gradient
methods, whose algorithmic schemes are repeated here:

Upp] = U — T (ATVHf(Aut) + “VR(”t)> , and (5.3)
s = prox, (u — TATVH (Auy) ) (5-4)

Following the idea of [Hei+14; VBW13; DKE10], considering either
a gradient descent or a proximal step on the regularization as a
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Noisy Iteration 1 Iteration 100 Iteration 800

Figure 5.1: Example of a diverging algorithmic scheme using equation (5.5)
with Hy = 0 and a DnCNN denoising network D. Pixel values
are clipped to [o, 1] for visualization. Image are taken from the
FACES dataset”.

generic denoising operation gives rise to the following two algorithmic
schemes,

w1 = pp(us20) + 3 D(u), 5)
w1 = Dlp(i), 66)

where D denotes any kind of denoiser, e.g., a convolutional neural
network, and a gradient descent step on the data term is shortened to
o(uy; ) = up — TATVHf(Aut) for brevity of notation.

Algorithmic schemes like equations (5.5) and (5.6) combine the
model-based flexibility of energy minimization methods, i.e., the
explicit modeling of Hy, with the expressive power of deep neural
networks. Unfortunately, despite their success in various practical
applications, schemes like equations (5.5) and (5.6) remain dangerous
to be used: Figure 5.1 shows the result of running the iteration equa-
tion (5.6) with Hf = 0 on a noisy input image f = ug for 100 and
8oo iterations using a DNCNN [Zha+17a] denoiser preimplemented in
Matlab as D. The repeated denoising completely distorts the image.
Even more strikingly, the range of the image increases from values in
[0,1] to an interval of approximately [—185,218] within the first 100
iterations. Clearly, the algorithmic scheme diverges.

A natural condition for the provable convergence of a scheme
like equation (5.6) would be a 1-Lipschitz continuous operator D.
There has been previous work on computing upper bounds for the
best (i.e.lowest provable) Lipschitz constant of a network and us-
ing it to enforce a user-defined Lipschitz constant L during training
time [Gou+21; SGL18; Miy+18], but experiments show that enforcing
non-expansiveness drastically decreases the denoising performance.
The problem of computing even lower bounds for the best Lipschitz
constant, in hope of improving those results, was proved to be NP-
hard [VS18] and thus infeasible for deep networks.

1 https://faces.mpdl.mpg.de/

Convergence criteria
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Therefore, the approach described here adapts the idea proposed
in [MMC19] to safeguard neural networks by forcing them to predict
a descent direction to a given model-based energy, such that it can
be used within a line-search algorithm to guarantee convergence.
More precisely, at any given estimate # and model-based energy E the
authors use the Euclidean projection onto the half-space

C(7, VE(u)) ={d | (d,VE(u)) = v[[VE()|2}, v>0 (57)

after the last layer of their network. Although the resulting algorithm
converges to the minimizer of E, experiments showed significantly
higher peaks of the PSNR value in early iterations compared to classi-
cal gradient descent on E. Intuitively, the descent direction proposed
by the network pushes the iteration closer toward the distribution of
the training data than a usual gradient descent step would.

While the approach of [MMC19] has to train a separate network for
each inverse problem and each type of noise, the method proposed
here investigates the combination of the flexible algorithmic schemes
in equations (5.5) and (5.6) with the idea of [MMC19] to project onto
the half-space of descent directions to safeguard the underlying algo-
rithm.

In the following D will always refer to a generic, pretrained de-
noising network, like DnCNN [Zha+17a]. It is assumed that E(u) =
Hf(Au) + R(u) is a continuous, strictly convex and coercive energy
function. As a first step, rewrite the algorithmic schemes equations (5.5)
and (5.6) in such a way, that they resemble a gradient descent itera-
tion, i.e.,

Up1 = Uy — (ut — %p(ut;ZT) — ;D(ut)> , (5.8)
uy = u — (ur — D(p(ur; 7)), (5.9)

such that u; — 30(u;27) — 3G (u) or uy — D(p(ui; 7)) can be inter-
preted as update directions of the respective algorithmic schemes.
Because the plain iterations can be easily divergent, they are safe-
guarded by projecting them onto the half space of descent directions
C(v,VE(u)), i-e.,

dr = Proje, vy (#t — ap(us27) — (1 —a)D(uy)), (conv)
d = Proje(, vE(uy)) (Mt — D(p(u;1))) - (prox)
Note, that the simple averaging of the gradient descent and denoising
step in equation (5.5) was replaced by an arbitrary convex combination
using a parameter « to more flexibly determine the respective influence

of the data term and the denoising term. After computing the above
directions d;, the iterates are updated using

Up = up — 1dy, (5.10)
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Figure 5.2: Exemplary PSNR values per iteration for the deblurring and
super-resolution experiments.

with a step size 17; chosen based on a backtracking line-search mecha-
nism similar to [MMC19]. Under weak additional conditions, the line
search guarantees convergence of the proposed scheme to the mini-
mizer of E. Such a minimizer could of course be determined by any
classical algorithm, but the aim is for equation (5.10) to yield a better
path toward the true minimizer, and thus a discrepancy principle for
stopping the iteration early is considered. More precisely, the iteration
is terminated as soon as

Hy(Auy) < BHy(A), (5.11)

with Hy(Ail) being an estimate of the data-term dependent noise level
of the considered problem, and p being a scaling factor (typically
close to 1). This stopping criterion guarantees that the output of the
algorithm is close to the physical model represented by the data
fidelity term.

5.3 RESULTS

The implementation was tested with the image reconstruction tasks
of Gaussian deblurring with standard deviation 1 and 4 x single im-
age super-resolution. In both cases, Gaussian noise with standard
deviation 0.02 was added to the corrupted image. A PyTorch imple-
mentation®* of DnNCNN [Zha+17a] pretrained on a noise level of 0.1
was used as the denoising network.

The surrogate energy function uses a TV regularization with Huber-
norm instead of the Li-norm. The standard data term H;(Au) =
3|Au — £||3 was used, with A either being the blurring or downsam-
pling operator. The best hyperparameter for all methods were found
with a grid search. In all experiments, for scheme (conv), « = 0 was
the best choice for any 7, indicating that the gradient descent step

2 https://github.com/SaoYan/DnCNN-PyTorch
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Method Camera House Pepper Starfish Butterfly Plane Bird Lena Barbara Boat Man Couple

conv, =1 27.47 32.76 29.08 20.45 30.45 27.53 2845 32,52 2521 3004 30.78 20.84
conv, =09 2840 3332  30.57 29.79 31.21 2858 29.30 33.49 25.58% 3079 3134 30.50
conv, best 28.44 33.36 30.67 29.86 31.23 28.62 29.32 33.76 2561 30.84 3141 30.62

prox, =1 28.01 32.17 27.72 29.44 29.96 27.46 29.14 3273 2585 3071 30.78 30.50
prox, B =09 2947 34.21 31.05 31.33 32.17 29.12 30.05 34.16 25.64° 31.64 3187 3141
prox, best 29.48 34.33 31.40 31.33 32.18 20.16 30.05 34.30 2688 31.66 3188 3142

GD, best 28.19 32.90 30.15 29.55 30.76 28.23 28.95 3324 2563 3064 3118 3048

Table 5.1: PSNR for deblurring for varying images and stopping criteria.
The algorithm was stopped when H(u;) < BHy(i). best refers
to the highest PSNR over 500 iterations and a "*" means that the
stopping criterion was not triggered, so the last iteration was used
instead.

on the data term does not yield much additional information, assum-
ably because the projection onto C(vy, VE(u)), which depends on the
gradient of the data term anyway. When using (prox), T = 30 was
empirically found to be the best choice. For the projection onto the half
space, v = 5 was used in both schemes for deblurring, and ¢ = 50
using (conv) and 7y = 1 using (prox) for super-resolution. For fairness,
the classical gradient descent baseline was also implemented using
backtracking line search.

Figure 5.2 depicts the reconstruction quality of the current iterate
compared to ground truth over a span of 500 iterations. The peak
signal-to-noise ratio (PSNR) quickly peaks before slowly converging
to the fixed point of the surrogate energy, which is consistent with
the results of [MMC19]. Notably, the convex combination method
peaks earlier, but not as high as the proximal gradient method. Ta-
bles 5.1 and 5.2 show results using early stopping using a discrepancy
principle. On all test images the (prox) scheme beats gradient descent.

Method Camera House Pepper Starfish Butterfly Plane Bird Lena Barbara Boat Man Couple

conv, =1 21.56 24.10 22.13 22.06 22.20 20.74 2085 24.88 2197 2522 2635 24.94
conv, =09 2156 24.10 22.13 22.06 22.20 21.27 2137 2836 2340 2531 2648 25.02
conv, best 23.00 27.50 23.67 23.60 23.53 2234 2250 2849 2345 2532 2656 25.06

prox, p =1 23.43 28.57 24.61 24.41 24.98 2286 2327 29.21 23.60 2587 2688 2539
prox, B =09  23.50 28.78 24.62 24.54 25.09 22,91 23.35 29.38 23.67 25.96 27.05 25.40
prox, best 23.52 2887 2472 24.58 25.18 2293 2346 2945 2372 26.00 27.16  25.53

GD, best 22.21 26.55 22.94 23.01 21.85 21.87 2140 27.65 2322 24.94 2608 24.82

Table 5.2: PSNR for super resolution for varying images and stopping cri-
teria. The algorithm was stopped when Hy(u;) < BH(d). “best”
refers to the highest PSNR of all 500 iterations.

5.4 CONCLUSIONS

This chapter combined deep learning and energy minimization meth-
ods for solving inverse problems in image reconstruction into a prov-
ably convergent algorithmic scheme. Still, the approach is able to
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generalize to different problems with a single denoising network and
without the need to retrain if the problem changes. Using a discrep-
ancy principle, the method is able to reach better results than the
energy minimization baseline in the experiments.

The presented method is limited to smooth energies, and an exten-
sion to the non-smooth case is beneficial for certain tasks such as salt
and pepper denoising. A direct extension of [MMC19] to non-smooth
energies was recently proposed [DMM22], however, this method re-
quires retraining of the network when the energy function changes,
like it is the case when the task changes. An extension of this work to
denoising priors is an interesting direction for future work.






6 DEPTH ENHANCEMENT WITH
GEOMETRIC CONSTRAINTS

This chapter proposes a generic depth map refinement scheme based
on techniques from GeoNet, a recent deep learning approach for pre-
dicting depth and normals from a single color image, and extends it to
be applied to any depth reconstruction task such as super-resolution
denoising and deblurring, as long as the task includes a depth output.
The approach utilizes a tight coupling of the inherent geometric rela-
tionship between depth and normal maps to guide a neural network.
In contrast to GeoNet, the method does not utilize the original input
information to the backbone reconstruction task, which leads to a
generic application of the network structure. The approach first learns
to output a high-quality normal map from the depth image generated
by the backbone method, and then refines this normal map jointly
with the initial depth image. This is motivated by the fact that it is
difficult for neural networks to learn a direct mapping between depth
and normal maps without explicit geometric constraints. Experiments
show the efficiency of the method on the exemplary depth image
reconstruction tasks of denoising, super-resolution, and removal of
motion blur. The method presented in this chapter was published
in [SK2z].

6.1 INTRODUCTION

High-quality depth maps are required in a wide variety of computer
vision and graphics tasks, such as RGB-D scene reconstruction [Kel+13;
Dai+17], augmented reality [LPW11; HK18; Du+20] and autonomous
driving [You+20; AR20]. Compared to standard RGB sensors, depth
sensors often produce noisy images, which makes depth reconstruc-
tion tasks especially challenging, since each task also needs to account
for the different depth uncertainties or deficiencies specific to the task.
Some classes of sensors suffer from artifacts that are uncommon in
typical color sensors. For example, artifacts from motion relative to the
camera are a particular problem for ToF cameras, because they capture
multiple phase images in sequence (see Section 2.1.2.6). Solutions for
these problems require specialized algorithms, such as those outlined
in [Ste+19a].

Although approaches that are well known in the realm of color
image enhancement, such as energy minimization techniques (Sec-
tion 2.3.1) or deep learning (Section 2.2), can often be translated
one-to-one to depth enhancement tasks, usually by just interpreting
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the depths as grayscale values, this fails to incorporate the inherent ge-
ometric structure depth maps represent. While research on depth-only
enhancement exists [RRB16; LGW19], a majority of recent work has
focused on some form of intensity or RGB-guided depth enhancement,
e.g., for super-resolution [HLT16; KPH21; TCZ21; Guo+18], denois-
ing [Ste+19b; Yan+18] or motion blur removal [Tou+16; Li+20]. While
this greatly improves the quality of the resultant depth images, these
additional RGB sensors are not always available. Moreover, none of the
above examples explicitly incorporates surface normal information,
which is tightly geometrically linked to depth information. However,
in the area of monocular depth estimation, i. e., depth estimation from
a single RGB-image, there have recently been works that not only
produce normal maps as an additional output but also successfully
use them to enhance the quality of the final depth map [Qi+18; Qi+20;
EF15; Xu+18; Wan+16]. Most notably, Qi et al. [Qi+18; Qi+20] intro-
duce the GeoNet/GeoNet++ network architecture to estimate a depth
and a normal map from a single RGB image. Their approach toggles
between a depth-to-normal module, which utilizes a least squares
approach, and a normal-to-depth module, which estimates depth
based on kernel regression in order to enforce geometric consistency
between the two domains. Their approach can be seen as a weak
coupling between normals and depth, as the two stages operate in-
dependently. Still, GeoNet++ outperforms standard CNN approaches
that learn a direct mapping between depth and surface normals, both
in terms of accuracy and normal-depth consistency. In an ablation
experiment, the authors show that CNNs generally have problems
to learn a direct mapping between depth and surface normals in a
consistent way [Qi+20]. Since it is already hard to learn this mapping
in a supervised setting with normals as output, it can be hypothesized,
that neural networks also have difficulties including surface normal
information in their latent representations without explicit geometric
constraints.

This chapter develops a generic depth refinement scheme, which
takes surface normals into account but makes no assumptions about
the specific task that is to be solved, except that the output is a
depth map. Based on the GeoNet/GeoNet++ concept, the approach
computes high-quality normal maps in an intermediate step, which
are then used to refine an initial depth estimate provided by the
backbone method. Contrary to GeoNet, the method does not utilize the
original input to the backbone method, making the approach generic
to many existing reconstruction methods. Moreover, the approach
uses a tighter coupling between the depth and the normal domain by
linking both stages using skip connections, making full normal and
depth information available at depth-to-normal and normal-to-depth
stages.

Contributions



Experiments show that this approach improves the quality com-
pared to existing methods in a variety of different tasks, namely
depth-only super-resolution, RGB-guided super-resolution, additive
Gaussian noise removal and deblurring.

6.2 RELATED WORK

This section will give a brief overview of research in different areas of
depth enhancement. The methods can be roughly split into classical
variational methods and learning-based methods.

Specialized variational and classical non-learning-based approaches
for depth enhancement generally aim to improve depth data with
additional sensor data, like color images. Huhle et al. [Huh+08] use
a non-local means (NLM) approach to remove outliers from depth
data by computing an additional color-based weight in their NLM
formulation. Ferstl et al. [Fer+13] use a variational approach to com-
pute higher-resolution depth images with the help of already high
resolution intensity images. Some approaches specialize in specific
sensor types: Shen and Cheung [SC13] introduce a probabilistic model
using a Markov random field for denoising and completing depth
maps from structured light sensors. Another work on structured light
sensors was presented by Fu et al. [Fu+12], who specifically target the
spatiotemporal denoising of the Microsoft Kinect depth camera.

In recent years, like in any other field of computer vision and graph-
ics, there has been substantial amounts of deep learning research for
depth reconstruction. The work from Tourani et al. [Tou+16] deals
with the removal of motion artifacts from rolling shutters, which are
common in structured sensors such as the Kinect. Li et al. [Li+20] use
a two-branched CNN to simultaneously remove motion blur from a
color and a depth image. The problem of depth-only super-resolution,
i.e., without additional color data, was tackled by Li et al. [LGW19],
who extend ideas from deep Laplacian pyramid networks [Lai+17],
which were originally proposed for RGB super-resolution, to depth.
They put their work into the context of 3D reconstruction, which
they show can greatly benefit from higher-resolution depth images.
Research in the area of color-guided depth super-resolution is more
widespread. Zhao et al. [Zha+19] jointly upscale depth and color
images by using a generative adversarial network (GAN). Another
deep learning approach was proposed by [KPH21] in the shape of de-
formable kernel networks for joint image filtering. Apart from guided
depth image super-resolution their approach can also be applied
to saliency map upsampling, cross modality image restoration and
texture removal. Recently, Tang et al. [TCZ21], inspired by progress
in neural implicit representations, introduced joint implicit image
functions (JIIF) and interpreted the problem of guided depth super-
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resolution as a neural implicit interpolation task. Another recent deep
learning approach is by Zhong et al. [Zho+21] who used an attention-
based network design to fuse the most important features from depth
and color images, and then use those features to guide an upscaling
network.

Even though the experiments in this chapter do not include monoc-
ular depth prediction tasks, works from this field that use explicit
surface normal information are also related to the presented approach.
Apart from GeoNet by Qi et al. [Qi+18; Qi+20], which the method
proposed in this chapter directly extends and will be discussed in
more detail in the upcoming sections, some other research in that
direction will be listed here. Eigen and Fergus [EF15] tackle the task
of predicting depth, normals, and semantic segmentation from RGB
images in a single deep neural network. Xu et al. [Xu+18] first pre-
dict the initial depth, surface normal, semantic segmentation, and
contour maps, and then fuse them into a final high quality depth
image. However, in both of these works, there is no enforcement of
consistency between the predicted normal and depth images. A more
tightly coupled approach was proposed by Wang et al. [Wan+16], who
introduced an orthogonal compatibility constraint between normals
and surface points that lie in a common planar region. However, their
computations are very costly and the method might fail in non-planar
regions of the scene.

6.3 METHOD

This section introduces the generalized depth enhancement frame-
work for arbitrary depth reconstruction tasks. It starts with a brief
review of the main ideas from GeoNet [Qi+18; Qi+20] in Section 6.3.1.
In Section 6.3.2, these ideas are extended to the general depth en-
hancement network. Finally, the loss functions used for training are
discussed in Section 6.3.3, and implementation details are discussed
in Section 6.3.4.

6.3.1  GeoNet

Originally, GeoNet is a method for estimating a normal and a depth
map from a single RGB image. In the following explanations of
GeoNet, it is assumed, that initial normal and depth estimates, by
whichever means, e. g., another CNN, have already been computed.
The initial normal at pixel i is denoted as ni"@! and the initial depth
at pixel i as zi"al Further following the notation of Qi et al. [Qi+18;
Qi+20], pixel coordinates are denoted as (u;,v;) and corresponding 3D

Monocular depth
estimation



coordinates as (x;, Y, z;). The mapping between the two is determined
by the pinhole camera equation (Section 2.1.1.2)

xj = (u; — Cx)zz'/fx Yi= (vi — Cy)zi/fy/ (6.1)

where f and c are intrinsic camera parameters.

The main idea of GeoNet is now to refine the initial normal map
by using the geometric constraints given by the depth map, and vice
versa. This is motivated by the fact that both representations have
an inherent geometric relationship with each other that is difficult to
learn directly through a network. In the following, both paths, i.e.,
depth refinement using normals and normal refinement using depth,
will be discussed separately.

6.3.1.1  Normal refinement

To refine the initial normal map ninitial first an additional normal map
that is consistent with the initial depth map is computed. To avoid
confusion, this auxiliary normal map will be denoted as pdepth By
using the assumption, that surface points in a local neighborhood
approximately lie on the same plane, n9°Pth can be computed from
zinital by first projecting the local neighborhood back into 3D using
equation (6.1) and then computing the normals using least squares.
The neighborhood of size  around i is defined as

Ni = {(xi,yi 2i) | i —wjl < B, |oi = vjl| < B, |2 = zjl| < vyzi}, (6:2)
where 7 is a parameter to filter out depths which deviate too much

from the center depth. Writing the points of this neighborhood into a
matrix

X1 Y1 oz
X z

) R s U (6:)
XK YK ZK

enables the calculation of the normals as the least squares solution
ndepth _ (ATA)ilATl (6 4)

l I(aTA)-tAT '
Here, 1 is the K-dimensional constant vector only containing 1s. Since
this normal is prone to noise, it is further refined by a residual network

see Section 2.2.2.5), that also takes n™t@l a5 input. In [Qi+20], the
5 p
network is defined as

nﬁnal — gz((gl (ndepth) + ndepth) o ninitial)’ (65)

where G; and G, are CNNs and o means concatenation along the
channel dimension. The residual network G; is implemented as a
residual network with an additive skip connection between the output
and the input normal map (see Section 2.2.2.5). The output of the final
network "l is the refined normal map.
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6.3.1.2 Depth refinement

Analogous to the previous section, the first step is to compute a depth
map z"°"™a! that is consistent with the initial normal map n"%!. The
assumption is the same: points in a close neighborhood lie on the
same plane. The neighborhood around pixel i is defined as

M; = {(xj,y,2j) | lui —uj| < B, [vi —v| < B, (ni,n;) > a}. (6.6)

Instead of filtering out large depth deviations, normals with a large
angular difference to the center normal are filtered out.
Given only the center depth, the depth for each point in the neigh-
borhood can now be estimated as
NixXj + NjyYj + NjzZ;

Zji = (; — Cx)njx/fx (v, — Cy)”jy/fy n lez' (6.7)

These depth estimates are then aggregated by a weighting term de-
pendent on the angular difference of their normal to the center normal
by kernel regression

depth i (nj,n;)z};

z = . (6.8)
: Yj(nj,n;)
Again, these rough estimates are further refined with a CNN
zfinal — g3( zdepth o Zinitial)' (69)

Note that all operations above, particularly computing least squares
solutions and kernel regressions, are differentiable, which means
all networks, including the upstream RGB-to-depth network, can be
trained end-to-end.

6.3.2 General depth enhancement network

This section extends the ideas from GeoNet [Qi+20] from its monocular
depth estimation task to arbitrary depth-to-depth refinement tasks,
under the assumption, that there is some generic algorithm D (such as
a neural network) that maps an input depth x (e. g., a low-resolution
depth map) to an initial depth estimate of its specific task (such as
super-resolution), i.e.,

Znitial — Dy, (6.10)

In the following, D is referred to as the backbone (network), but note that,
despite the experiments in this chapter only including neural networks
as choices for D, no assumptions on the structure of differentiability
are made, i. e., it could also be a classical image reconstruction method
such as non-local means or energy minimization.
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Figure 6.1: The proposed network architecture. Red: normal refinement mod-
ule; blue: depth-refinement module; yellow: CNNs with learnable
parameters

Unlike GeoNet, which also requires an additional backbone for
initial normal computation, the proposed method only requires a
backbone that maps x to an initial depth estimate. Moreover, the
approach does not utilize the original input data x to the backbone,
making it independent of the underlying refinement task. Instead of
having the two independent depth and normal refinement branches, a
single sequential refinement scheme is employed, in which at first a
high-quality normal map from the initial depth estimate is computed
and then used to refine the depth map again, similar to the iterative
toggling scheme in [Qi+20].

Equation (6.4) is used to calculate a rough normal estimate n
Unlike in equation (6.5), the initial depth is also concatenated to the
output of the refinement network and additional skip connections
are added. Compared to GeoNet, these residual connections enable a
tighter coupling of depth and normal information in both stages

nﬁnal — gz((gl (ndepth) + ndepth) o zinitial) + ndepth‘ (6.11)

depth

These normals are then used to refine the depth map again. The idea
here is that first guiding the network to learn accurate normals might
help it to find geometric structure that it would otherwise have missed.

The intermediate depth estimation z"°™a! is calculated with equa-
tions (6.7) and (6.8), and further refined into the final result by applying
another CNN. Again, additional skip connections are added:

Zfinal — gS( znormal o nfinal o zinitial) + zinitial‘ (6.1 2)

The overall architecture of the scheme is visualized in Figure 6.1. Many
parts of the architecture are fixed functions without learnable weight
(like kernel regression and least squares), which makes the training
converge quickly. The concrete implementation of the CNNs, like the
number of layers and kernel sizes, will be discussed in Section 6.3.4.

6.3.3 Loss functions

Analogously to GeoNet, every operation from the initial depth esti-
mate zMt@l to the refined estimate z"! is differentiable. This means
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Network Parameters Time (ms)

DnCNN 556k 26
ADNet 519k 28
ResNet 556k 26

DLapSRN 435k 10
DKN 1.4M 126
+Proposed +235k +34

Table 6.1: Learnable parameters and timings of the networks used in the
experiments. Timings were measured using a Nvidia Tesla V100
GPU and AMD EPYC 7452 CPU on a single 640 x 480 image
(output size) from the NYU v2 dataset [Sil+12].

all networks (including the backbone, if it is also a neural network) can
potentially be trained in an end-to-end fashion. However, in the exper-
iments in this chapter, to showcase the generality of the approach, the
backbones are pretrained and their weights are frozen before training
the remaining network. The loss functions are computed on the inter-
mediate results and all individual loss terms are summed up to the
total loss function £ = Lormal + Ldepth- More specifically, the normal
loss term is defined like in [Qi+20]:

Loormat = Y [ —nf |5+ A 1 1" — |3 (6.13)
1 1

The depth loss has a few modifications compared to Qi et al. [Qi+20].
The loss is not applied to the direct output of the backbone, since
its weights are frozen. Instead, the loss is also computed on znormal
Even though there is only the kernel regression step with no learnable
parameters between the computations of nfi" and z"°"™l experiments
have shown that it is still beneficial to have this additional loss term to
pass gradients to the upstream networks inside the depth-to-normal
module. A smoothed Li-loss is used [Cha+94]:

Liepth = Y, \/(zlﬁ“al — 2824 ety ) \/(z?ormal — 282 4 € (6.14)
i i

The same smoothed Li-loss used to pretrain the backbone networks.

Note, that ground truth normals are only required during train-
ing, but not during inference. This allows the use of the network on
arbitrary backbones as long as they output depth images.

6.3.4 Implementation details

The same network architecture is used on top of each backbone. Each
CNN in the depth refinement scheme (see Figure 6.1) consists of just
four convolutional layers with kernel size 3 and 64 channels, which



results in 235k additional learnable parameters. Table 6.1 shows the
parameters and runtime overhead of the depth refinement scheme
compared to different backbone networks. ReLU activations are used
in every CNN and the chosen hyperparameters are 7 = 0.5 and A =
103 for the loss weighting, and € = 10~° for the L1 loss smoothing
factor. The neighborhood size in equations (6.2) and (6.6) is set to
9 x 9 and the filtering parameters are chosen as v = 0.05 and & = 0.95.
Images are center-cropped to a size of 256 x 256, randomly flipped
along the vertical axis for data augmentation and the networks are
trained with a batch size of 16. The weights of the networks are frozen
in all experiments. In general, only 2-3 additional epochs are needed
for the training of the depth enhancement model to converge.

6.4 EVALUATION

6.4.1 Training and tasks

The effectiveness of the depth enhancement method is demonstrated
on a variety of classic image reconstruction tasks. To show the general
nature of the approach, it is added and compared to several different
backbone networks. All backbones were trained from scratch using
code provided by their respective authors and using the training data
provided by Qi et al. [Qi+18]. The dataset is based on the NYU v2
dataset Silberman et al. [Sil+12] and contains 30,816 frames with real-
world depth and color images taken with a Microsoft Kinect camera, as
well as high-quality normal maps that were used as ground truth. The
input to the networks was simulated from the ground truth images
with the forward operators of the respective tasks (see Section 2.3) and
will be further detailed in the following sections.

6.4.1.1  Denoising

The first task used for comparison is the removal of additive Gaus-
sian noise with known variance. The chosen backbone networks are
DnCNN [Zha+17a] and ADNet [Tia+20]. The randomly sampled Gaus-
sian noise with the high standard deviation of 0.5 m is added to the
ground truth depth images and the networks are trained with default
parameters.

6.4.1.2 Deblurring

The ground truth depth was convolved with a 25 x 25 blur kernel
that contained zeros everywhere except on the main diagonal, where
it was set to a constant 1/25. This roughly simulates motion blur of
a far-away scene with a camera rotating diagonally between the top
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Task Method RMSE| MAE| SSIM
DnCNN 4.07 2.84 0.9663

Denoising DnCNN + Ours 3.81 2.57 0.9757
ADNet 3.64 2.47 0.9730

ADNet + Ours 3.55 2.34 0.9743

Deblurring ResNet 3.14 2.14 0.9897
ResNet + Ours 2.97 2.00 0.9896

Bilinear 3.63 1.09 0.9821

Super-resolution Bilinear + Ours 3.07 0.93 0.9849
(Depth only) DLapSRN 2.85 088  0.9863
DLapSRN + Ours 2.26 0.71 0.9889

Super-resolution DKN 1.68 0.61 0.9931
(RGB guided) DKN + Ours 1.59 0.59 0.9936

Table 6.2: Quantitative comparison of depth map reconstruction for different
tasks on the NYU v2 dataset [Sil+12]. Values are given in centime-
ters (RMSE and MAE) and averaged over all test set images.

right and bottom left image corners. The used backbone was a 17-layer
ResNet [He+16] which has a similar architecture to DnCNN [Zha+17a].

6.4.1.3 Super-resolution

The experiments include methods both from depth-only super-
resolution as well as color-guided super-resolution. For the former,
DLapSRN [LGW19] was used, which is itself based on Laplacian
pyramid networks [Lai+17]. The backbone for color-guided super-
resolution is the recent deformable kernel network (DKN) [KPH21].
Bilinear filtering was employed to sub-sample ground truth images to
a factor of 1/4. Again, all networks were trained with default param-
eters until convergence. In order to evaluate how the network deals
with input of lower quality, the depth enhancement network was also
trained with a simple bilinear interpolation backend.

6.4.2 Results

The different methods were evaluated on a separate 654 image subset
of the common NYU v2 benchmark dataset Silberman et al. [Sil+12],
which is often used to evaluate super-resolution tasks [KPH21; RRB16;
TCZ21]. Since there are no such commonly used benchmark datasets
for depth map denoising and deblurring, the same dataset was used
for the evaluation of all tasks. Quantitative results can be found in
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Task Method RMSE| MAE| SSIM 1
DnCNN 6.21 4.49 0.8932

Denoising DnCNN + Ours 5.55 3.82 0.9427
ADNet 5.32 3.70 0.9200

ADNet + Ours 5.09 3.44 0.9383

Deblurring ResNet 3.06 1.74 0.9574
ResNet + Ours 2.96 1.67 0.9581

Bilinear 2.54 1.00 0.9629

Super-resolution  Bilinear + Ours 2.35 0.93 0.9663
(Depth only) DLapSRN 2.03 0.85 0.9696
DLapSRN + Ours 1.69 0.74 0.9749

Super-resolution DKN 1.23 0.61 0.9805
(RGB guided) DKN + Ours 1.09 0.60 0.9806

Table 6.3: Quantitative comparison of depth map reconstruction for different
tasks on the Middlebury dataset Hirschmuller and Scharstein
[HSo7]. Values are given in pixel disparity provided by the dataset.

Table 6.2. The add-on network consistently improved the results of all
backbone networks in terms of root mean square error (RMSE) and
MAE. Since the exact same backbone was used in the comparison,
this improvement has to be a result of the depth refinement scheme.
The scheme improves RMSE in a range from 3% for ADNet up to
20% for DLapSRN, and improves MAE in a range of 6% to 20%. This
discrepancy could be explained with the quite challenging noise level,
with a standard deviation of 0.5 m, in the denoising experiments. Since
the outputs of the backbones still include many defects, the initial
normal computation could also output low-quality normals that are
not as helpful to the depth refinement network. Note, that the add-
on-like approach with a residual connection between the backbone
output and the final result helps the refinement scheme to be at least
of the same quality as the backbone output, since in the worst case the
network could just learn to output the initial depth image. In terms
of structural similarity index measure (SSIM) [Wan+o4], the depth
enhancement scheme performs slightly worse than the baseline in the
deblurring experiment, but in general the margins are lower, with the
exception of the DNCNN experiments. Note, that the networks were
not explicitly optimized for perceptual quality.

To show that the depth refinement is able to generalize to new
datasets, it was also evaluated on 30 images of the Middlebury stereo
dataset [HSo7] without fine tuning the networks. The Middlebury
dataset contains pixel disparity images which other authors [RRB16;
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DnCNN DnCNN + Ours ADNet ADNet + Ours

Figure 6.2: Denoising results. Insets show absolute difference to ground
truth. The first two rows are examples from the NYU vz [Sil+12]
test set and the third row from the Middlebury dataset [HSo7].
Note that while, like other authors, inputs and results of the
Middlebury example are shown as pixel disparity values, the
noise is added to the converted depth maps.

LGW19; KPH21; TCZ21] directly interpret as depth values before
feeding them into their methods. Since normal map computation
requires reprojecting the depth values back into 3D space, the disparity
values need to be converted into real depth before inputting them into
the backbones. To make the results comparable to other methods, the
final depth maps were converted back into disparity values before
evaluation metric computation. The results in Table 6.3 show that the
depth refinement add-on again consistently outperforms the baseline
methods. The Middlebury dataset uses stereo images, as opposed to
the NYU v2 training set which uses structured light [Sil+12]. This is
evidence, that all tested methods can generalize to different types of
Sensors.

Figures 6.2 to 6.5 show qualitative results, including pixel-wise
absolute difference to the ground truth depth inside the insets. The
areas of the highest improvement differ between tasks. The depth
enhancement module improved the denoising backbones mostly in
planar regions (Figure 6.2). This might be due to the windowed least
squares normal computation inside the depth-to-normal module that
acts like a low-pass filter. Nevertheless, sharp edges were still pre-
served by the network. In contrast, the deblurring (Figure 6.3) and
super-resolution (Figures 6.4 and 6.5) already output high-quality
planar regions and the improvements of the depth enhancement mod-
ule are mostly located at the edges. The differences in results for
color-guided super-resolution in Figure 6.5 are more subtle. DKN can
already achieve very sharp edges by utilizing the color information,
while the depth enhancement seems to mostly improve some outliers
at those edges.
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ResNet ResNet + Ours

Figure 6.3: Deblurring results. Insets show absolute difference to ground
truth. The first two rows are examples from the NYU vz [Sil+12]
test set and the third row from the Middlebury dataset [HSo7].
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Figure 6.4: Depth-only super-resolution results. The input is upscaled for
visualization purposes. Insets show absolute difference to ground
truth. The first two rows are examples from the NYU vz [Sil+12]
test set and the third row from the Middlebury dataset [HSo7].
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Initial Normal Final Normal

Figure 6.6: Visualization of normal map quality on three scenes of the NYU
v2 dataset using the ADNet backbone.
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Figure 6.5: RGB-guided super-resolution results. The input is upscaled for
visualization purposes. Insets show absolute difference to ground
truth. The first two rows are examples from the NYU v2 [Sil+12]
test set and the third row from the Middlebury dataset [HSo7].

To verify the normal refinement module, exemplary normal map
visualizations from the denoising results using the ADNet backbone
are shown in Figure 6.6. As suggested above, the normal computation
for the denoising task is more challenging than for the other tasks.
The final normal maps are significantly less noisy than the normals
directly computed with least squares. Especially in planar regions the
normals show high levels of noise. Note, that the focus of the depth
enhancement module is more on depth map quality while normal



maps were treated more as auxiliary data, and hyperparameters were
tuned accordingly.

65 DISCUSSION AND CONCLUSIONS

This chapter introduced a generic depth enhancement framework for
a potentially wide variety of depth reconstruction tasks. The method
is able to improve on several prior learning-based methods by adding
just a few additional learnable parameters. The approach has the nice
side effect that it also calculates higher-quality normal maps that can
be utilized in some tasks, e. g., 3D reconstruction.

There are multiple possible directions for future work. The frozen
weights in all of the pretrained backbone networks during training of
the depth enhancement module might lead to lower performance com-
pared to training them in tandem. On the other hand, since the output
of the different backbones is already similar, the depth enhancement
module might be rather easily used for transfer learning. Another pos-
sible direction is to apply the depth enhancement iteratively, similar
to GeoNet++ [Qi+20]. In essence, the enhanced depth map is used to
compute a higher-quality normal map again, which in turn can be
used to improve the depth again, and so on.
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7 REAL-TIME RENDERING OF
NOISY POINT CLOUDS

This chapter develops a method to handle the real-time visualization
of imperfectly measured point clouds. Typical point-based rendering
algorithms cannot directly handle large outliers or high amounts of
noise without either a costly pre-processing of the point cloud or using
multiple render passes. Instead, this chapter proposes an A-buffer-
based approach, which directly renders unprocessed point clouds and
filters out outliers in real-time, without introducing additional render
passes. The core concept of the approach uses bins along each viewing
ray in which intermediate information is accumulated. To improve
storage efficiency, the binned A-buffer approach is extended with a per-
ray bin hashing. The method significantly improves visual quality of
noisy point clouds with varying noise levels and large outliers, while
only introducing little performance and memory overhead compared
to traditional point rendering methods. The approach presented here
was published in [SK24].

7.1 INTRODUCTION

Using points as a rendering primitive [LW85] has gained much popu-
larity over the last decades. In recent years, powerful laser scanners
and consumer-grade depth measuring devices like ToF cameras such
as the Microsoft Kinect make it easier than ever to capture dense point
clouds of arbitrary objects and scenes. The unstructured nature of
point clouds, without the need to store and keep track of topology in-
formation, makes them an attractive choice for applications such as 3D
reconstruction [Kel+13; LWK15; Lef+17; Whe+15], robotics [PCS+15]
and the visualization of terrestrial data [Don+20; Bie+o7].

However, besides lacking topological information, captured point
clouds exhibit challenges in terms of non-even sampling density, lo-
cally varying point size, as well as sensor noise and outliers. The latter
mainly occur as flying pixels from ToF scans (see Section 2.1.2.6) at
depth discontinuities, i. e., edges between foreground and background
objects. Common point cloud rendering algorithms are not robust to
these outliers. Opaque splatting (Section 2.4.2) renders each point as
an opaque disk with spatial extend, possibly aligned along a planed
defined by a normal that is stored together which each point [RLoo;
Kel+13]. To make the image hole-free, these splats need to overlap,
which necessarily leads to artifacts in high-curvature regions, since
only the splat closest to the camera contributes to each pixel.
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More sophisticated approaches use EWA splatting of point attributes
(like depth and color) based on the distance of fragments from the
splat center, commonly implemented on GPUs as a 3-rendering-pass
approach in rasterization pipelines [Bot+o5; BSKo4]:

1. Compute the splats closest to the camera for each pixel

2. Accumulate point attributes within a depth range € (surface
thickness) along each viewing ray

3. Normalize the accumulated values using per-pixel operations

See Section 2.4.3 for more details on EWA and its hardware imple-
mentation. Although the traditional 3-pass approach works well for
homogeneously sampled scenes without large noise and outliers, it
cannot handle these kinds of real-world data without either discard-
ing the pixel completely or doing costly additional full rendering
passes [DBo7].

The main restriction of using EWA with noisy point clouds is that
only points in the vicinity of the closest splat to the camera are taken
into account in the subsequent accumulation pass. If the closest splat
is an outlier, all fragments belonging to the real surface intersection be-
hind the outlier are not accumulated. However, the question whether
a splat is an outlier or not can only be answered after all fragments
have been processed, since the order of processed fragments is entirely
random in hardware-accelerated rendering pipelines. As the recon-
struction of the real surface for real-world point clouds is mainly a
statistical problem, solving this issue efficiently requires information
of all fragments to be retained, not just the fragments closest to the
camera.

This chapter proposes an enhanced 3-pass rendering approach for
real-world point clouds that efficiently handles high and varying lev-
els of noise in combination with strong outliers, without requiring
any preprocessing. The method borrows from multifragment render-
ing [VVP20], which has conceptual similarity to rendering noisy point
clouds with outliers, in that a (partial) list of all fragments is retained
for each pixel (see Section 7.2). However, due to memory and runtime
requirements, multifragment rendering concepts can not be directly
applied to point clouds, which usually have large amounts of pixel
overdraw. For this reason, this chapter introduces the hashed, binned
A-buffer concept, comprosing the following main contributions to close
this gap:

Direct rendering of raw, noisy point clouds with varying noise levels,

without the need of preprocessing.

A binning technique for accumulating weighted contributions
of all surface splats along a viewing ray in a single render pass
without explicit storage and sorting of splat-fragments.

Contributions



An efficient implementation of binned A-buffers comprising
— per-pixel bin hashing to improve memory efficiency, and

- O(1) splat insertion and surface retrieval complexity by track-
ing the closest valid surface during the accumulation pass
without an additional post-processing step.

The overall background motivation is instant rendering of point clouds
acquired with hand-held depth cameras, which results in point clouds
with varying point density and distance-related noise levels. There-
fore, the method is evaluated qualitatively and quantitatively using
simulated RGB-D range images.

7-2 RELATED WORK

This section discusses prior work from point-based rendering and
multifragment rendering, and outlines the differences to the technique
developed in this chapter.

7.2.1  Point-based rendering

The usage of points as rendering primitives was first proposed by
Levoy and Whitted [LW85]. Since purely point-based representations
require a very dense sampling for hole-free visualization, the idea
was extended by Zwicker et al. [Zwi+o1] by using object aligned
elliptical resampling kernels which are accumulated in screen space.
This EWA approach was later mapped to modern programmable
graphics hardware by Botsch et al. [Bot+o5; BSKo4] using the 3-pass
approach described in Section 2.4.3. Although splats are elliptical,
sharp features can be rendered by clipping them with precomputed
clipping lines [BSKo4; Pau+03], which, however, require preprocessing
of the point clouds.

Closely related to the method developed in this chapter is the work
by Diankov and Bajcsy [DBo7], which directly renders a noisy point
cloud with an iterative surface splatting scheme. The approach iterates
over the usual 3-pass scheme 3-5 times, thereby decreasing rendering
performance by the same factor.

Another method was proposed by Uchida et al. [Uch+20] in the
context of rendering transparent surfaces with noisy points and possi-
bly many outliers. However, the method requires costly preprocessing
for noise removal and point sorting, and the resulting images cannot
contain opaque surfaces due to inherent design restrictions of the
method. Similarly, Seemann et al. [See+18] propose to segment a point
cloud into solid and soft points by thresholding a scalar field, like mea-
surement uncertainty. By only rendering the solid points, this method
can also be used for outlier removal, but the scalar field computation
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again requires a preprocessing step, resulting in an offline outlier
removal scheme.

An orthogonal research area is the out-of-core handling and ren-
dering of very large point clouds, which is often accelerated with
structures like k-d trees [Gos+13]. Pintus et al. [PGA11] propose a
non-splatting out-of-core direct rendering approach for massive raw
point clouds using screen-space operators, which does not require
special point attributes like normals and radii. They define a point’s
visibility via the maximal aperture cone in the direction of the camera
that does not contain any other point. This approach cannot handle a
massive amount of outliers like the method proposed in this chapter.

Recent works have incorporated deep learning approaches into
point cloud rendering. Dai et al. [Dai+20] aggregate learnable per-
point feature vectors into multiple planes along the camera frustum
and subsequently use those feature planes as input to a convolutional
neural network trained for rendering. While the results are impressive,
the per-point features have to be retrained for each scene, making the
method unsuitable for direct point cloud rendering. The Z2P neural
rendering approach [Met+22] can handle noisy, raw point clouds of
small size only, e. g., it requires 3 seconds for just 5k points. For an
additional overview on recent advances in photorealistic rendering of
non-noisy point clouds see the survey by Kivi et al. [Kiv+22].

In contrast to prior work, the proposed hashed, binned A-buffer
approach avoids additional render passes (as needed by, e. g., [DBoy;
BSKo4]), does not require any preprocessing to remove outliers from
raw point clouds, such as [See+18; Uch+20].

7.2.2 Multifragment rendering

Rendering noisy point clouds with outliers requires retaining infor-
mation from all surfaces, which is a problem closely related to the
area of multifragment rendering, which mainly has applications in
order-independent transparency, shadows and global illumination.
In multifragment rendering, the final pixel value is generated using
a (partial) list of all fragments per pixel ray and a post-processing
reduction step to combine the list of fragments. This approach allows
for more or less arbitrarily complex blending operations, making them
potentially more suitable for real-time graphics. For a more complete
overview of multifragment methods, see the recent survey by Vasilakis
et al. [VVP2o].

A simple multi-fragment rendering technique is depth peeling [Eveo1],
which essentially renders the scene iteratively starting from the closest
fragment layer and successively renders layers front-to-back. Advances
approaches, which can peel multiple layers in a single render pass
exist [BMo8; Liu+og]. However, since it is an iterative approach, the
performance constraints are prohibitive for rendering point clouds,
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which can have very high depth complexity due to overlapping splats,
especially in the case of outliers and high noise levels.

A-buffer (for accumulation buffer) methods [Car84] store all frag-
ments of a pixel in a single render pass and are more closely related
to the work presented in this chapter. Since there are currently no
hardware implementations for A-buffers, all methods write the frag-
ments to preallocated data structures in GPU memory, e. g., linked
lists [Yan+10], fixed-size per-pixel arrays [Liu+10], or hash-based meth-
ods like the HA-buffer approach [LHL13]. As (noisy) point clouds
have high depth complexity, the memory requirements for storing
all fragments are extremely challenging and prohibitive for real-time
rendering.

A more memory efficient variant of the A-buffer is the k-buffer,
which only stores the k best fragments per pixel [Bav+o7; JCg9] (the
meaning of best depends on the task, e. g., for transparency it would
be the k closest fragments). Kim and Kye [KK21] proposed an A-buffer
compatible k-buffer variant with fragment merging for order indepen-
dent transparency. This approach, however, either stores a complete
list of fragments and sorts the fragments for merging, which requires a
lot of memory, or maintains a sorted list of fragments and merges new
incoming fragments into the list at the correct positions. Inserting new
fragments from an unordered fragment stream into a sorted list has
an overall worst case complexity of O(n?). Opposed to k-buffer algo-
rithms, the proposed method can handle varying point densities. The
approach only requires three render passes, like EWA, and realizes
on-the-fly noise removal by identifying the closest surface above a min-
imal density threshold without any sorting of surfaces, fragments or
splats. The hash-based data structure allows simultaneous rendering
of the scene, merging of fragments and finding of the closest surface,
and provides insertion of new fragments and retrieving the closest
surface with O(1) runtime complexity.

7-3 PROBLEMS OF EWA WITH LARGE OUTLIERS

This section will briefly discuss the main problem of the Elliptical
Weighted Average (EWA) surface splatting approach by Zwicker et al.
[Zwi+o1], as explained in section Section 2.4.3, when large outliers
are present in the point cloud. Particularly, the analysis is based
on the 3-pass implementation of EWA, which consists of visibility
pass, accumulation pass and normalization pass. For clarity, the main
equations of EWA are repeated here: Point clouds are defined as the
sets

P = {(xi,mi,ri, a;) Yy, (7.1)
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(a) EWA (b) Ours

Figure 7.1: Comparison of the EWA implementation of [BKo3] and the pro-
posed bin based method. Pixel contributions for the viewing ray
(dotted) are marked in red. The outlier splat is ignored with our
method and only contributions close to the real surface (green)
are considered for the averaging, since their bin passes the thresh-
old T.

where each point has a position x;, a normal #n;, a radius r; and
attributes a;. EWA accumulates attributes of overlapping splats at
pixel position (1, v) with the equation

Yier. wi(llgi(u,v) — xil|)a;

a(u,v) = Yier, wi(llgi(u,0) — xill)

(7-2)

where g;(u,v) denotes the intersection of the viewing ray with the
i-th splat and Z is the set of splats that is at most € away in viewing
direction from the splat closest to the camera. The visibility pass com-
putes that closest splat, while the accumulation pass computes the
numerator and denominator of equation (7.2). Finally, the normaliza-
tion pass computes the interpolated attribute a(u,v). The weighting
is done with a radial kernel function that falls to 0 toward the splat
boundary, such as a Gaussian or the Wendland function [Wengs]

(1—d/r)*(4d/r;+1) ifd/r; <1

wi(d) = (7-3)

0 otherwise

The main problem of rendering noisy point clouds with EWA lies
in the visibility pass. For instance, assuming Gaussian noise of the
points around the true surface with outliers, it is not possible to set
the surface thickness parameter € to work in all cases. Setting € = oo
would be required to prevent all extreme outliers from excluding
splats near the surface to be excluded in the computations. This is
exactly the situation when using real-world sensor data, as the noise
level of, for instance, ToF cameras, depends on various aspects, such
as the background light intensity, the surface reflectivity, and the scene
geometry (see Section 2.1.2.6), and can not be captured with a global
threshold. Moreover, in general, the surface thickness € should be
chosen as small as possible, so that distinct surfaces can be separated
and farther surface layers cannot interfere with the front surface layer.
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Figure 7.1(a) demonstrates this problem, i.e., the red outlier splat
excludes the surface splats because the real surface is more than e
away.

A potential avenue to fix this issue is to combine thresholding
in the normalization pass to discard pixels whose summed weights
are smaller than a certain predefined value [DBo7] or depth peel-
ing [Eveo1] to progressively fill in holes with valid surfaces from
further behind, as this information has been skipped in the current ac-
cumulation pass. This approach is, however, very costly, as it requires
re-rendering the scene multiple times.

7-4 PROPOSED METHOD

This section introduces the proposed hashed, binned A-buffer approach
that solves the problems discussed in Section 7.3. The method is
a direct extension of the 3-pass EWA implementation described in
Section 2.4.3 and efficiently removes outliers when rendering noisy
point clouds, without adding empty regions with missing pixels in
the rendered image. First, the concept of binned A-buffers will be
explained in Section 7.4.1. Afterward, an efficient GPU implementation
of the approach is presented in Section 7.4.2. Finally, the per-pixel
hashing technique to drastically increase memory efficiency will be
explained in Section 7.4.3.

7.4.1  Binned A-buffer

As discussed in Section 7.3, the core of the problem of rendering
noisy point clouds with outliers using traditional EWA splatting is
the fact that only information about splats within € depth distance
to the points closest to the camera is retained after the visibility pass,
and discarding outlier pixels requires re-rendering the scene or hole-
filling. Therefore, this section proposes to generate binned A-buffers
with equidistant bins that allow for a parallel accumulation pass along
the viewing ray. Denoting the distance from the camera to the closest
splat along a viewing ray at pixel (1,v) as tmin(#,v), the bin index of
the camera ray intersection with a splat i at distance ¢; is computed as

b(u,v,t;) = th_Atmm)J , (7.4)
where |-| denotes the floor operation and A is the bin size. Using
this formulation, the binned A-buffer starts at the closest splat and
uniformly extends in viewing ray direction, where the depth extend is
limited by fixing a maximum bin count for now.

For each pixel and each bin, multiple values are accumulated into
separate buffers: the splat weights w;(||g;(1,v) — x;||) corresponding

111



112

| REAL-TIME RENDERING OF NOISY POINT CLOUDS

to the splat’s intersection with the viewing ray segment, and the accu-
mulated values w;(||q;(u,v) — xi||)a; (see equation (7.2)). Compared
to traditional EWA, this means that there is an additional axis added
to the accumulation buffers, depending now not only on the pixel
coordinate (u,v) but also the bin index b € IN. Denoting

I(u,v,b):{i\b(u,v,ti):b} (7.5)

as the set of splat indices whose ray intersections lie in bin b, the
accumulated values @(u,v,b) and accumulated weights @W(u,v,b) in
each bin can be defined as

a(u,v,b) = Z w;(|lgi(u,v) — x;||)a; and (7.6)
i€Z(u,0,b)

w(u,0,b) = Y, willlgi(u,0) —xi) (7.7)
i€Z(u,0,b)

To filter out outliers, the closest bin B, which contains a value larger
than a predefined threshold T needs to be found, i.e.,

b(u,v) = min{b | w(u,v,b) > T}. (7.8)

This is analogous to the thresholding approach for EWA [DBo7], except
that if the closest bin does not pass this threshold, the bins only need
to be traversed further in depth-order instead of rendering the scene
again. Pixels are discarded only, if none of the A-buffer bins contain
sufficient (weighted) splats to reconstruct a surface. Otherwise, the
closest A-buffer bin exceeding the weight threshold is taken as a
surface intersection, and its attributes are normalized as

a(u,v) = M. (7.9)

w(u,v,b(u,v))

Figure 7.1(b) depicts the concept of the binned A-buffer.

An apparent issue in binning is the impact of the segmentation of
the underlying data. Unfavorable locations of the bin borders, i.e.,
being directly on a surface, could lead to surfaces misses, because
the highest density region is split into two bins. Experiments were
conducted with an extension to the proposed method which uses
an A-buffer with overlapping bins that can avoid this situation; how-
ever, the improvements were only marginal at the cost of decreased
performance and memory efficiency. A detailed analysis of using
overlapping bins can be found later in Section 7.4.4.

7-4.2 GPU implementation

The method is implemented as a 3-pass approach using modern
OpenGL. The first pass is a depth-only pass, where tmin (1, v) is com-
puted with simple minimum blending and is equivalent to the visibil-
ity pass in EWA (see Section 2.4.3). The second pass contains the bulk
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int binIdx
ivec3 coord
float dist

clamp((t - t_min) / delta, 0, numArraylLayers);
ivec3(gl_FragCoord.xy, binIdx);
length(splatCenter - viewRayIntersection);

float currWeight
vec3 currColor
float currDepth

wendland(dist, splatRadius);
currWeight * splatColor;
currWeight * splatCenter.z;

float prevWeight = imageAtomicAdd(weightTexture, coords,
currWeight);

imageAtomicAdd(colorTexture, coords, currColor);

imageAtomicAdd (depthTexture, coords, currDepth);

if((prevWeight + currWeight) >= threshold){
minBinAboveTreshold = binIdx; // fragment output; min-
blending activated

}

Listing 7.1: GLSL-style pseudocode for the A-buffer computation pass. In
this example, two attributes are used, color and depth.

of computations. Here, the binned A-buffer is generated, and, in paral-
lel, the smallest bin that exceeds the threshold is identified in a single
pass. The per-pixel bins are implemented as a pre-allocated texture
array of size W x H x B, where B is the number of bins. This means
the maximum depth in the scene is limited to tmax (1, V) = tmin + BA.
As mentioned above, separate texture arrays for the weights and
additional ones for each point attribute is needed.

As in GPU-based EWA, the weight of the current splat wey.r is com-
puted based on the view-space fragment position inside a fragment
program, which are invoked in parallel for each fragment (even if
the fragments belong to the same pixel). Using the image load/store
functionality of OpenGL, these values can be directly added to the cor-
responding bin b of the texture array in a thread-safe manner by using
the imageAtomicAdd function. This function also returns the previous
bin value wprev, i. €., the value that was inside the bin before the atomic
operation. The minimal bin index currently above the threshold is
determined via OpenGL’s build-in min-blending. Note that since all
weights are positive, the accumulated weight value is monotonically
increasing for each bin. Thus, it is guaranteed that inside the fragment
program the weight inside the bin after the atomic addition was exe-
cuted is at least Wprey + Weurr- The monotonicity also ensures that bins
cannot fall below the threshold anymore, and min-blending delivers
the correct b. The essence of a GLSL implementation of the proposed
algorithm is given in Listing 7.1.

After computing the binned A-buffer, the normalization pass con-
sists of reading the weight and attribute buffers at the computed
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uint hash(uint val) {
// 32-Bit Fibonacci hashing
return (valx2654435769) >> (32 - B);

}

uint binIdx = int((t - tMin) / delta);
uint hashIdx = hash(binIdx);

uint hashTableSize = pow(2, B);

uint emptyBin hashTableSize; // convention

// ... compute weights and weighted attributes as usual

// linear probing loop
for (int i = 0; i < hashTableSize; i++) {
uint currldx = int(hashIdx + i) % hashTableSize;
ivec3 coords ivec3(gl_FragCoord.xy, currldx);
uint prev imageAtomicCompSwap (hashTableTexture,
coords, emptyBin, binIdx);

// if prev is ...

// ... emptyBin, the bin is empty
// ... binIdx, the bin contains values of the same surface
// . anything else, a collision occurred

if(prev == emptyBin || prev == binIdx){
// 1. add weight and attributes to the cell at currldx
// 2. write binIdx to frame buffer if weight is over
threshold
return;

}

// only reached if collision happened

}

// only reached if all bins are occupied

Listing 7.2: Hashing scheme with collision handling

minimal bin index. Like in traditional EWA, this pass does not require
a re-rendering of the scene. In case no bin above the threshold T was
found (missed pixel), the last bin that contains any information or a
potential background color can be rendered.

7-4.3 Spatial Hashing

The usage of a 3D texture array to represent the binned A-buffer
introduces two major problems. First, the maximum depth of the scene
is limited to tmax(#, ¥) = tmin + BA for B bins in viewing direction. This
is a problem especially for scenes with large z-extend, but relatively
low noise, for which smaller values for A are more optimal, because the
necessary texture memory may exceed GPU limits. Note, that in the
pseudocode in Listing 7.1 fragments beyond fmax (1, v) are rendered
into the last bin by clamping values to the maximum possible bin



index. The second problem is that most bins are actually unused, since
in general a large mount of space in the scene is empty. This leads to a
lot of wasted memory, and occupied bins are fragmented across large
memory locations, potentially yielding poor cache locality.

To fix these issues, a hashing scheme that utilizes the available
memory more efficiently is introduced. Conveniently, the hashing
scheme also makes the memory requirements independent of the
depth extend of the scene.

A hashing function that maps any positive integer into the integer
range [0,2871] is used to compute the bin index into the texture arrays.
For the proposed method in this chapter, Fibonacci hashing [Dong8]
is chosen. However, other hashing functions, which potentially do not
require a power of 2 sized array, could be chosen as well. The input of
the hash function is the computed bin index b. Collisions are resolved
with linear probing, which is efficiently implemented with the use of
the atomicCompSwap function.

The fragment shader pseudocode for the hash table computation
including linear probing can be found in Listing 7.2. The bin index
also has to be translated to a hash table index in the normalization
pass, with the same collision handling. While in the worst case this
could lead to looping over all hash table indices, in practice, the
computational overhead compared to the approach without hashing
is negligible and the better cache locality due to smaller arrays even
improves performance.

7-4.4 Handling surfaces at bin borders

As briefly mentioned at the end of Section 7.4.1, a common problem in
binning is the impact of the segmentation on the underlying data. In
the case of the binned A-buffer algorithm, splats corresponding to the
surface of interest might be accumulated into two neighboring bins
that both may stay below the threshold T, leading to a surface miss;
see Figure 7.2(a). Unfortunately, using the efficient 3-pass approach,
this issue cannot be solved by just adding the accumulated values
from both bins during the normalization pass, since only the closest
bin above the threshold is known, i.e., the only option would be a
costly line search through the whole A-buffer.

A simple way to overcome this apparent issue is the introduction
of a second virtual A-buffer, whose bins are shifted by half the bin
size to the back (see Figure 7.2(b)), and add incoming splats to both
buffers. By interleaving both virtual A-buffers into a single global
buffer with now overlapping bins, i.e., the global buffer alternates
between bins from the primary and shifted buffers, the index of the
closest bin above the threshold can then be efficiently computed as
described in the previous sections. However, this approach requires
twice the number of atomic adds as the disjoint approach, which leads
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Figure 7.2: Different situations to illustrate the advantages and disadvan-
tages of using overlapping bins.
(a) Since the bin border is right at the surface, the two splats
are put into different bins and the threshold is not reached, re-
sulting in a surface miss. (b) Overlapping bins fix this because
bin borders completely lie inside the next bin. (c), (d) If there is
already a surface hit when using disjoint bins, overlapping bins
may result in a larger bias towards the camera.
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to a significant performance reduction. Additionally, this effectively
doubles the memory consumption to avoid hash collisions.

For a given fixed threshold and a single surface, if there is already a
bin found by the standard (disjoint) bin method, the overlapping bin
variant would not improve the error at that pixel (see Figures 7.2(c)
and 7.2(d)). The reason for this is, that the primary A-buffer (i. e., the
non-shifted one) of the overlapping bin approach is identical to the
single A-buffer when using disjoint bins. Since the algorithm selects
the closest bin over the threshold, it can at best select the same bin
for both variants, or worse, a bin that is closer to the camera when
using overlapping bins. The latter necessarily introduces a larger error,
because the method is already slightly biased toward the front, due to
the discretizations, even for optimally chosen thresholds. This means
that the use of overlapping bins is in general not worth the increased
cost. Ablation experiments that support this analysis can be found in
Section 7.5.6. For this reason, the other of following experiments use
disjoint bins as described in Sections 7.4.1 and 7.4.3 instead.

7-5 EXPERIMENTS AND EVALUATION

The effectiveness of the proposed binned splatting approach was
evaluated on a variety of scenes and compared against naive opaque
splatting and the GPU-based EWA splatting approach by Botsch and
Kobbelt [BKo3]. In both EWA splatting and binned splatting, the
depth, normals, and color (if available), were accumulated. If no color
is available in a scene, a white material with simple Phong shading is
applied. If not stated differently, EWA’s surface thickness parameter
and the bin size are set equal to 1 cm, i.e., € = A = 0.01, while the
threshold T is manually adjusted according to the noise level and
point density.

Unfortunately, there is no publicly available code base for Diankov
and Bajcsy [DBoy]. Moreover, their method also applies hole-filling,
i.e., a comparison of the rendering results would be biased, and a
runtime comparison gives little insight, as the method applies 3-5
full EWA passes, i.e., 9-15 render passes in total, compared to only
needing 3 passes in the binned splatting method.

Conceptually, the experiment setup is similar to Preiner et al.
[PJW12] and Diankov and Bajcsy [DBoy] and assumes that the ground
truth surface is captured by multiple RGB-D observations with known
camera pose, see Figure 7.3 for a visualization of the setup. This sce-
nario emulates real-world scene acquisition using hand-held range
camera or RGB-D cameras. The noisy point sets from all camera ob-
servations are transformed into world space and concatenated to a
single point cloud, which is rendered from novel camera positions. No
preprocessing is applied to the point clouds, except the computation
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Figure 7.3: General experiment setup. Multiple depth cameras with known
positions (yellow) capture depth maps, which are projected back
into world space to get the point clouds to be rendered.

of point normals using a simple cross-product in image space, applied
to (auxiliary) bilaterally filtered range images. All compared meth-
ods receive the exact same splat geometry as their input and render
normal-aligned splats. The following datasets and scenes are used for
comparison:

FIREPLACE ROOM [McG1 7] This synthetic scene provides ground
truth depth. The point cloud is generated from 10 depth views
rendered from different distances and angles, focusing a horse
statue, and consists of approximately 3.5 million points. Poisson
noise approximated as Gaussian noise was added. The standard
deviation depends on the depth z during the point cloud mea-
surement and a noise level parameter k and is computed as
o(z) = k(z?/1000); see Figure 7.4.

TABLE SCENE This synthetic scene was generating using the ToF sim-
ulator by Lambers et al. [LHK15] to accurately simulate four
RGB-D images and contains approximately 300,000 points; see
Figure 7.5.

icL-NuiMm The livingroom1 and officer sequences were taken from the
augmented ICL-NUIM dataset [CZK15; Han+14]. The point
clouds were generated from 7 RGB-D input images, 10 frames
apart from each other in the original video stream, and contain
approximately 1.4 million points for the livingroom1 and 1.8 mil-
lion for the officez scene. The ICL-NUIM dataset was generated
by the authors with a simulator emulating a structured light Mi-
crosoft Kinect vi camera. Ground truth poses and color images
for evaluation are taken from other frames not used in the point
cloud; see Figure 7.7.
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Opaque splats EWA splatting Binned splatting

Figure 7.4: Difference to ground truth depth for different noise levels in the
fireplace room scene for different noise levels k. Errors outside of
the color bar range are clamped for visualization purposes.

MEMORIAL This real-world dataset contains 10 images for approx-
imately 0.64 million points from a RGB-D outdoor sequence
captured with a ToF-based Kinect v2 camera under strong am-
bient lighting conditions, yielding very noisy range data; see
Figure 7.6.

STANFORD DRAGON [CLg6] A point cloud with approximately 1.5
million points, augmented by a randomly sampled 125,000
points in its bounding box to simulate a very large amount
of outliers; see Figure 7.8.

7.5.1  Depth reconstruction accuracy

The depth reconstruction accuracy was quantitatively evaluated using
the fireplace room and table scene datasets. In addition, it was qualita-
tively evaluated using the memorial dataset.

Table 7.1 and Figure 7.4 state the quantitative results of the depth
reconstruction for the fireplace room scene; Figure 7.5, bottom row gives
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Opaque splats

EWA splatting

Binned Splatting

Figure 7.5: Color (top row) and depth (bottom row) reconstruction results
for the synthetic table scene sequence.

k=02 k=05 k=10 k=20
MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE
Opaque | 0.78 1.74 1.13 1.96 1.80 2.55 3.20 4.01
EWA 0.47 1.61 0.59 1.76 1.29 2.31 2.86 3.82
Binned | o.17 0.91 0.27 1.02 0.61 1.24 1.20 1.86

Table 7.1: Quantitative results for the fireplace room scene for different noise

levels. All errors are given in cm.



the quantitative results for the table scene dataset. The error maps
display the absolute depth error between the reconstruction results
obtained from rendering the point cloud and ground truth mesh. The
depth error maps show that, in general, the binned A-buffer approach
significantly increases the depth reconstruction quality, both in regions
with homogeneous depth and at jumping edges with wrong normal
alignment. This gets especially apparent at the depth discontinuity
between the horse statue and the background wall in Figure 7.4,
leading to a similar effect as achieved by the introduction of clipped
splats in Botsch et al. [BSKo4] and Pauly et al. [Pau+o03], albeit without
the need to precompute the clipping lines. Since the distance between
the horse figure and the wall is larger than the surface thickness (¢ =
A = 0.01), EWA splatting renders splat parts that protrude the horse’s
boundary, while the binned A-buffer splatting approach skips them to
a large degree, as the splat density in these regions is low. Increasing
noise levels produces more outliers farther away from the ground
truth surface, which manifests in isolated splats with large errors
when using traditional EWA splatting, while the binned A-buffer
approach exhibits significantly reduced errors, which is underlined in
the mean absolute error (MAE) and RMSE values in Table 7.1. Similar
effects can be seen at the fruit bowl in Figure 7.5. Moreover, strong
reduced depth errors on the magazine can be observed, which is
mainly due to the higher noise level on the dark scene region (see
Section 2.1.2.6).

However, at the edge of the table in the table scene, an increase of
errors can be seen. This is mainly due to the usage of a global threshold
parameter T that generates either holes at the edge of the table or
does not sufficiently suppress the outliers. In this particular case thee
algorithm fails to find a bin at the table edge that is above the threshold
and instead renders a bin further from the camera in the background
of the scene, resulting in a large error.

Considering the real-world memorial dataset in Figure 7.6, bottom
row, the binned A-buffer approach again achieves a clearly improved
depth quality in homogeneous regions as well as at edges.

7.5.2 Color reconstruction quality

The color reconstruction accuracy is evaluated on the table scene, the
memorial dataset, as well as the two ICL-NUIM scenes. As seen from
the results in Table 7.2, the binned A-buffer splatting consistently
outperforms the other two approaches.

Figure 7.7 depicts the visual color reconstruction of the two ICL-
NUIM scenes in comparison with a ground truth pose. While the noise
in this dataset is subtle, outliers can be seen at the border of the vase
and the armrest of the chair in the livingroom1 scene and at the cables
in the office1 scene, which are nicely removed by the binning method.
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Method livingroom: officex table

Basic 22.89 23.57 25.05
EWA 26.73 27.15  25.99
Binned 27.74 28.24 27.73

Table 7.2: Quantitative color reconstruction results (PSNR) on the ICL-NUIM
scenes.

Opaque splats EWA splatting Binned splatting

Figure 7.6: Reconstruction results for color (top row) and depth (bottom
row) on the real world memorial data set. Due to the high noise
we set A = € = 0.05m

Ground Truth  Opaque splats EWA splatting Binned splatting

Figure 7.7: Results on the augmented ICL-NUIM dataset [CZK15]. Top row:
livingroom1 sequence. Bottom row: officer sequence.
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Figure 7.8: Stanford Dragon with extreme outliers and different thresholds
(A =0.01)

In these regions, EWA splatting exhibits strong dilation-like effects that
considerably reduce the color reconstruction quality. The table scene
dataset contains artifacts commonly seen in ToF depth data, such as
flying pixels in darker regions (magazine) and at depth discontinuities
(fruit bowl); see Figure 7.5. The binned A-buffer approach clearly
exceeds EWA’s quality in these image regions by removing all flying
pixels and picking the proper surface color, thus making the text
legible. In the real-world memorial dataset, depicted in Figure 7.6,
similar effects can be seen also in homogeneous regions. While EWA
yields many areas that are visually similar to opaque splatting, the
binned A-buffer approach further removes these unwanted artifacts.

7.5.3 High noise and outlier levels

The robustness of the binned A-buffer approach against high noise
levels and strong outliers is evaluated visually on the dragon and
memorial datasets. The dragon dataset contains extreme outliers in a
cube around the actual object of interest and showcases the impact of
the threshold parameter T on the rendering scheme. For T = 0, the
binned A-buffer approach is equivalent to traditional EWA splatting if
€ = A (which is always the case in this chapter). Figure 7.8 shows that
the binned A-buffer method can nicely extract the object’s surface by
adapting the threshold T, i. e., for increasing T the outliers are filtered
out and only the more densely sampled surface is rendered. Note, that
all 4 images are the result of a single iteration of the proposed 3-pass
approach. The only difference is that the data for the final image is
extracted from different bins of the A-buffer.

Considering the real-world memorial dataset that comprises very
high noise level under daylight conditions in Figure 7.6, the superiority
of the binned A-buffer approach compared to EWA can be clearly
confirmed, both in terms of depth and color construction quality. Note,
that in contrast to most other experiments, due to high noise in this
scene, the surface thickness and the bin size is adapted to e = A = 0.05
in this scene, while the threshold remains at 1.
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Figure 7.9: Evaluation on the fireplace room scene with different point den-
sities and thresholds. Each row adds points from additional
capturing positions to the point cloud. The density visualization
refers to the weight in the bin selected by the algorithm. Note the
increased noise in the background, resulting from the distance-
dependent noise model. Error images are per-pixel differences
to ground truth depth. Missing pixels, i. e., pixels where no bin
over the threshold was found by the algorithm, are set to black.

7.5.4 Robustness to varying density

The binned A-buffer method assumes that the point cloud has higher
density close to the true surface. The (global) threshold parameter
T defines the minimal point density, i. e., any weighted contribution
below T is suppressed, which leads to issues on point clouds where
the density varies spatially. Moreover, a larger number of splats per
bin improves the denoising effect, i. e., detected surfaces for large T
are more reliable.

The experiment setup (see Figure 7.3) already induces a spatially
varying point density and noise level in all scenes, since the points
originate from different, overlapping capturing positions, and the
noise model is distance dependent. To further evaluate the robustness
of the method, it is also applied on a challenging scene with highly
varying density and noise distributions (see Figure 7.9).

As expected, higher thresholds filter out points in low-density re-
gions. In general, increasing the threshold results in only higher-
quality bins to be retained, which can be seen especially in the first
row of Figure 7.9, where only pixels with low errors are present for
T = 1. A higher density (bottom rows) allows the thresholds to be set
higher, while still retaining a hole-free image with low errors. More-
over, the higher noise level toward the background results in a lower
density per bin, which means more points are required here for good



Scene #Points EWA Ours

fireplace Room  3.5M 92 64

livingroom1 1.4M 171 102
office1 1.8M 178 118
table scene 0.3M 380 260

Table 7.3: Framerate in different scenes. The value in parentheses are the
FPS when using overlapping bins in our method.

Hash table size FPS Memory overhead

23 115 +98 MiB

24 95 +294 MiB
2° 56 +700 MiB
26 34 +1471 MiB

Table 7.4: Measured memory overhead over EWA and FPS of our method
on the Memorial dataset. EWA renders the scene at 179 FPS.

results. In any case, even for T = 0.1, the approach provides better
results than EWA.

7.5.5 Performance

All experiments were performed on a machine with an Intel i7-8600K
processor and a GeForce 1080 Ti GPU. The method achieves real-time
framerates for all shown scenes and experiments in this chapter (see
Table 7.3). Since the contributions to all surfaces along a viewing ray
are accumulated at once, the binned A-buffer approach has a computa-
tional and memory overhead compared to EWA splatting on all scenes.
The EWA splatting implementation used for comparison also uses
hardware blending for accumulation, which in general is faster than
imageAtomicAdd operations necessary for the A-buffer implementation.
In general, the memory overhead depends on the chosen hash table
size, which cannot be too small because it both leads to more hash
collisions and could result in overflow if the hash table is smaller than
the amount of surfaces in the current viewing direction. However, if
the hash table size is too large, the performance of the method also
degrades, which might be due to worse cache locality of the texture
accesses.

Exemplary samples of the runtime performance as well as memory
overhead were measured for different hash table sizes on the memorial
dataset, which is quite challenging for the proposed algorithm, since
the high noise and many outliers result in write accesses to many
different bins per pixel. The scene contains 654,083 points that are
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Figure 7.10: Error/recall trade-off of using disjoint overlapping bins with
different thresholds.

rendered at a resolution of 1024 x 848, which is twice the resolution of
the input images. The results can be found in Table 7.4. A hash table
size below 23 results in memory overflow and artifacts occur. Note,
that sizes other than a power of two would be possible if a different
hash function was used.

7.5.6 Ablations with overlapping bins

To validate the analysis in Section 7.4.4, experiments comparing the
use of disjoint and overlapping bins and the behavior under different
thresholds were conducted. The variants were run on the Stanford
dragon and fireplace room datasets with noise level k = 1 and varying
thresholds T, and the depth reconstruction accuracy was compared to
the ground truth depth. The experiments compute the RMSE, where
the average is only taken over pixels where a bin was found, and the
recall, which is here defined as the ratio of rendered pixels and pixels
in the ground truth image, in order to identify the amount of surface
misses.

The results can be seen in Figures 7.10 and 7.11. With increasing
thresholds only higher-quality bins (i.e., with higher density) are
selected, which means that the average error decreases. As hypothe-
sized in Section 7.4.4, using overlapping bins leads to a higher error
compared to disjoint bins. A larger threshold also introduces more
holes, i. e., a lower recall. Overlapping bins show a recall improvement
compared to disjoint bins, since situations like in Figure 7.2(a) can be
avoided. The plots in the rightmost column of Figure 7.10 clearly show
an error/recall trade-off when choosing a threshold. They also show
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Disjoint

Figure 7.11: Example rendering comparisons using disjoint and overlapping
bins. Pixels that do not contribute to the error calculation are
rendered black.

that in order to reach the same recall as with overlapping bins, only a
slight error penalty (= 0.1 cm on fireplace room for 9o% recall) has to be

sacrificed when choosing disjoint bins and a lower threshold instead.

Conversely, for the same error, a small decrease in recall (= 1% for an
error of 7.25 cm) must be taken into account. While this suggests a
slight advantage of overlapping bins when using optimal thresholds,
the choice between the two must also take the decreased framerate
(up to half the framerate compared to disjoint bins in the experiments)
and higher memory consumption into account, which is in general
not worth it for the marginal improvements.

76 CONCLUSIONS AND LIMITATIONS

The main benefits of the binned A-buffer method regarding the quality
of the rendered color and depth images are explicitly prominent for
noisy (real-world) point clouds with strong outliers. The method
can filter strong noise of surface splats and suppress large amounts
of outliers. Moreover, it can suppress the dilation-like halo effect
caused by splats at depth discontinuities by reducing the visibility of
individual splats that protrude the contour of the front object.

The hashed, binned A-buffer algorithm implementation is efficient
in terms of memory footprint and runtime performance. Still, there is
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room for improvement, mainly in terms of the selection of the thresh-
old value T. As discussed in Section 7.5.4, in certain constellations
there is no single global threshold that fits all local needs. Therefore,
a theoretical investigation of the statistical relations between noise
level, outlier density, and surface splat density aiming at an automated
adaptation of T is a worthwhile future research objective.



CONCLUSIONS

This dissertation made various improvements to imaging pipelines.
The central contributions can be split into the two main categories
of end-to-end co-design of sensor parameters and high-level tasks
to improve the imaging pipeline as a whole, and the handling and
improvement of imperfect data arising from measurement errors.

The thesis presented a novel approach to jointly optimize the physi-
cal layout of pixels on a sensor and a task-specific neural network, by
developing a differentiable pixel layout parameterization. The method
can be integrated into existing deep learning pipelines and only re-
quires standard high-resolution images as input for the differentiable
sensor simulation. The proposed rectangular and curvilinear layouts
outperform standard uniform pixel grids in all evaluated classification
and segmentation tasks in autonomous driving, particularly under
pixel budget constraints.

Similarly, a method to learn color filters together with neural net-
works for specific tasks was proposed. In contrast to the spatial layout
case, however, experiments on semantic segmentation for autonomous
driving did not show a statistically significant benefit over hand-
crafted filters. The discrepancy between this negative result and the
positive results for learned sensor layouts indicates that not all sensor
parameters are equally important for all tasks. The sensor layout opti-
mization placed more pixels in areas of high information density as
required by the downstream network. This assumes that such a spatial
bias of information content even exists in the dataset, and more evenly
distributed objects may not benefit as much from a learned layout.

A plausible hypothesis for the lack of improvement from learned
color filters is that there is insufficient spectral bias in the autonomous
driving datasets used for evaluation. In the investigated setting, the
segmentation networks focus more on shape and texture than spectral
differences, which is why they benefit more from increased resolution
in challenging regions. It should be emphasized, that these negative
results most likely do not apply to other datasets with more spectral
bias.

Future work could evaluate the methods on other task and datasets,
and could also include combinations of learned pixel layouts and
color filters, which are straightforward to implement in the proposed
frameworks. Additionally, both methods can benefit from a tighter
integration of physical constraints and design restrictions on both
the learned layouts and learned filters. Although recent work has
shown that the learned rectangular and curvilinear layouts can be

End-to-end sensor
optimization
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built by developing hardware designs [Cho+24; Zha+25], more com-
plex layout parameterizations likely require more constraints to be
manufacturable.

The second main line of contributions in this dissertation concerns
the handling of imperfect data produced by sensors. A provably con-
vergent algorithmic scheme based on the proximal gradient method
was proposed that combines classical variational methods with pow-
erful learned priors to solve inverse problems. This combines the
flexibility of plug-and-play schemes that do not require retraining a
network for every task, with theoretical guarantees of energy mini-
mization methods, which are often required in safety-critical settings.
However, the method is limited to smooth energies. An extension to
the non-smooth case and an incorporation in more complex schemes
like ADMM could be possible research directions.

Active depth sensors under poor lighting conditions often generate
noisy, incomplete and outlier-prone measurements that must be pro-
cessed before they can be reliably used for higher-level vision tasks.
A generic depth enhancement framework based on normal consis-
tency was proposed to enhance depth images by enforcing geometric
coherence between depth and surface normals, improving depth im-
age quality for a variety of depth enhancement tasks, i. e., denoising,
super-resolution, and deblurring.

Finally, a point-based rendering method that can directly visual-
ize very noisy point clouds with heavy outliers was developed. The
method includes a per-pixel binned A-buffer data structure that in-
cludes a hashing scheme for memory efficiency. It successfully sup-
presses outliers, such as flying pixels, while still reconstructing visually
plausible surfaces. This is particularly useful for the interactive inspec-
tion and debugging of 3D data from ToF cameras and similar sensors.
The method involves a fixed global threshold parameter that is not
optimal for all areas of a scene. Future work could investigate methods
to automatically adapt this parameter, ideally per-pixel.

Handling imperfect
data
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