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”With four parameters I can fit an elephant, and with
five I can make him wiggle his trunk” - John von

Neumann
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Nomenclature
Resolution of Flux Density Bases Surface Diagnosis

β, γ, δ Triangle angles rad

θa Angle between vertical align-
ment and the normal vectorrad

θb,c Angle of most inner reflec-
tion rad

θea Angle between θe and θa rad

θe Angle between vertical align-
ment and the sun elevationrad

θout Angle between ~n and ~routrad

θS Sun apperture angle rad

~ni Normal vector at position i

~tin Incoming light direction

~tout Outgoing light direction

a, b, c Triangle sides m

d, d′ Triangle sides m

Ele Elevation of sun
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h Triangle height m

S1,2 First intersection of most in-
ner triangle rad

S3 Second intersection of most
inner triangle rad

Differentiable Raytracing and NURBS

ω Binning weight for assigning
an incoming ray to grid point

ρ Damping of the rays inten-
sity

σ� Variance of the sun distribu-
tion

~n Heliostat normal vector

~nT Normal vector of receiver /
calibration target surface

~t′ Relative direction between he-
liostat and observed position

~t� Vector pointing coordinate ori-
gin to the center of the sunn

~t Viewing direction

~x′ Vector to heliostat surfacem
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~x Observed position m

A Incoming light intensity W m−2 sr

dΩ Solid angle element

dA′ Heliostat surface elementm2

E Irradiance W m−2

L Radiance W m−2 sr−1

Le Emitted radianceW m−2 sr−1

Lr Reflected radianceW m−2 sr−1

LAlignment Loss term that measures the
angle between nis and npred

of prediction and target im-
age

LMiss Loss term that penalizes rays
which did not hit the receiver

LPixel Loss term that counts the dif-
ference of each pixel of pre-
diction and target image

M Rotation transformation ma-
trix

P NURBS control point

S NURBS surface
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U, V NURBS surface vectors

W NURBS weights

w NURBS weight

Rigid Body Heliostat Model in Jülich

α Rotational displacement at py-
lon (longitudinal) rad

β Rotational displacement at py-
lon (longitudinal) rad

δ Rotational displacement at 2.
axis (longitudinal) rad

γ Rotational displacement at 1.
axis (longitudinal) rad

τk Axis offset at 2. axis rad

τM Tracking angle elevation rad

θk Axis offset at 1. axis rad

θM Tracking angle azimuth rad

~CA Vector from tower base to fo-
cal spot centroid of area m

~nba Heliostat normal vector at ba-
sis alignment (no rotations)
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~nis Measured heliostat normal vec-
tor

~nmodel Ideal heliostat normal vector

~O1 Heliostat position without ax-
ial offsets m

~OM Mirror suspension point in-
cluding axial offsets m

~V12 Vector pointing from pylon
to 1. axis m

~V2M Vector pointing from 1. axis
to 2. axis m

GR1 Gear ratio 1. axis

GR2 Gear ratio 2. axis

R01 Rotation matrix around α, β

Rδ Rotation matrix around δ

Rτ Rotation matrix around τ

Rθ Rotation matrix around θ

Deflectometry

φ Phase of the stripe pattern

φk Phase shift of the stripe pat-
tern
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ALight Light amplitude W m−2

c Constant background inten-
sity W m−2

I Total intensity W m−2

Solar Tower Specific Vocabulary

Irradiance: Radiant flux received by a
surface W m−2

Radiance: Radiant flux received by a
surface per unit solid
angle W m−2 sr−1

Calibration Target: White surface, usually below
the receiver for calibration

Canting: Tilting of the heliostat facets
to a joint focal point

Flux Density Map: Also called flux density dis-
tribution. Used synonymously
with Irradiance

Focusing: Deforming of the heliostat facets
to a concave shape

Heliostat: 2 axis tracking mirror for so-
lar radiation concentration
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Receiver: Surface on which all rays are
focused. Entry into power
plant processes

Solar Area: Power plant section, includ-
ing all heliostats and the re-
ceiver surface

Sun Blur: Softening of the image due
to beam expansion of the sun

Machine Learning Vocabulary

Activation Function: Node of an artificial neuron.
Produces an output depend-
ing on the weighted sum of
its inputs

Automatic differentiation: Differentiation technique based
on the chain rule. Distinct
to symbolic and numeric dif-
ferentiation

B-Spline: Spline (piecewise defined func.
by polynomials) with mini-
mal support

Backpropagation: Algorithm to compute gradi-
ents

Learning Rate: Step size at each iteration
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PSNR: Peak Signal to Noise Ratio
used to measure image qual-
ity

Weight Decay: Regularization term added to
the loss function while train-
ing

Huber Loss: L1 or L2 depending on thresh-
old

L1: Mean absolute error

L2: Mean squared error

Adam: Algorithm for first-order gradient-
based optimization of stochas-
tic objective functions[1]

Adamax: Variant of Adam using infin-
ity norm[1]

Loss: Function to evaluate the pre-
diction

Optimizer: Function to optimize gradi-
ent descent

Scheduler: Adjusts the learning rate based
on the number of epochs
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Black box Model: Model that makes predictions
without revealing how it ar-
rived at those predictions. Com-
monly without physical mod-
eling

Digital Twin Aggregate: Combination of the Digital
Twin Instances[2]

Digital Twin Environment: Multiple domain physics ap-
plication space for operating
on digital twins. These oper-
ations include performance pre-
diction, and information in-
terrogation[2]

Digital Twin Instance: A specific instance of a phys-
ical product that remains linked
to an individual product through-
out the physical products life[2]

Digital Twin: A complete virtual descrip-
tion of a physical product that
is accurate to both the micro
and macro level

Epoch: Training cycle, where the al-
gorithm has seen all input data
once

Ground Truth: Information which is known
to be real or true
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Layer Freezing: Exclude specific neural net-
work layers from training

Pretraining: Training with a different dataset
than in the actual training
process

Source Dataset: Dataset used for pretraining

Supervised Training: Training with labeled or struc-
tured data

Tabular Data: Data from e.g. csv or excel
files without any local corre-
lation

Target Dataset: Dataset used for training (af-
ter pretraining has taken place)

Target: Values/Images etc. the pre-
diction is compared to

Transfer Step: Going from source to target
dataset

Unsupervised Training: Training without labels

White box Model: Model that is transparent in
how it makes predictions, mean-
ing the user can easily inter-
pret and understand the rea-
soning behind the model’s out-
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put. Commonly using phys-
ical modeling

Acronyms
NN Neural Network

AI Artificial Intelligence

MLP Multi Layer Perceptron

DL Deep Learning

DT Digital Twin

PV Photovoltaic

CNN Convolutional Neural Network

LM Levenberg-Marquardt

NURBS Non Uniform Rational B Splines
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ROS Robotic Operating System

SAE Stacked Autoencoder

GM Geometric Model

NeRF Neural Radiance Field

MAE Mean Absolute Error also called L1

MSE Mean Squared Error also called L2

SELU Scaled Exponential Linear Unit

ENU East, North, Up

GM Geometric Model

GT Ground Truth
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Abstract
Solar tower power plants are integral to the ongoing en-
ergy transition, providing climate-neutral electricity and
process heat. These plants use thousands of mirrors, known
as heliostats, to reflect sunlight onto a receiver, generat-
ing temperatures exceeding 1000 ◦C. However, in actual
operation, these temperatures are never attained because
operational safety margins must be maintained. These
safety margins are necessary to account for individual he-
liostat imperfections, such as surface deformations and
heliostat misalignments, which could otherwise result in
hazardous temperature spikes. Such imperfections are
challenging to assess and can hinder plant efficiency, af-
fecting commercial viability in a competitive market. This
thesis presents machine learning and artificial intelligence
methods that aim to reduce safety margins by developing
models characterized by unprecedented accuracy and re-
liability. These models will be created using data that is
already collected fully automatically in most power plants.

To achieve this a differentiable ray tracer is developed
in the Machine Learning framework PyTorch, leverag-
ing automatic differentiation and GPU computation. By
combining gradient-based optimization methods with a
smooth parametric description of heliostats the high data
requirements of data-centric methods are overcome while
at the same time the flexibility required for modeling a
complex real-world system is maintained. This new opti-

22



mization environment makes it possible to optimize every
heliostat, tower or camera parameter in the solar field af-
fecting the light direction in a data-driven way. For some
tasks, optimization based on image data or using neural
networks is possible for the first time.
Implemented at the solar tower plant in Jülich, this method
demonstrates significantly enhanced performance in terms
of accuracy and reliability when compared to existing al-
ternatives. It enables the restoration of flawed mirror sur-
faces with a level of precision similar to deflectometric
measurements. Moreover, it provides irradiance predic-
tions for individual heliostats up to 155% more accurate
compared to commonly used ray tracing techniques and,
through the use of neural networks, it can correct the mis-
alignment of heliostats with an unprecedented accuracy of
less than 0.42mrad, measured in power plant operation.

The differentiable ray tracing optimization pipeline can
be integrated into the existing infrastructure and plant
control at low cost. Moreover it can be treated as a digi-
tal twin of the power plant, that can be used for diagno-
sis, open and closed-loop control, as well as prediction, in
operation and research paving the way for efficient, intel-
ligent, and autonomous power plants.
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Zusammenfassung
Solarturmkraftwerke sind ein wesentlicher Bestandteil der
anhaltenden Energiewende und liefern klimaneutralen Strom
und Prozesswärme. In diesen Kraftwerken werden tausende
von Spiegeln, so genannte Heliostate, eingesetzt, um das
Sonnenlicht auf einen Receiver zu reflektieren und Tem-
peraturen von über 1000 ◦C zu erzeugen. Aufgrund von
individuellen Heliostatfehlern wie Oberflächenverformungen
und Missweisung der Heliostate, die zu gefährlichen Tem-
peraturspitzen führen können, sind jedoch Sicherheitsmar-
gen für den Betrieb unerlässlich. Dies beeinträchtigt die
Effizienz der Anlage, was sich auf die Rentabilität in einem
wettbewerbsintensiven Markt auswirkt. In dieser Arbeit
werden Methoden des maschinellen Lernens und der kün-
stlichen Intelligenz vorgestellt, die darauf abzielen, diese
Sicherheitsmargen zu verringern. Hierfür werden Modelle
entwickelt, die sich durch eine bisher unerreichte Genauigkeit
und Zuverlässigkeit auszeichnen. Diese Modelle werden
mit Daten erstellt, die in den meisten Kraftwerken bere-
its vollautomatisch gemessen werden.

Die Modelle basieren auf einem in dieser Arbeit entwick-
elten differenzierbarer Raytracer. Dieser wurde im Ma-
chine Learning Framework PyTorch geschrieben, wodurch
er auf automatische Differenzierung und effiziente GPU-
Berechnungen zugreifen kann. Durch die Kombination
aus gradientenbasierten Optimierungsmethoden mit einer
geeigneten Beschreibung von Heliostaten können damit

24



die hohen Datenanforderungen von datenzentrierten Meth-
oden überwunden werden. Gleichzeitig bietet das He-
liostatmodell genug freie Parameter, die für die Model-
lierung eines komplexen realen Systems erforderlich sind.
Die neue Optimierungsumgebung ermöglicht es so nahezu
jeden Heliostaten-, Turm- oder Kameraparameter im So-
larfeld datengetrieben zu optimieren und dabei vorher un-
zugängliche Bilddaten für die Optimierung zu verwenden.
Innerhalb dieser Optimierungspipeline ist auch der Ein-
satz von neuronalen Netzen möglich. In der Solarturm-
Anlage in Jülich eingesetzt, zeigt das Verfahren im Ver-
gleich zu bestehenden Alternativen eine überlegene Leis-
tung in Bezug auf Genauigkeit und Zuverlässigkeit. Es er-
möglicht die präzise Rekonstruktion fehlerhafter Spiegelober-
flächen mit der Genauigkeit einer deflektometrischen Mes-
sung. Darüber hinaus liefert es Vorhersagen der Fluss-
dichte einzelner Heliostate, welche im Vergleich zu kon-
ventionellen Raytracing um bis zu 155% genauer sind.
Mit der Hilfe neuronaler Netze kann zudem der kleinste je-
mals in einem Heliostatenfeld gemessenen Nachführfehler
(unter 0.42mrad) erzielt werden.
Die differenzierbare Raytracing-Optimierungspipeline kann
mit geringem Aufwand in die bestehende Infrastruktur
und Anlagensteuerung integriert werden. Darüber hinaus
kann sie als digitaler Zwilling des Kraftwerks betrachtet
werden, der für Diagnose, Steuerung und Regelung sowie
Vorhersage im Betrieb und in der Forschung eingesetzt
werden kann und so den Weg für effiziente, intelligente
und autonome Kraftwerke ebnet.
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1. Introduction

To understand the full scope this work, first the circum-
stances are layed out. For this purpose, an overview of
the transformations necessary due to climate change and
how solar tower power plants can be a part of the solu-
tion will be given in Section 1.1. This is further supported
with a presentation of the existing state of the art on irra-
diance measurements, heliostat calibration and common
algorithms used at solar towers (Section 1.2), which gives
rise to open research questions that will be elaborated in
more detail in Section 1.3.
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1.1. Motivation
For decades, scientists have been aware that the perma-
nent emission of greenhouse gases has a lasting impact
on the earth’s climate. On December 12, 2015, aware-
ness of this had already become so widespread in society
that politicians from nearly 190 countries agreed on the
now well-known Paris Agreement. With this agreement
to limit global warming to well below 2 ◦C compared to
pre-industrial levels [3], came commitments by individual
nations to undertake a transformation unlike any before.
Today, we are in the midst of that transformation. In ad-
dition to many socio-cultural adjustments, such as more
sustainability with resources or a reduced consumption of
animal products, the energy transition is at the center
of this development. The replacement of fossil fuels with
renewable energies, water, wind and sun is the decisive
factor towards a sustainable society.
Technically, this is a huge challenge. Not only does a large
part of the existing infrastructure have to be replaced,
there are also many new demands to be met.
On the one hand, more electricity is needed, because many
technologies that were previously powered by oil, gas and
coal are now (and will increasingly be) powered by elec-
tricity. Assuming a constant number of cars, an aver-
age consumption of 15 kWh, and an average mileage of
20.000 km per year, the transport sector alone, converted
to electricity or hydrogen, would consume an additional
120TWh per year in Germany.
On the other hand, if the electricity from renewable sources
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(a) Image of the two solar tow-
ers in Jülich. The he-
liostats, shown from be-
hind, are focusing on the
receiver surface of the left
tower[5].

(b) Schematic drawing of the
solar tower, showing the
calibration target, the re-
ceiver and an external
thermal storage, which is
in reality placed inside the
tower.

Figure 1: Overlook to the solar tower in Jülich in different
representations.

is not used directly, it must be stored temporarily. This
is especially a problem in providing electricity generated
by solar energy. In general, the power generation behaves
exactly countercyclically to power consumption[4]. There-
fore the generated energy must be stored longer and at a
much higher capacity than is possible today.

Solar thermal power plants and systems offer such pos-
sibilities and thus represent an important factor in the
ongoing energy transition. These can be divided into
3 categories: Non-focusing systems as well as line- and
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point-focusing power plants. In particular, solar tower
power plants, a subtype of point-focusing systems play
a key role here. These power plants focus thousands of
mirrors (heliostats1) on one surface (the receiver, compare
Fig. 1a). The radiation resulting from the superposition
of the individual heliostat spots (Fig. 1b) can generate
heat of more than 1000 ◦C.
With these temperatures, industrial high-temperature pro-
cesses can be preheated or run entirely by solar energy.
For example, in the thermochemical production of am-
monia [6], green hydrogen (solar fuels)[7], concrete[8] or
for drying food2[9]. Operating these processes electrically
would require enormous amounts of power.
Furthermore, the heat can be stored for several hours (to
days) and thus, for example, can be retrieved at night or
when it is cloudy. They thus make a significant contri-
bution to a carbon-free supply security. If this factor is
taken into account, the levelized costs of energy are com-
petitive to those of Photovoltaic (PV) [9, 10, 11] while at
the same time consuming fewer rare materials.
Due to the high process heat resulting from the high con-
centration factor, they are more efficient than other so-
lar thermal power plants in storing and charging the heat
transfer medium[12]. Nevertheless, the market share of so-
lar towers is still small, such as compared to line focusing

1Within this work, technical vocabulary that is mentioned for the
first time and written in italics can be looked up in the appendix
with a more detailed explanation.

2http://hiflex-project.eu/
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systems. The first commercial power plant was launched
in 2011[13]. Because of the novelty of the technology, the
high economic efficiency, the storage capability as well as
the provision of direct heat sources, it can be assumed
that the market share of the CSP tower power plants will
increase considerably in the next few years. Due to the
associated scaling effects as well as the high complexity
and the novelty of the power plants, further cost reduc-
tions can also be assumed[14]. The digital backbone of
the power plant, simulations and data-driven algorithms
will play a major role in this process.

This work ties in with existing ray tracing approaches
and extends them by a differentiable formulation. This
enables the integration into common gradient-based op-
timization pipelines and allows the new ray tracing envi-
ronment to be deployed at the tower as a digital twin for
control, diagnosis and prediction. With it, all solar field
parameters can be inferred, which influence the energy
transport. Especially tasks like the heliostat calibration,
deflectometric measurements and flux density predictions
can be taken over by this environment completely. In
order to counteract the simplification of physical math-
ematical models, modern neural network structures are
also used and tested.

For this existing principles from solar, AI and image pro-
cessing research are combined. This will be addressed in
the following.
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1.2. State of the Art
In order to establish a digital twin for solar power plants,
the requirements for such a twin must be defined first.
According to the definition by Grieves et al.[2], a Digital
Twin (DT) is a concept that fullfills three conditions :
(1) The real object must exist, (2) it must be virtually
described, and (3) there must be a bi-directional data ex-
change. By combining real measurement data and virtual
simulation, digital twins make it possible to map reality
with high accuracy, make predictions and test conditions
without affecting the real object.
These are all features that are needed at a solar power
plant, because each of the plant’s components is exposed
to a variety of internal and external factors. Mechanical
stress, deformations, build-up uncertainties, wind, weather,
aging processes, in desert regions even sandstorms can
cause the solar towers to behave considerably different
from an error-free simulation. The aspired low acquisition
costs of the components[15] will also make the power plant
particularly more susceptible to these influences. Since no
sensors are attached to the heliostats and the irradiance
at the receiver is a super position of all focal spots, a
closed-loop control is hardly feasible. Here, the use of a
digital twin becomes a possibility to close the control loop
in-silico. To accurately represent the energy flow in the
solar section it needs an environment where all individual
models can interact depending on a global state.

A ray tracer can be treated as such an environment. Ray
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tracing is one of the most successful algorithms for de-
scribing the entire energy transport of the solar field. In
ray tracing, all object properties (including shape, posi-
tion, angular dependent reflectivity) of a three-dimensional
scene are used to calculate a two-dimensional image. For
this purpose, rays are traced starting from a light source
and reflected at surfaces until they are absorbed or fall
into the camera’s field of view. The physics are mapped
so accurately that photorealism is possible[16].
In solar tower systems, the scene encompasses the motion
and shape configurations of all heliostats, the sun, and
the receiver. Ray tracing is primarily employed to com-
pute the irradiance received at the receiver and stands
out as the most precise algorithm for this purpose. The
irradiance, a radiometric parameter that precisely delin-
eates the incoming energy mapping (in this case, at the
receiver), serves as one of the most critical input variables
for various downstream processes, such as turbine control,
and some upstream processes, including aimpoint man-
agement. This explains the abundant availability of ray
tracing tools tailored for solar power plants.[17, 18, 19, 20,
21, 22, 23, 24]. simulating the irradiance with ray tracing
at solar towers achieves good accuracies[25]. However, in-
dividual heliostat errors are considered only statistically
[26] or not at all.
To take real errors into account, ray tracing can be sup-
plied with external measurements like weather data[26] or
heliostat mirror deformations[17]. However, the external
supply of ray tracing with data has so far proven to be
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insufficient for various reasons e.g. unreliable measure-
ments, inaccessible object parameters or long data supply
chains.

The rendering equation, a fundamental component in ray
tracing, can, under specific circumstances, be mathemat-
ically made differentiable, facilitating the computation of
gradients for scene parameters through automatic differ-
entiation. This capability enables data-driven optimiza-
tion of the ray tracer’s environment, a methodology re-
ferred to as differentiable ray tracing. Thus, differentiable
ray tracing is a concept that combines traditional ray trac-
ing techniques with machine learning. The first differen-
tiable ray tracer for general scenes was presented 2018 by
Li et al.[27].

By applying differentiable ray tracing, it is possible to in-
fer the precise shape[28], material properties, or both[29]
from initially coarse approximations. The range of tools
is very wide [30]. But only a few of these tools are used
industrially. Main applications are in lens design [31] or
some test cases in autonomous driving[32][33]. In fact,
real world deployment is rare. Nevertheless, as far as
known to the author a theoretical consideration or even a
deployment of differentiable raytracing in any large-scale
industry has not taken place yet.

However, gradient-based optimization has already achieved
significant success in the field of solar power generation.
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For example, heliostat arrays are designed [34], thermal
performance predicted [35] and receiver geometries are op-
timized [36, 37] with it. Particularly in the area of field
design, approaches similar to ray tracing are used but with
a lack of generality. One notable example in the context
of this work, is the camera-target calibration method in-
troduced by Stone in 1986[38]. In this approach, individ-
ual heliostats are adjusted to direct sunlight onto a white
surface. Subsequently, a regression algorithm is employed
to calculate error parameters for a physical-mathematical
geometric model, based on the deviation between the ob-
served focal spot position and the intended target point.
When applied in solar tower systems, these models en-
able precise control of heliostats, achieving angular errors
as small as a few milliradians. Additionally, this method
is entirely automated, resulting in a cost-effective solu-
tion. The digital twin environment within this work uses
only data provided by this procedure.
The current accuracy is sufficient for small fields and con-
servative power plant operation, but neither for heliostats
at the rear end of large fields nor for modern aiming strate-
gies[26]. The accuracy of the method is affected by a lim-
ited data set and physical restrictions of the underlying
geometry model[39].
Over time, many alternative calibration methods have
been developed[40] all with their own advantages and dis-
advantages in the areas of time per measurement, accu-
racy and cost. The sheer number of different approaches
already shows that the state of the art calibration neither
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provides the required performance in daily operation nor
a final solution has been found so far. Nevertheless, the
accuracy and reliability of the camera-target method is a
benchmark for all other calibration techniques. An in-situ
improvement of the accuracy of the camera-target method
raises the standard for all other algorithms. Moreover, as
long as these methods use imaging techniques, they are
suitable as a data source for the diff. ray tracer.

Differentiable ray tracing uses a similar optimization pipeline
as machine learning methods, which is why it is often used
in conjunction with e.g. deep learning models. This can
significantly increase the accuracy of the models or reduce
the computing time[30]. Therefore, additional Neural Net-
works (NNs) are investigated in this work, which are able
to represent the conditions at the solar tower on a realis-
tically large data set.
These pure data driven models achieve astonishing re-
sults in many different areas. This reaches from classi-
fication [41], over regression [42], to imaging tasks [43]
and even ray tracing[44]. In some fields they even out-
perform humans themselves [45][46]. By using modern
Deep Learning (DL) structures and a sufficiently large
data set, even the most complicated tasks can be per-
formed. DL approaches are also being used more and
more frequently in power plants. Examples range from
simple monitoring [47] to diagnostics [48] or turbine con-
trol [49]. DL is also slowly finding application at the solar
tower[50][51][52][53]. Carballo et al.[54] already presented
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the first deployment in the solar area of the field.
However, DL approaches at the solar tower have so far
been limited to improving simulations or relying on as-
sistance in the form of hand-labeled data and additional
sensors. They are still associated with high effort and
cost.
The digital twins proposed in this work combine Deep
Learning with physical models, to reduce data usage to a
realistic level. To what extent this reduction is possible
will be investigated.

1.3. Scientific Objective
Based on the problems described, the aim of this work is
to develop a suitable digital twin based on diff. ray tracing
and neural networks. In order to realize reliable irradiance
prediction and enable an in-silico closed loop control of the
heliostats, the environment must (1) be complex enough
to represent reality with all individual component errors,
(2) adapt independently to new data, (3) be utilized in
real-time, or even faster, and (4) integrate itself in-situ
into existing power plant processes. All of this must be
possible on a very limited data set.

To achieve this a differentiable ray tracer is developed
in the Machine Learning framework PyTorch, leverag-
ing automatic differentiation and GPU computation. By
combining gradient-based optimization methods with a
smooth parametric description of heliostats the high data
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requirements of data-centric methods are overcome while
at the same time the flexibility required for modeling a
complex real-world system is maintained. The ray tracer
should make it possible to process image data directly and
to derive relevant properties about the solar field from
it. This is investigated in more detail using image data
from the fully automated camera-target method. On the
one hand, the focal spot images are used to determine
the orientation of the heliostat and outperform the clas-
sical regression on tabular data. On the other hand, this
procedure allows a heliostat surface diagnosis from focal
spot images to find dents and bulges on the mirror for
the very first time . The derived surfaces can be used
directly in this ray tracer to improve the irradiance pre-
diction for the whole year. Furthermore, this digital copy
of the solar area can operate autonomously and thus en-
ables more accurate simulations, e.g. in research. It thus
offers ideal conditions for the versatile data situation at
the solar tower.

In order to be able to classify the results of the new
method, they will be compared (if available) with exist-
ing algorithms, but also with neural networks developed
or adapted for this work. In particular, networks were se-
lected that, at least for this type of algorithm, require very
few data points (up to a few hundred). Pre-trained Multi
Layer Perceptrons (MLPs)[42] will be used for heliostat
calibration and Neural Radiance Fields (NeRFs)[55] for
the irradiance prediction. In this context, the question
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will be discussed, when the use of blackbox models like
neural networks at the solar tower is reasonable and when
whitebox models like the used geometry models of the he-
liostat calibration are to be preferred.

The structure of this work is based on the formulated sub-
objectives. In the following section, the theoretical back-
ground (Chap. 2) of this work will be discussed. With
this knowledge, the used scientific methods of this thesis
will be laid out in Chapter 3. This includes the differen-
tiable description of the ray tracing process and further
methods necessary for the optimization, as well as the
code implementation of these. Furthermore, the physical
constraints of the methodology are outlined. Thereafter,
the networks and their adaptations for the application at
the solar tower are discussed. Since the thesis deals exclu-
sively with data-driven methods, Chapter 4 deals with the
data sets used for the evaluation. Furthermore, the previ-
ously presented methods are embedded in workflows that
simulate a realistic power plant integration. In the follow-
ing chapters, the black and white box models considered
are tested for their application as DT heliostat instances
(Chapter 5) and discussed with the research questions al-
ready presented in Chapter 6. Finally, the results are
summarized (Chapter 6) and evaluated together with an
outlook into future applications in Chapter 6.
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2. Theoretical Background
In order to establish the DT environment, an understand-
ing of the existing processes is required, which is why an
overview of the process architecture at the solar tower is
given in Section 2.1. This is followed by a description
of the measurement methods with regard to their imple-
mentation in Jülich, which will be used in connection with
the DT environment introduced later (Section 2.2-2.5). In
addition, their limitations are also discussed. Then the
application of the state of the art ray tracing for irra-
diance prediction is demonstrated (2.6). Afterwards the
used Artificial Intelligence (AI) methods, diff. ray tracing,
neural networks and NeRF on which this work is based
will be presented in more detail in Section 2.7-2.9.
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2.1. The Process Levels of the Solar Power
Plant

The heliostat field con-
trol system for the so-
lar tower in Jülich is or-
ganized into various hi-
erarchical levels of ab-
straction. At the foun-
dational level, known as
the “Power Plant and
Heliostat Level“, you’ll
find the control interface
for the power plant and
the heliostat field itself.
This level executes in-
put commands to manage
the power plant’s opera-
tions and read data from
the measuring system sen-
sors.

This level receives its input
from the “Basic Control
Level“, where heliostats
are both controlled and monitored. This process involves
the use of models generated at higher levels of abstraction.
For instance, it calculates the required alignment angles
for the heliostats and translates them into motor positions
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for the heliostat axes. The heliostat field’s operation can
be guided solely by sun positions and aimpoints, but with-
out additional measurements, this control method lacks
precision.

Moving up a level of abstraction, the system incorporates
measurements to correct deficiencies in heliostat align-
ment or simulates adjustments to optimize aim points.
Since certain field parameters, including heliostat align-
ment, cannot be measured directly, the field control sys-
tem lacks a feedback loop, relying instead on the quality
of the models at this operational level.
The diagram on the right distinguishes between processes
that must be executed in real-time or at a faster pace dur-
ing operation, such as aimpoint management (indicated
by the blue “Live-Loop“ line in the diagram). Incom-
ing measurement data is processed, and control strategies
are derived based on these measurements, for example,
strategies for optimizing aim points and predicting future
power plant states. On the other hand, it shows update
processes that are only initiated intentionally (illustrated
by the orange “Update-Loop“ line in the diagram), such
as after a triggering event like heliostat calibration or a
deflectometric measurement. The output of these update
processes is used to refresh corresponding models. Most
processes within this level rely on simulations, such as
precomputed radiation maps generated using classical ray
tracing methods [26].
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(a) Flux density measure-
ment at the receiver in
Jülich. The distribu-
tion deviates strongly
from an ideal distri-
bution, hampering the
plants efficiency[56]

(b) The solar tower during
irradiation. The he-
liostats used were not
calibrated shortly be-
fore, which leads to
a considerably higher
spillage radiation.[5]

Figure 2: Irradiation of the receiver in Jülich.

2.2. Flux Density Measurement
The determination and prediction of a realistic flux den-
sity (or more precisely the irradiation in W/m2), the su-
perposition of all focal spots on the receiver surface, is the
superordinate goal of the DT environment. It is a radio-
metric quantity containing most valuable information for
nearly all prior and subsequent power plant processes.
Each solar tower power plant is designed for an optimal
(theoretical) flux density distribution. The closer the in-
coming radiation is to the designed flux density distribu-
tion, the higher the power plant performance. In contrast,
because of the high receiver temperatures up to 700 ◦C [57]
(the goal of current research is over 1500 ◦C[58][59]) a de-
viation can lead not only to lower performance but also to
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component damage due to temperature peaks. Secondly,
the flux density can be used as an input variable for nearly
all subsequent processes.

Obtaining a realistic flux density is complicated, both by
measurement and simulatively.
The newest, most efficient and cost effective method for
detecting flux density maps was presented by Offergeld et
al.[56][60]. In Fig. 2a a measured flux density map mea-
sured in Jülich is shown. The graphs area corresponds
to the surface of the receiver. The color profile shows
the measured, normalized distribution. The distribution
is far from ideal (which would be Gaussian-like and ho-
mogeneous). The deviation is explained by the fact that
each heliostat inherits its own individual errors. The most
important of these are either misalignments or deforma-
tions of the mirror surface. In the worst cases, these errors
can cause heliostats to miss the receiver or even the tower
completely (see Fig 2b).

Although the flux density measurement method achieves
good results, without appropriate (manual) pre- and post-
processing, this method is subject to high errors too. In
particular, the automated execution of this measuring method
in power plant operation is still in the future.

There are also many other measurement methods, such as
using a white diffuse moving bar target [61] and CCD cam-
era; or using direct-mounted sensors on the bar[62]. Also
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external receiver surfaces [63] or stationary stripe-shaped
targets and moving focuses are possible [64]. All these
methods differ in their requirements regarding to cost, ac-
curacy, spatial resolution, and measuring speed[65]. There
is no clear preferred option or state of the art yet.
All these variants have two crucial problems. On the one
hand, they can only represent a present (or, depending
on the measurement duration, only a past) state of the
power plant. On the other hand, the recorded image can
detect that there are problems, but not where they come
from.
To illustrate this with an example: A detected heat spike
on the receiver cannot be unambiguously assigned to one
(or multiple) heliostat due to the tracking error. Instead,
entire heliostat groups must be defocused to prevent com-
ponent damages, resulting in significant losses. Further-
more, cloud passage can cause temperature gradients on
the receiver [26]. To counteract these, the knowledge of
the flux density map must be ahead of time.
To avoid these situations, not only momentary images are
needed, but also simulations that are ahead of time and
can predict dangerous upcoming conditions. To ensure
that the simulations are as close as possible to reality,
they must be supplied with measurement data. The mea-
surement and simulation methods which are commonly
used for this purpose are presented below.
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Figure 3: Image of the solar tower in Jülich from a view point
inside of the heliostat field. While the majority of
the heliostats is focusing on the receiver, two he-
liostats are calibrated simultaneously at an area be-
low that.

2.3. The Heliostat Field Control and
Calibration

The measurement that is already fully automated on most
solar towers is the so-called heliostat calibration. This
process is carried out regularly at the solar tower to coun-
teract individual heliostat tracking errors which effects the
ability of the heliostats to redirect the sun to the correct
designated position on the receiver. The calibration is
therefore directly responsible for the amount of electricity
generated. For example the difference from 0 to 6mrad
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tracking error can reduce the overall power generation by
around 6% [66]. Incorrectly positioned focal spots can
also cause local overheating and damage components.
The heliostat accuracy is influenced by several factors,
including misalignment due to torsion, mechanical defor-
mation, gear backlash, and local wind speeds.
To adequately control a heliostat in the field, it is nec-
essary to know the quality of the existing errors (e.g.:
around which axes can the heliostat be distorted? Are
there degrees of freedoms inside the gears? Is the error
angle/time dependent? Are there extrinsic influences?),
as well as their quantity (e.g.: How strong is the distor-
tion and when does it happen?). However, due to the
size of the fields, it is not possible to determine each of
these errors through direct measurement. Instead, the
individual errors must be derived from easily accessible
measurements and mathematical regressions.

The Camera-Target Method (Stone-method[38]) is one of
the oldest and as for today the most widely used calibra-
tion method in commercial solar tower power plants. For
the calibration process, the focal spot of each heliostat
is moved individually from the receiver to a Lambertian
white target, which is usually located below the receiver
(see Fig. 3). A camera then takes a picture of the focal
spot. From this image the focal spots centroid of mass is
derived by an image processing algorithm. This is stored
together with the sun position as well as the current ori-
entation of the heliostat. This information is then used to

46



determine an underlying function template, in most cases
an error-based Geometric Model (GM) by regression.
The GM can include all sources of premodeled mathemati-
cal physical described errors. In fact, the error parameters
don’t have to be correlated with physical errors inside a
geometrical model, also strict mathematical function tem-
plates e.g. polynomials can be applied. As long as the
available data set is large enough, the Stone method is
one of the most accurate and reliable methods for helio-
stat calibration.

However, the Stone calibration method suffers from a sig-
nificant limitation in terms of time required for each mea-
surement. Specifically, the calibration process takes about
one minute per heliostat, during which time the heliostat
does not contribute to power generation. This signifi-
cantly limits the number of measurements that can be
taken in a Heliostat field consisting of thousands of he-
liostats. To give one example: Considering a plant, which
operates 10,000 heliostats for 12 hours a day, this would
be approx 26 measurements per heliostat. Not consider-
ing cloudy days, sand storms or maintenance. Moreover,
due to heliostats’ temporal variability, these limitations
impeding the acquisition of a large dataset.
In order to achieve the required level of tracking accuracy
for a heliostat, a large number of optimizable parameters
must be taken into consideration within the GM. Specifi-
cally, a complete description of a 2-axial heliostat requires
28 degrees of freedom. Each heliostat can have its own

47



unique errors. However, using all degrees of freedom may
still not be sufficient, since non-linearities, such as he-
liostat stiffness, alignment, local wind speeds, and aging
processes are still neglected. small data sets are thus con-
fronted with a large number of parameters that can be
optimized, which strongly underdetermines the problem.
Furthermore, the heliostat field of a solar tower power
plant can cause up to half of the capital expenses and
thus contributes significantly to the levelized cost of en-
ergy. To reduce it to (competitive) 0.6USD/kWh or be-
low, the cost per heliostat may not exceed 75USD/m2

[15]. Thus, the influence of these errors will increase in
the coming years, because more cost-efficient heliostats
will also be more susceptible to defects, for example due
to less material or cheaper motors.
To thin out the absolute amount of parameters inside the
GM, field studies are necessary. For example, the abso-
lute number of free parameters to describe the heliostats
in Jülich could be shrunk down to 8 [67][68][69] (see also
next chapter). But field studies cost time and thus money.
In the worst case, due to several dependencies, the results
might only be applicable to one particular field or a sin-
gle type of heliostat. Thus, such an approach does not
contribute to a superordinate development of solar power
plants.

In summary, the Stone method is an accurate and above
all reliable calibration, which is used as the standard method
at most power plants, even though it has considerable
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downsides. It produces very little data in combination
with a sprawling GM, still neglecting non-linearities. In
addition, factors that influence tracking must be identified
and pre-modeled before they can be taken into account by
the GM.

The fact that the accuracy of the Stone method is not
sufficient can already be seen from the large number of
other calibration methods. Over the years, very differ-
ent approaches have been developed. On the one hand,
the Stone method can be extended e.g. by attaching ad-
ditional signal sources, or slightly tilted mirrors [70][71].
Thus the focal spot does not have to be moved individu-
ally onto the target during calibration. Another possibil-
ity is to detect the focal spot directly on the receiver us-
ing photogrammetric measurements [72]. Measurements
at night [73], starlight [74] or artificial light sources al-
low a calibration outside the operating times. On the
other hand completely different approaches can be ap-
plied, for example the calibration can be done by radar[75]
or drones[76].

Another method of calibration is provided by Carballo
et al.[54] and especially noteworthy in the context of this
work. Here, one camera per heliostat including a low-cost
computer (Raspberry Pi) is attached to the heliostat. An
AI algorithm, more precisely a neural network (AlexNet)
was trained to distinguish the categories, Sun, Heliostat
and Target and to locate them accurately in the camera
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image. In initial tests where the heliostat was pointed
directly to the sun, a tracking accuracy of 2mrad (due
to the resolution of the camera) was achieved. Since one
camera is required per heliostat, the costs for the entire
field are very high. In addition, the images with which
the networks were trained had to be laboriously labeled.
Whether the network can be generalized and applied to
other solar towers was left open. Nevertheless, Carballo
not only presented one of the first IoT (Internet of Things)
applications for heliostat fields here, he also deployed the
first DL method at a real heliostat field. There are many
more calibration methods, each with their own advantages
and disadvantages in terms of cost, accuracy, speed, and
with or without the possibility of closed-loop procedures
[40]. Just by the variety of approaches it is evident that
a final solution has not yet been found.
But no matter which approach is used, the Stone method
remains the standard model when it comes to accuracy
and reliability. An in-situ improvement of this method
influences the benchmark for all other calibration algo-
rithms.

This is why the Stone method is central to this work.
All algorithms presented below use data provided by it.
As a side effect, this guarantees that the DT environment
itself can function fully automated.
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2.4. Calibration at the Solar Tower Jülich
In the following, the implementation of the Stone Method
at the solar tower in Jülich will be presented. As de-
scribed before, the focal spot of a heliostat in Jülich is
moved to the calibration target and is detected with a
camera pointed at the calibration target. In a preprocess-
ing step, an algorithm takes this image and determines
the centroid of the focal spot. In fact, at the time of this
work, only the centroid is determined for the calculation
at the solar tower in Jülich, not the mass point, which pro-
duces a higher error in the subsequent calculations. All
algorithms presented in this work, which access this data
calculated at the solar tower inherit this large margin of
error. For algorithms that do not make use of this precal-
culation, an upward estimate in accuracy must be made
for comparability. The image is then not used any fur-
ther. The algorithm works completely with tabular data
using the derived centroid, the position of the sun and
heliostat specific parameters to determine the deviation
of the heliostat from the ideal heliostat by fitting an un-
derlying GM. The function template is primarily focused
on constant, rotational displacements, but the gear ratio
is also taken into account.
For regression, the Levenberg-Marquardt (LM) algorithm[77],
a damped least-square (gradient based) algorithm is used
to minimize the function (Other optimizers were tested,
but they did not bring any significant improvement[78]):
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Figure 4: Sketch of a strongly deformed heliostat during the
calibration process, with relevant parameters for
describing an (ideal) heliostat as used in Jülich.
The shown heliostat has some deformation on its
pedestal, which leads to an offset on the target, com-
pared to a heliostat without errors. This makes the
orientation of the heliostat nis different from that of
an ideal ndesignated.
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F = min
α,β,γ,δ,θk,τk,GR1,GR2

N∑
i=1

arccos(~nis,i · ~nmodel,i). (1)

The function template sums over all angular deviations
for every measurement point i.
~nis and ~nmodel are the heliostat surface normals pointing
towards the target, with and without vectorial displace-
ments of the axis suspension points (compare Fig. 4).
The function is minimized by varying α, β, γ, δ, τk, θk,
GR1 and GR2. α, β, γ, δ are four rotational displacement
angles, θk, τk are axis offsets and GR1,GR2 are gear ra-
tios, associated to every heliostat (compare Fig. 5). For
a detailed overview of all regression parameters see table
6 in appendix chapter A.
~nis is the surface normal including suspension point shifts,
which also exist in the real heliostat, and is calculated
with:

~nis =
(

~CA− ~OM

)
/Norm. (2)

~CA is the vector pointing from the tower’s base to the
centroid area of the focal point and ~OM pointing towards
the center of the heliostat’s mirror, which is defined as:

~OM = ~O1

+R01(α, β) ·Rθ(θM/GR1 + θk)

·
(
~V12 +R12 (γ) ·Rτ (τM/GR2 + τk) · ~V2M

)
.

(3)
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Figure 5: Close-up view of the heliostat geometry model with
all error quantities used. τM and θM represent the
measured motor positions.
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~O1 is pointing from the tower’s base, which is the coor-
dinate system’s origin, to the heliostat. ~V12 and ~V2M are
suspension point displacements relative to the first and
second movement axis (compare fig 4 and 5). Both are
measured only once and are constants individual for each
heliostat.
For ~nmodel, both rotation axes are positioned in the sus-
pension point ~O1 = ~OM of the heliostat. It is described
by:

~nmodel = R01(α, β) ·Rθ(
θM
GR1

+ θk)

·R12(γ) ·Rτ (
τM
GR2

+ τk) ·R2M(δ)

·~nba.

(4)

With ~nba describing the base alignment and all R func-
tions being rotation matrices around their own relevant
axes.
θM and τM are the current motor positions of the heliostat.
Because the heliostats in Jülich use stepper motors, the
positions are logged on each measurement as incremental
steps. These increments can be converted to angles and
vice versa with a geometric relation. The LM algorithm
works only using the angle representation, so all measure-
ments have to be converted before and after calculation.
In case of non-linearities this leads to conversion errors.
The equations go back to Khalsa et al.[79] and were adapted
to the heliostat geometry of the solar tower Jülich. The
actual heliostat orientation to hit the calibration target/re-
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ceiver can be calculated iteratively by computing the bi-
sector between ~n and the sun vector.

After measuring a new calibration point, the existing points
are separated into a training and a test data set (in gen-
eral and also in this work regression algorithms also use
a third validation set). As the names of the data sets
suggest, only the training data set is used for the regres-
sion (training). However, since this can lead to a so-called
overfitting, e.g. if too many variables are used, the actual
prediction is checked in separate program sections (the
test) using the test data set. However, no parameters are
updated thereby. (If a validation data set is used, it is
applied to the calculated model after the end of the train-
ing. The validation data set is usually intentionally more
complicated than the training/test data set. For exam-
ple, a prediction that lies further in the future to test the
extrapolation capability of the calculated model). After
calculation, the error parameters are stored, if the predic-
tion accuracy of the test data set is better than any result
before. It should be mentioned that this is the recom-
mended routine for data-driven algorithms. However, it
is not carried out in this way at the solar tower in Jülich.
Nevertheless, in the course of this work, for data collected
at the solar tower, it is pretended that this routine exists,
so that the results are comparable and meaningful. Of
the 24 free parameters described in the previous section,
8 which are mainly responsible for the heliostats in Jülich
were selected. The selection was made by evaluating var-
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ious publications [67][68] and field studies[69]. However,
during the operation of the solar tower, it has become
apparent that the template is partially inadequate. Espe-
cially for heliostats in the rear part of the field the predic-
tions are not close enough to reality. It remains unclear
why the model is inaccurate. This could be due to further
yet unconsidered parameters, non-linear errors, external
influences or due to failures of the centroid of mass deter-
mination preceding the LM algorithm. How accurate this
method can be, will be discussed in detail in Section 5.2
and compared to newly derived models afterwards.

Finally, it should be noted that the Heliostat calibration
has all the characteristics of a digital twin. All in all it is a
rather primitive model, but nevertheless the heliostat field
can be controlled with adequate accuracy without closed
loop control. This already shows the potential behind a
power plant wide digital twin unit.

In the following discussion the error based GM used in
Jülich will be also called baseline model, because all accu-
racies of each tested algorithm for the heliostat calibration
are validated against this model.
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Figure 6: Picture of the solar tower during deflectometry. In
addition, the heliostat is shown during the mea-
surement with different stripe patterns (right edge).
Even without the stripe pattern the deformation of
the heliostat can be estimated from the reflection of
the tower (upper left corner).

2.5. Deflectometry
The flux density on the receiver is composed of all fo-
cal spots of the individual heliostats. In addition to the
alignment error, heliostats are also prone to mirror defor-
mation. These are unwanted convex and concave dents
and bulges. By shifting the focal spots center of mass,
they not only negatively affect the heliostat calibration,
they can also lead to unwanted temperature peaks on the
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receiver. They occur due to incorrect focusing, canting3,
mechanical stress during build up, or aging. In order to
predict the flux density realistically, a digital twin must
also take these errors into account.
However, the defects are difficult to locate due to the re-
flective surface of the heliostat. Deflectometry is the most
commonly used and recommended [80] method for the
purpose of detecting mirror defects.
Thereby a two dimensional cosinusiodal fringe pattern of
the form[81]:

I(x, y) = c+ ALight(x, y) cos(φ(x, y) + Φk) (5)

is generated (compare Fig. 6 on the tower). Where I
is the total intensity, ALight(x, y) is the amplitude of the
light and c is the background intensity, which can vary in
a general case but is taken as constant in the application
at the solar tower. φ is the phase including a phase shift
Φk defined as:

Φk := 2π
k

N
(6)

3For heliostats, a distinction is made between focusing and cant-
ing. In canting, the initially planar mirror surfaces of the facets
are aligned to a focal point so that the individual focal spots
overlap at this point. In focusing, the mirror facet is addition-
ally distorted concavely, which concentrates the individual focal
spots more strongly.
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with k ∈ N ∧ k < N and N being the number of im-
ages taken. Together they form a binary stripe pattern.
Equation 5 can be written as[81],

IR =
ALight

2

(
e−iπ2

k
N e−iφ

)
+ c+

ALight

2

(
eiπ2

k
N eiφ

)
(7)

using the Euler equations. IR is evaluated using each
pixel. As long as N ≥ 3 (due to the three unknown
variables A, φ and c) the equation is theoretically solv-
able. The solution is not relevant for algorithms proposed
in this work. Therefore, a detailed derivation is omitted
at this point. For a deeper understanding of this mea-
surement methodology, the reader is referred to further
literature[81]. The calculated quantities can then be used
to determine the normal vector of the surface using simple
geometric relations. Using deflectometry provides results
with extremely high accuracy, which means up to 100k
and more normal vectors can be recorded on the entire
heliostat surface. In reality however, the measurement
is very unstable with only three images. For this reason
usually multiple images are accessed. In addition, the fre-
quency and direction of the stripes are changed to resolve
ambiguities.
At the solar tower in Jülich the stripe pattern is projected
on the calibration target during night. The reflection of
the pattern is then observed by a camera focusing on an
aligned heliostat (compare Fig. 6)

Despite the knowledge on the mirror surfaces being rele-
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vant for power plant operators, in practice it’s often ne-
glected. Although first publications on deflectometry in
the context of solar power plants date back to 2011 [82],
it was not managed to automate the measurement until
today. It is still slow, associated with high maintenance
effort and thus high costs.
This is due to many reasons. The quality of measurements
is strongly dependent on extrinsic conditions. These in-
clude quantization of the intensity, non-linearity of the
detector, unwanted background variations in c and other
types of optical and electronic noise[83]. In addition to
these problems, which are generally inherent to the method,
there are several others at the solar tower. First, it is very
sensitive to measurement inaccuracies. This includes dis-
tances between the tower and the heliostat (usually de-
flectometry is used at short distances) and macroscopic
misalignment of the spectated objects. Second, external
conditions such as dust, morning dew, both on the cam-
era and the heliostat also affect the measurement. In ad-
dition, the camera (especially for heliostats further back
in the field) must expose for a very long time for a good
brightness value. While the camera shutter is open, e.g.
no wind may blow by which the heliostat might be tilted.
The evaluation of the measured values given by the differ-
ent exposure times is also unstable. Finally the measure-
ments have to be repeated regularly, since the deformation
changes over time.
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In this work, deflectometrically measured surfaces are used
to generate focal spots of individual heliostats using ray
tracing. The thus improved ray tracing process repro-
duces reality with extremely high precision and is used as
a ground truth to evaluate later presented methods (see
also Sections 3.1.2-3.1.4). However, due to the unreliabil-
ity of deflectometry applied at solar towers, this type of
measuring is not commonly used at solar towers and also
not considered as a data source for a digital twin.

2.6. Flux Density Prediction with Ray
Tracing

Ray tracing is the basis for the digital twin environment
presented later and is, also in its current form, one of the
most frequently used algorithms at solar power plants.
In general, ray tracing is a rendering technique to generate
2D images from 3D, well defined scenes. Starting with a
scene which includes all relevant information about the in-
herent objects, such as the geometry, material properties,
atmospheric conditions or camera parameters, the image
is calculated by sending out rays through this defined vol-
ume. The rays are emanated from a well defined light
source. When the rays hit a surface, they can be either
reflected (mirror surface), absorbed (black body), or scat-
tered (white body). This happens until the unabsorbed
rays fall into the camera. It should be noted, that this is
a descriptive explanation of the ray tracing process. To
reduce the computational costs most ray tracers use the
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described procedure recursively.

The mechanism behind this is described by the render-
ing equation[84]. While solving the ray tracing equations
(or the rendering equation) for entire rooms or landscapes
can take hours to weeks, ray tracers such as the program
STRAL [17] are optimized to solve the equation for thou-
sands of heliostats in a few seconds.
The virtual scene is described by mainly three different
components. The sun (distribution and position), the he-
liostats (discrete points defining the mirror’s shape, and
corresponding normal vectors), and the receiver (in simple
cases a flat or rounded surface, but can also include cal-
culations of further downstream processes). The same is
true for the calibration target. In addition other environ-
mental conditions, like atmospheric losses or cloudiness
can be included. Each ray emitted by the sun and re-
flected at the heliostats carries a small percentage of the
emitted energy of the sun. From the number of rays arriv-
ing at the receiver/calibration target, the irradiance can
be calculated.

Even though the scene at the solar tower is much simpler
than in many other ray tracing applications, the demand
lies in the speed of the calculation, which must be done
in real time and faster for entire heliostat fields. In order
to reduce the absolute number of calculations, solar tower
ray tracer like STRAL [17] do not trace back the rays from
the image to the radiation source (or vice versa). Instead
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the rays are generated directly on the heliostats. This as-
sumption presupposes that the heliostat is completely and
evenly illuminated. In this case, each surface element (or
each uniformly distributed point) on the heliostat receives
the same amount of energy. Depending on the normal
vector at this element and the sun position, the outgoing
vector is determined, which is then randomly perturbed
according to the sun distribution and sent towards the
receiver. This description neglects that heliostats can be
shadowed by heliostats in front of them, or be blocked on
the way to the receiver. Whether one of these cases occurs
can be checked by setting up additional bounding boxes/-
triangles, or by additional shadow rays[85]. If shading
or blocking occurs, the contribution of these elements to
the resulting image must be neglected. In the following,
the topic of shading and blocking will not be discussed
further, since it is not relevant for the experiments and
simulations carried out. However, the procedure is also
valid for these cases. Multiple reflections need not to be
considered, as any additional reflection in the solar field
will prevent the receiver from being hit. At last, the rays
arriving on the (continuous) receiver surface are assigned
to the individual pixels (Bitmap). This is done by an
integer operation (mathematically a floor operation).The
procedure for a single heliostat is summarized in detail in
Algorithm 1 and structured as a flowchart shown in 7.

64



Algorithm 1: Ray tracer - main
Function Main(SunPostion, HelPosition, Aimpoint):

initialize parameters ; // Heliostat-, Receiver- and
Sun-Shape

heliostat ←− DefineHeliostat(HelPostion) ; /* Heliostat
is described by equally spaced points, lying
on the ground with HelPosition as its origin.
Each point has a corresponding normal vector
*/

heliostat ←− RotateHeliostat(SunPosition,Aimpoint) ;
/* Heliostat is rotated according to
SunPosition and Aimpoint */

fromSun ←− heliostat.points - SunPosition ;
/* Raydirection from sun to point on heliostat

*/
raydirection ←− ReflectRays(heliostat.normals,fromSun) ;
Place N rays with raydirection * DistributedNoise on every point
of heliostat ; /* Scatters each ray around ray
direction by a random value of a given
distribution like pillbox, gaussian or sun
shape. */

for point on heliostat do
for ray on point do

intersection = CalculateIntersection(point, ray,
Aimpoint, ReceiverNormal); /* calculates
the intersection between a line and a
infinitely extended plane */

if intersection is on ReceiverPlane then
intersection ←− int(intersection); // convert
to integer value

Bitmap[intersection]+=1

total_bitmap += Bitmap ; // sum up all bitmaps
return total_bitmap
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Figure 7: Basic procedure of ray tracing in STRAL
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Figure 8: Comparison between measured and simulated flux
density distributions using the ray tracer STRAL
and a 5◦ circum solar ratio sun shape profile, done
by Belhomme[86].

The simulations can be improved directly by providing the
ray tracer with measurement data. For example, surface
profiles and normal maps can be loaded directly from the
deflectometry data to represent the heliostats (and their
corresponding focal spots) more realistically. The high
overlap of deflectometry enhanced ray tracing and real
focal spot images could be shown by Belhomme et al.[17]
in Fig. 8. In their work they found a similarity of over
97% to real measurements. Moreover, whole (erroneous)
heliostat motion profiles, e.g. from the calibration, can
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also be taken into account.
In contrast, without these measurements the simulation
is rather inaccurate for a reliable flux density prediction
during power plant operations. Thus it serves more as a
guide for power plant operators, than as a realistic pre-
diction (or even heliostat control).
However, providing the required data can be difficult. In
the case of deflectometry the procedure is still not auto-
mated, so it is very laborious to (regulary) measure each
heliostat in the field.
The calibration, in turn, is fully automated, but tends to
have to little information (data points) on the aimed accu-
racy. Furthermore, the data-supply chain from measure-
ment to ray tracer (measurement - image pre-processing
- externally fitting - integration into the ray tracer) is un-
reliable and the errors are propagated further in each of
these steps. The differentiable ray tracing environment
introduced later (see Section 3.1.2) is intended to address
both of these drawbacks, by processing measurement data
directly within one environment. This shortens the supply
chains and increases the information content per measure-
ment, which enables completely new approaches.
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Figure 9: Schematic drawing of the MLP. It can map every
input vector (e.g. functions, images, tabular data)
on any output vector.

2.7. Neural Networks and Multi Layer
Perceptrons

Black box models like neural networks are in direct com-
petition with white box models already in use at solar tow-
ers. These purely data-driven algorithms dispense with
physical traceability, but often achieve significantly higher
accuracies. They are to be used on solar towers when the
data sets have already grown considerably.

Their high accuracies can be explained by their ability to
map any input vector to every output vector[87]. For ex-
ample, this includes images, function values as well as tab-
ular or time dependent data. It is mathematically proven
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that a neural network with more than one hidden layer can
act as a universal function approximator [87]. However,
this mapping function has to be learned from data within
the so called training process. This stores the relation-
ship between input and output within the network. After
this computational expensive (but one-time) training pro-
cess many advantages can be archived. This ranges from
speed advantages of several orders of magnitude compared
to classical algorithms[88], over the use of input param-
eters that are unsuitable for physics-based models. An
illustrative example is that they can use images or videos
directly as an input. Physical information does not have
to be extracted first [89].
Modern NNs received remarkable results in many differ-
ent areas, from classification [41], over regression [42], to
imaging tasks [43]. By using modern deep network struc-
tures and the availability of a sufficiently large data set,
even the most complicated tasks can be performed. The
quality of the NNs output continues to improve as the
amount of data increases, even when classical algorithms
have long since ceased to derive any value from it [90].

Among all Deep Learning network structures, MLPs are
the oldest and simplest. Here, all neurons of one layer are
connected to all neurons of the previous and next layer.
They were first used successfully to identify handwritten
letters[91]. They also work well on tabular data (like the
heliostat calibration provides) and are still widely used
for this today [92]. Overall, however, they are rarely ap-
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plied. They count as hard to train due to vanishing/-
exploding gradients [93]. They often converge to poor
local optimums [94] and nowadays there are a lot of more
advanced, stable alternatives, for example Convolutional
Neural Networks (CNNs).
Nevertheless, these networks have also made astonishing
progress in recent years. With the use of self normaliz-
ing neural networks (SNNs) [95] they became deeper than
ever before, which allows them to perform more compli-
cated tasks. Due to more intelligent pretraining meth-
ods [42] and data preprocessing [55] high precision can
be achieved with just a few hundred measurement points,
which is why these networks have celebrated a comeback
in recent years.
This property also makes them particularly interesting for
use in the solar field. Because many neural network ar-
chitectures are not suitable for use in the heliostat field,
since the uncorrelated individual errors of the heliostats
do not allow superordinate training with data from the en-
tire field. Instead, only data sets of a maximum of a few
hundred measurement points per heliostat can be used.
Two network architectures, which have already shown in
other domains that they can manage with very little data,
will be presented in the following.

2.8. Neural Radiance Fields
To predict the individual focal spots of a heliostat, ray
tracing is not necessarily required. Instead of physically
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Figure 10: Schematic drawing of the ray pathing inside NeRF.
Starting from each pixel a ray is emanated through
the virtual volume and discretized in distance ∆d.
In this way the whole volume is discretized.
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determining the shape of the focal spot, the information
about the convolution function (sun distribution-heliostat-
focal spot) can also be learned via data and stored within
a neural network. One network type that has stood out
on a very limited data set are NeRFs.
NeRFs are very new to the game and are the next big
player when it comes to novel view generation. They be-
long to the upper class of differentiable rendering.
First presented by Mildenhall et al. [55] at the end of
2020, it was possible to reconstruct near photo realistic
360-degree views of any object from just 25 to 100 images
and their camera position. NeRF uses very simple net-
work structures. Two 10-layer deep MLPs form its core.
The first (coarse) network is used to find the structure of
the object, the second (fine) network determines the re-
quired color of the image’s pixel.
The ingenious idea of NeRF is a type of preprocessing. In-
stead of giving the network (only) 100 images (for exam-
ple, Image Numer x Channel x Height x Width = 100 x 3
x 128 x 128 = N) as pixels to the network, the images and
their viewing direction are used for a preceding pathtrac-
ing algorithm. Starting from the camera position, one ray
per pixel (Fig. 10 red and blue line) is shot into a virtual
volume. Within that volume’s boundaries these ray paths
are discretized (M ·∆d). The sum of the points along the
ray must then correspond to the color, predicted by an
approximation of the rendering equation[96]. By looking
from different viewing angles, these voxels are used within
the volume along multiple ray paths and a loss is formed
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from the cross correlations. In this way, the formerly N
pixels become N ·M spatial points, which multiplies the
amount of data by far. Also instead of predicting a whole
image at once, the network only has 4 outputs, namly
RGBA (Red, Green, Blue, Alpha the opacity), which cor-
respond to one voxel of the virtual volume. This reduces
the complexity of the task by far. This together with the
physically motivated regularization makes NeRF an in-
credibly competent tool for image generation.

In its original publication (to which this work refers to),
NeRF required static scenes and lighting conditions as
well as hours to days of computing time. But all these
conditions were softened or completely eliminated within
a few months by an avalanche of subsequent publications.
Very quickly, dynamic lighting conditions became possi-
ble [97]. Dynamic scenes [98][99] followed shortly after. A
little later results were even generated with less than 10
images [100]. Almost one year later NeRF can now render
new scenes in realtime [101][102].

Nevertheless, the data and also the situation at the so-
lar tower are not directly applicable to NeRF. Therefore,
the data produced by the heliostat calibration must still
be adjusted, the process of which is described in Section
3.2.2.
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2.9. Pretrained Neural Networks
NeRF achieves its impressive results mainly through in-
telligent data pre-processing and physical regularizations.
However, networks can also be regularized in a purely
data-driven way. If the nodes of a network are not ran-
domly initialized, but some training has been done before-
hand, it is called pretraining. By preactivating the nodes
needed to solve the task in advance, the local parame-
ter space becomes more complex, which renders it more
difficult to travel significant distances via the backprop-
agation method [103] and therefore restricts (regularizes)
the process. After the pretraining, the actual training
process starts, using the pretrained neuron weights and
biases. In order to preserve the pretraining progress, the
learning rate is, in general, considerably lower.

Pretraining can be distinguished in two different types:
supervised as well as unsupervised pretraining.
In the case of supervised pretraining, the neural network is
pretrained with a source data available in sufficiently large
quality. Afterwards the network is trained with the so
called target data set, which can be considerably smaller.
This is also called the transfer step. The two data sets
can be very similar. For example, simulation data can
be used as the source and the real data as target data
set. However, this is not a necessary criterion. Often, a
similarity in the problem task, e.g. in image recognition/-
classification, is sufficient.
For example, a network can be pretrained with image data
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of airplanes, houses, lions etc. and then be trained to an-
alyze images for cancer cells [104].

In the unsupervised case, no extra data set is necessary
(but can be used). Instead, the network tries to capture
the structure of the source data set’s input distribution.
Particularly noteworthy in the context of this work are the
results of Feng et al.[42]. Their pretraining takes place in
a so-called greedy layer wise process. For this every layer
of the neural network is trained individually inside a shal-
low Stacked Autoencoder (SAE), a symmetrical neural
network where input and output layer are the same (com-
pare Fig. 11). The deep neural network is then initialized
with the trained hidden layers of the autoencoders for the
actual training process. Under the assumption that it is
easier to train several flat networks than one deep net-
work, this approach helps to bring the network close to a
local optimum even before the actual training.
Feng et al. [42] were able to predict highly correlated ma-
terial defects by means of an MLP and this with a data
set consisting of only 500 tabular data points.
This work will look at similar network types and test for
their suitability for heliostat calibration. For this purpose,
beside the unsupervised pretraining by Feng et al. differ-
ent supervised pretraining attempts will also be presented
in Section 4.2.4.
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Figure 11: First unsupervised pretraining step. In this
“greedy layer-wise” pretraining several autoen-
coders are created. The first takes the original
training data as input and output layer and is
trained until no enhancement is recognizable any-
more. After this, for every layer of the original
neural network, a new autoencoder is created and
trained using the hidden layer trained on step ear-
lier as the new input and output layers. After all
autoencoders are fully trained the original neural
network is initialized by the trained hidden layers
of each. After this the real training takes place.
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3. Methods
Based on the algorithms and measurement methods pre-
sented before, the methods that have been developed and
applied in the course of this thesis will now be discussed.
In the following the algorithms which were developed and
examined within this work will be presented. First and
foremost differentiable raytracing is presented. This method
acts at the solar tower as the Digital Twin Environment.
It can create, update and inherit other Digital Twin In-
stances like physical modeled digital heliostats or neural
networks.
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How the DT environment is integrated into the existing
process levels will be shown in this context (Section 3.1).
Then the DT environment itself and the therefore nec-
essary differentiable description of the solar area will be
discussed (Section 3.1.2). In this thesis, the environment
will be used to optimize both the heliostat calibration
and the surface error of heliostats. Also, regularizations
of the heliostat surface are presented, which are useful
for the convergence of the new algorithms (Section 3.1.3).
Furthermore, the theoretical limitations of surface recon-
struction will be derived from geometric relations (Section
3.1.4). Afterwards, the code implementation will be dis-
cussed 3.1.5. At the end of this chapter, the black box
models competing with diff. ray tracing and their adap-
tations to the solar tower are presented (Section 3.2-3.2.2).
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3.1. A Digital Twin Environment for Solar
Tower Power Plants by Use of
Differentiable Raytracing

For the implementation of
Digital Twins in the solar
tower power plant, a new
level of abstraction is in-
troduced, the Digital Twin
or Semi-Closed Loop level.
It aims to close the control
loop by providing high-
accuracy models for lower-
level applications. For ex-
ample, classical ray trac-
ing calculations can now be
updated with data-driven
methods. the subsequent
integration of digital twins
ensures smooth and un-
interrupted operation of
the remaining process lev-
els while training the new
instances. Additionally,
the derived models can be
used autonomously, inde-
pendent of the power plant
process.
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At the digital twin level, the differentiable ray tracer is
trained with new data. Upon completing the training pro-
cess, the trained heliostat digital twin instances or their
parameters are transmitted to other level processes, such
as heliostat control or the forward ray tracing module.
By integrating digital twin models into state-of-the-art
modeling and simulation tools, the Digital Twin level en-
hances the operational efficiency and performance of the
Solar Tower Power Plant.
The ray tracer developed at the Digital Twin level can also
be used for forward ray tracing at the Open-Loop Control
Level. Parallelizing ray calculations and optimizing GPU
usage enable rapid and efficient calculations. However,
heliostat instances can also be transferred to established
ray tracers like STRAL and SolarPilot.
In this work, the DT environment is utilized to derive
heliostat-specific tracking errors, mirror deformations, and
predict the flux density map from images of the fully au-
tomated heliostat calibration. The heliostat calibration is
completely handled by the differentiable ray tracing, elim-
inating the need for the previous location of the process in
the Open-Loop Control Level. Differentiable ray tracing
also allows heliostat-specific surface diagnosis from focal
spots for the first time. The found surface and corrected
motion profile can then be used in the same environment
for flux density prediction, encompassing all heliostat er-
rors.
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3.1.1. Differentiable Raytracing for Solar Tower
Optimization

Differentiable ray tracing allows the classical ray tracing
process to be performed in reverse. This means that the 3-
dimensional scene no longer has to be completely defined,
but conclusions can be drawn about the scene from the
2D image from measurement data. From this, quantities
which would otherwise be very difficult to measure, can
be obtained. For this purpose the ray tracer is integrated
into a neural network training pipeline.

Diff. ray tracing starts like classical (forward) ray tracing
by defining environment para-meters (material, light, ge-
ometry etc.) as well as camera ex- and intrinsics (camera
angle, lenses, etc.). However, the object property to be
examined only needs to be defined approximately. Often
an matching topology is sufficient[29]. Using this coarse
approximation the ray tracer generates different images.
While training, the resulting image is compared with the
ground truth (also called target image4). The compari-
son is done by an objective/loss function e.g. L1 or L2
pixel-wise losses. In fact other optimization algorithms

4The target on the solar tower which is used for calibration and
the target image have two different meanings. The technical
vocabulary of the two research topics solar towers and machine
learning overlaps here. The target in machine learning means
the ground truth to evaluate the prediction. The target at so-
lar towers refers to the white area under the receiver, which is
used for calibration. To avoid confusion, this work explicitly
distinguishes between the cal. target and the target.
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Figure 12: Differentiable ray tracing pipeline. The ray tracer
can generate images from a given scene and also
update the scene according to an evaluation/loss
function.

like Adam and schedulers can be used in diff. ray trac-
ing as well. The information about the deviation is then
returned to the ray tracer, which updates the input pa-
rameters accordingly. This is done by means of backprop-
agation[105][106] as well as automatic differentiation.
The diff. ray tracing pipeline adapted to the solar tower is
shown in Fig. 12. The optimization process at the Solar
Tower Power Plant involves several steps to ensure accu-
rate and efficient operation. Firstly, the scene is initialized
with all available information about the environment, and
the parameters to be optimized are determined, for exam-
ple the receiver position and heliostats’ surfaces and re-
flectivity in the field. Additionally, downstream processes
in the power plant cycle can be optimized, provided that
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they have a differentiable description.
The ray tracer uses the given scene to calculate a tar-
get/receiver image. This image is then compared to a
measurement or simulation image and evaluated using dif-
ferent loss functions, depending on the optimization task
at hand. After the evaluation, the input scene parameters
are updated accordingly.
The diff. ray tracer is employed in this thesis for three
distinct tasks at the Solar Tower Power Plant: The he-
liostat calibration, the heliostat surface diagnosis and the
flux density prediction.

When using diff. ray tracing at solar towers, two aspects
in particular must be taken into account. In order to use
the backwards direction, it must be ensured that the scene
under investigation is differentiable. How the differentia-
bility in the solar field is guaranteed will be explained in
the following Section 3.1.2.
However, the biggest difference between the application at
the solar power plant and the common literature is prob-
ably that the objects under investigation are not directly
spectated, but only their blurred reflections. Thus, for
some optimizations the problem is strongly underdeter-
mined. This is the case e.g. for the reconstruction of the
heliostat surface from calibration images. The difficulty
of the reconstruction is comparable with a passive non
line of sight problem [107] rather than with a classic diff.
ray tracing task. To counteract the underdetermination
regularizations are needed, which will be discussed after-
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wards (3.1.3). The quality of these regularizations can be
measured by how far beyond the boundary to underde-
terminacy a reconstruction of the surface is still possible.
Where this boundary is will be discussed in Section 3.1.4.
Finally, the implementation of the previously described
theory on a code basis is presented in Section 3.1.5.
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Figure 13: Representation of the used coordinate systems.
The coordinate origin shown is for the differen-
tiable ray tracer in the current implementation at
the base of the tower. However, the formulation is
independent of it.

3.1.2. Differentiable Description of Ray Tracing at
Solar Towers

The flux density map at the receiver (irradiance) is com-
posed of the superposition of the individual focal spots.
The area of the receiver (or the calibration target) thus
corresponds to our projection area in ray tracing. To ob-
tain the flux density via ray tracing, we formulate the
problem starting from the radiance. The radiance, a quan-
tity that describes the radiation field in terms of power per
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area and solid angle is given by L, which depends on the
position ~x the direction ~t. For non-absorbing media it is
constant along lines.

L
(
~x,~t

)
= L

(
~x+ λ~t,~t

)
∀λ

The choice of light source is arbitrary within the ray trac-
ing environment. A solar distribution function (e.g. Pill-
box, Gauss, Circum Solar Ratio) is just as possible as the
strip modulated projector of the deflectometry. Within
this work a Gaussian solar distribution function is as-
sumed.
The radiance is measured in Watt per area and solid angle
(W/m2sr). The approximate size of the solar disc is 0.5◦5
or 0.01 rad. In the following, the global illumination of the
receiver will be neglected and only the radiance reflected
from a heliostat will be considered. In order to obtain
the irradiance at position x it is required to integrate over
the solid angle. This includes the cos factor that is well
known from e.g. the render equation[84, 96]. The irradi-
ance Ex is considered at a position ~x on the calibration
target or the receiver. In the following only the calibra-
tion target will be mentioned. However the derivation is
true for both.

E (~x) =

∫
Ω

Lr

(
~x, ~t′

)
~nT · ~t′ dΩ. (8)

with ~nT the normal vector of the cal. target and t′ the

5It varies over the year between 0.527◦–0.545◦.
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distance between ~x and an arbitrary point ~x′ in space,
defined as

~t′ = ~x− ~x′ (9)

Ignoring the direct sun illumination the integral in 8 only
provides a contribution over the relative heliostat area,
showing towards the cal. target. Thus, the integral can
be transformed into an integral over the reflecting body

E(x) =

∫
A′

1

|~t′|2
Lr(~x, ~t′) ~nT · ~t′ dA′ (10)

Assuming an ideal reflection, the reflected radiance Lr can
be constructed as follows

Lr(~x, ~t′) = ρ(~t)Le(~x,~t) (11)

In a first approximation it can be applied that the radi-
ance coming from the sun is identical on every point on
the power plant’s area, so that applies:

Lr(~x, ~t′) = ρ(~t)Le(~t) (12)

For this the reflection conditions must be met, otherwise
the contribution is 0. Furthermore applies:

~t = M · ~t′ (13)
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with

M(n) = 1− 2~nT~n =

1− 2n2
1 −2n1n2 −2n1n3

−2n1n2 1− 2n2
2 −2n2n3

−2n1n3 −2n2n3 1− 2n2
3


(14)

with ~n the normal vector of the heliostat. Inserting 12
into 10 yields

E(x) =

∫
A′

1

|~t′|2
ρ(~t)Le(~t) ~nT · ~t′ dA′ (15)

and with 13

E(x) =

∫
A

1

|~t′|2
ρ(M~t′)Le(M~t′) ~nT · ~t′ dA (16)

The point ~x on the target is therefore composed of all
reflections of the surface of the mirror which fulfill the
reflection conditions. This integral can now be solved
numerically, leading to a ray tracing formulation of the
problem. Except for a constant prefactor this leads to:

E (~x) =
∑
pos l

1

|~tl|
2ρ(Ml

~tl)Le

(
Ml

~tl
)
~nT · ~tl (17)

Until now, the mirror was assumed to be ideal. All normal
vectors used were therefore parallel. In reality, of course,
this is not the case. Instead, the rotation matrix M is
re-evaluated at each point l of the heliostat. To solve
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an area integral by Montecarlo integration, it needs two
sums. Both sums are contained in the sum over l and the
positions are passed through as one list.
Typically, the irradiance on a single point ~x is considered
to be on a square lattice ~xij = ~x0 + iλ~e1 + jλ~e2, where
λ is the lattice constant - or resolution of the generated
images and the vectors ~e1 and ~e2 span the directions. This
can be expressed by an additional discretization factor, or
weights w. resulting in:

E (~xij) =
∑
rays k

∑
pos l

ωijk
1

|~tl|2
ρ(Ml

~tl)Le

(
Ml

~tl
)
~nT · ~tl (18)

With this the problem is fully described. For the equation
to be fully differentiable, this must be true for all function
terms.
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Figure 14: Schematic drawing of the ray tracing process in-
cluding the binning function. The calculation
starts at a heliostat lattice point. There, the in-
coming ray is reflected and traced to the target.
Then the incoming ray’s intensity is linearly dis-
tributed to the next nearest lattice points. It also
shows how the different coordinate systems (tower
→ heliostat → facet point) are linked together. A
rotation of the heliostat automatically influences
all downstream coordinate systems.
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For w that is usually not the case. Instead it is defined as
follows

1 = ωtotal =
∑
rays k

∑
0<n<N

1−
(

~xk − ~xn∑
( ~xk − ~xn)

)
(19)

where N is the number of considered nearest neighbors
and xn is the nearest neigbor position of the defined lat-
tice. To get the contribution at the point i, j, we evaluate
the function at exactly this point

ωij =
∑
rays k

∑
0<n<N

(
1−

(
~xk − ~xn∑
( ~xk − ~xn)

))
δ(xn − xij) (20)

The binning procedure is schematically drawn in Fig. 14.
The idea behind this comes from the solution of the Lat-
tice Boltzman equations [108], where the collision direc-
tions of the particles are discretized in a similar way.

The parameter which has been neglected in the discussion
so far is M . The rotation matrix M is itself part of the
group SO(n) and thus continuously differentiable, but it
is implicitly dependent on the normal vector ~n. The re-
sult E(xij) is therefore highly sensitive to changes of this
vector. ~n itself depends on the heliostat orientation (also
an operation of the SO(n) group) and the position on the
surface. In principle, the orientation of the normal vec-
tors of each surface element can also be described as a
rotation.
It is important to note that the regime is highly under-
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determined. Obtaining a relistic deformed mirror by op-
timizing every surface is very unrealistic, due to the asso-
ciated high number of optimizable parameters.
To address this issue, regularization techniques are neces-
sary to effectively describe the surface and prevent over-
fitting by constraining the optimization process and re-
ducing the complexity of the model.

3.1.3. Non Uniform Rational B-Splines for Heliostat
Description

In order to regularize the surface of the heliostat, it is
physical properties are taken into account. A heliostat
consists of X ∈ N0 facets. Each of these facets is a
continuous surface with defects described by dents and
bulges. Rotational fields or branching on the surface do
not occur. Taking advantage of these properties, the he-
liostat can be described by a continuous surface function
for each facet. Arbitrary non-branching continuous sur-
faces can be represented by so-called Non Uniform Ratio-
nal B Splines (NURBS). A NURBS surface is composed
of different B-spline functions and their weighted con-
trol points. Each point of the NURBS surface is thereby
uniquely defined by a set of points P (control points),W
(weights) U,V (surface vectors), with which applies[109]:

S = f(P,W,U,V) (21)
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Evaluated at a (arbitrary) point the surface (also compare
Fig. 13) is defined as follows

S(u, v) =
∑n

i=0

∑m
j=0 N

p
i (u)N

q
j (v)ωijPij∑n

i=0

∑m
j=0N

p
i (u)N

q
j (v)ωij

(22)

with

Np
i (u) =

u− ui

ui+p − ui

Np−1
i (u) +

ui+p+1 − u

ui+p+1 − ui+1

Np−1
i+1 (u)

N0
i (u) =

{
1 if ui ≤ u ≤ ui+1

0 otherwise.

(23)

Here Ni, Nj represent the B-spline basis functions in the
representation of Curry and Schoenberg[110]. The degree
of the polynomial is freely selectable and is a strong reg-
ularization. The NURBS degree determines how many
nodes are affected by a node’s changes. The smaller the
degree the more local the modification can be. For the
mirror facet, a higher degree therefore also means higher
stiffness.

The points u and v can query the function S at any (con-
tinuous) position. If the discretized heliostat is described
by such a continuous function it can be represented ex-
actly at the discrete positions l from formula 3.1.2 (com-
pare Fig. 13), so that applies:

S(u, v) = S(x′l) (24)
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At the discretized heliostat grid points i, j applies:

~ni,j = ~n(S(x′l)) (25)

Thus, each point and normal vector on the surface of the
heliostat is uniquely defined by the NURBS function. So
we can derive equation 18 directly according to the surface
changes on the heliostat by means of automatic differen-
tiation. Within the ray tracing environment the initial
NURBS surface is chosen so, that N control points are
evenly distributed over the heliostat’s surface. Schemat-
ically this is visualized in Fig. 15 by the red dots. How
close the control points are, can be freely selected and
even adjusted depending on the training progress. If all
weights are set to 0, the two surfaces are identical as long
as enough control points are chosen to describe the sur-
face completely. For the ray tracing process, any number
of points M are sampled along the surface (blue points),
where N � M . The position of these M points can
be identical with e.g. those of the measured deflectom-
etry surface data. At these points, rays are reflected and
transmitted to the receiver/cal. target. The resulting fo-
cal spot can be compared with a measured focal spot and
the heliostat surface adjusted accordingly.
The further the heliostat is away from the tower the more
rays overlap. So the surface can not be reconstructed un-
ambiguously. How far such a reconstruction is possible
depends on the regularization and the distance.
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Figure 15: Schematic drawing of a heliostat NURBS surface.
The controlpoints P (red dots) are shifted by their
weights W(green section on red line) away from
the ideal surface (grey). The deformation effects
all neighboring discrete points and normal vectors
(blue). One discrete point is moved by ∆z which
is influencing the ray direction by ∆ω. The infor-
mation about the infinitesimal change ∆ω can be
traced back via auto differentiation to the change
of the NURBS control point.
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3.1.4. Resolution of Flux Density Based Surface
Diagnosis

The resolving power is defined as the smallest distance
between two points on the surface of a heliostat which
can still uniquely be distinguished from each other at a
distance of d from the projection surface. In the case
of parallel incident rays and parallel normal vectors this
would always be given. However, due to the widening
of the rays caused by the aperture angle of the sun and
the non-parallel normal vectors of the heliostat, the rays
increasingly diverge and overlap. The stronger this super-
position is, the more difficult the reconstruction becomes.
The ambiguity of the problem increases from the point
where the diverging rays cross.

In Fig. 16 different distances (B − E) to point A are
plotted. Starting from these points the rays widen (in
relation to the sun by 0.5 degree). For the smallest dis-
tances AB1 and AB2 the rays coming from B1/B2 and A
overlap at S1 and S2 for the first time. From S3, which
is exactly at two times the distance of S1/S2 in the ver-
tical direction of propagation, the overlap grows steadily
(marked in black).
It can be assumed that the resolving power decreases con-
tinuously from S3. The point of overlap can be shifted
according to different light source apertures as well as in-
cident angles and the surface normals (see Fig. 17). In
order to determine the intersection point S3, S1 is deter-
mined first. This results, as shown in figure 17, from a
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Figure 16: The mirror surface (E1-E2) divided into smaller
distances. (A-E). The given (constant) aperture
angle of the sun causes a beam expansion, which
overlaps more and more starting from S1. The su-
perposition between d1 and d2 grows overpropor-
tionally.

98



simple triangular consideration of the problem. Let the
elevation of the sun be given as:

Ele = 90− θe (26)

The incident ray (emitted from the sun) te is reflected at
the surface normal ni.
The angle θa1 − θe thus results from

θea = θa1 − θe = arccos
(
~te · ~n1

|~te ~n1|

)
(27)

Seen from the perpendicular, the angle between n1 and tr
can be written as

θout = θa1 + θea (28)

te is outgoing from the center of the sun. Due to the real
expansion of the sun, the ray is expanded by 0.5 degrees
(2θS) and results in the 2 rays texp emanating per point.
Thus, the inner side of the triangle b is described by the
exterior angle:

θb = θout + θS (29)

The heliostat and the surface sections considered (in the
range of centimeters) are much larger than the surface
defects (millimeters and smaller). With the assumption
that d >> a, it follows that d′ = d.
Thus the interior angle of the triangle γ can be expressed
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Figure 17: Trigonometric observation to determine the height
h. The heliostat (gray) is strongly curved, however,
only the features at distance d′ are considered.
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by

γ = 90◦ − (θa1 + θea + θS + θR1) (30)

Where θRi
represents the microscopic roughness of the

mirror and is only determined statistically. The same fol-
lows for β:

β = 180− (90◦ − (θa1 + θea − θS) + θR2) (31)

Where the sun angle is subtracted in this case to consider
the smallest possible triangle. δ now follows from the sum
of angles in the triangle. Since all angles and d′ are known
it follows from the sine theorem

d′

sin(δ)
=

b

sin(β)
(32)

b = d
sin(β)

sin(δ)
(33)

and from Pythagoras

sin(γ) = h/b (34)

and thus finally

S3 = 2h = 2 · d sin(β) · sin(γ)
sin(180− (β + γ))

(35)

From this, first estimates for the procedure can be derived.
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When considering an ideal, flat mirror lying in the xy-
plane, the following applies

β = Ele− θS (36)
γ = Ele+ θS (37)

In reality, however, the heliostat is always aligned so that
it reflects the sun’s rays onto the tower. In general, the
mirror must be aligned in such a way that the normal of
the mirror surface is in the bisector between the target
point and the sun. Assuming that the target point is also
in the xy-plane, it can be assumed that the heliostat is
in the angle Ele/2. In figure 18 an estimation for S3 (in
meters) was made with these assumptions. The angle of
solar incidence relative to the heliostat surface is consid-
ered. The more perpendicular the sun is to the heliostat,
the later the rays overlap for the first time. The larger
the distance of the considered error, the more the S3 focal
point shifts depending on the angle. For example, consid-
ering an error of about 1m, the position of the sun can
change the focus by up to 80m. In other words, the more
perpendicular the sun angle is to the tower, the better the
resolution of the procedure.
The graph shows error sizes up to two meters. In Jülich,
this would mean that a bump or dent spans the entire he-
liostat. Defects that are less than 20cm apart are hardly
resolvable according to the figure. In order to understand
these sizes correctly, it must be pointed out again that
these numbers represent a limit exclusively for an unreg-
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Figure 18: Estimation of the resolving power for different in-
cident angles and mirror defect sizes assuming an
ideal flat mirror. Regularizations can enlarge the
distance.
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ularized system. Where this limit actually lies depends
on the selected regularization. Significantly higher limits
can be achieved with a proper regularization.
The error quantities θa, θR, which are not considered here,
depend on the surface and can shift the point S3 forward
(beam widening) or backward (beam focusing). However,
both quantities are usually one dimension smaller than
the sun aperture angle and shall therefore not be esti-
mated here.

Another situation applies if the mirror surfaces are addi-
tionally deformed (focused) or the individual facets are ar-
ranged at an angle to each other (canting). In these cases
S3 can actually wander arbitrarily. In a heliostat field the
focus point is usually set to a range that all rays are fo-
cused at one point on the receiver. In this case the prob-
lem is not only highly underdetermined but also freely
permutable between the facets. It is therefore not possible
to locate an error to a specific facet. As has already been
shown, the angle of the sun also influences the overlapping
of the rays. Thus the focal point can be shifted artificially
by observations at different times (sun positions). Shift-
ing the focal point also changes the overlap of the facets,
which slightly reduces the free permutability. How much
information the additional images bring will be discussed
in Section 5.5. If a power plant operator is concerned
about the physically correct reconstruction of the helio-
stat surface, a calibration target should be chosen which
is not directly in the focal plane of the heliostat. Other
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solutions would be the use of other light sources with a
higher local resolution, for example, as in the stripe pat-
tern deflectometry. In contrast to the latter, ray tracing
only relies on a single image, which has some advantages.
This possibility will be discussed in more detail in the
outlook Section 6.3.

3.1.5. Code Implementation

Ray tracing techniques that are used in solar tower power
plants are optimized to fit the specific (reduced) com-
plexity of solar towers, and are designed to perform ef-
ficiently and faster then real time. In contrast, more gen-
eral currently available differentiable ray tracers (e.g. Li
et al.[27]) are predominantly designed to represent mostly
static scenes with high complexity hampering their calcu-
lation speed. The implementation of differentiable ray
tracing in solar tower power plants requires reconciling
these opposing approaches.

On the one hand, in order to maintain performance for
the forward direction, it is necessary to preserve the fea-
tures of a solar tower power plant oriented ray tracer.
On the other hand, to enable the backward direction, it
is required that the entire scene, including the heliostat
kinematics, is fully differentiable and that gradients are
provided for each calculation.
The optimization process itself is computationally inten-
sive, and the ray tracing code must be designed to com-
pute the rays in parallel to enable fast computation of
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Algorithm 2: Differential Ray Tracer for Sur-
face/Position/Material Properties

Function OptimizeObject(Epochs, Images, LightPostions,
LightDistribution NumRays, CameraP lane):

ReflectingObject ←− Load ideal shaped, discretized object;
if Fit Surface then

ReflectingObject ←− FitNurbsSurface(ReflectingObjeckt)
end
Bitmap ←− Create array with same height, width, resolution as
CameraP lane;

Optimizer ←− ChooseOptimizer ; // like Adam, Adamax
etc.

Scheduler ←− ChooseScheduler ; // like Exponential,
Cyclic etc.

for Epochs do
for (Image, LightPosition) in (Images, LightPositions)

parallel do
for (NormalVector, DiscretePoint) on ReflectingObject

parallel do
Rays ←− GenerateRays(NumRays,
LightPostion, DiscretePoint, NormalV ector,
LightDistribustion);

for RayDirection in Rays parallel do
Intersection =
CalculateIntersection(DiscretePoint,
RayDirection, CameraP lane);

if intersection is on CameraPlane then
Bitmap ← UpdateBitmap(intersection)

end
end

end
Loss ←− Criterion(Image, Bitmap) ; // Can also
be calculated batch-wise

Gradient ←− Differentiate(Loss);
ReflectingObject ←−
UpdateObjectParameters(ReflectingObject,
Scheduler, Optimizer, Gradient)

end
end
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Algorithm 3: Diff. Ray Tracer - Intensity Bin-
ning
Sample Bitmap Binning(~xintensity):

for x,y in ~xintensity parallel do
indexlow ←− bxc, byc ; // floor operation
for indexing
indexhigh ←− indexlow + 1 ; // get upper
index
distance←− calculate
distances(xintensity, xhigh, xlow) ;
/* calculate distance between continuous
and index. For example
xintensitylow

←− xindexhigh
− x */

binnedintensity ←− distancex ·x, distancey ·y;
end
bitmap←− (indices, binnedintensity) ; // place
binned intensities in bitmap
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individual heliostats. Furthermore, processing millions of
rays and multiple images requires powerful graphics cards,
and thus the ray tracer should be designed to take advan-
tage of modern hardware. A (differentiable) ray tracer
that meets all these requirements did not exist at the time
of this work. Moreover, the retrofitting of existing (dif-
ferentiable) ray tracers proved to be ineffective, which is
why a new code basis was created for this work.

The entire code has been implemented in Pytorch from
scratch and will be made available open source under
https://github.com/DLR-SF/holisticDIRC. By using
Pytorch, the ray tracer is natively GPU compatible, capa-
ble of computing gradients and making use of highly opti-
mized algebra. No other packages or libraries are needed.
Nevertheless the diff. ray tracer is supported by differ-
ent plotting tools (Tensorboard and Matplotlib) and uses
yaml configs files (Yacs) for a better reproducibility of the
various simulations. Even though the whole ray tracing
environment was developed from scratch, some numerical
calculations e.g. of the flux density via Monte Carlo sam-
pling and the alignment function of the heliostats were
inspired by STRAL.

The newly implemented main routine to update the ob-
ject parameters in dependence of the calculated gradients
is shown in Algorithm 2. The basic procedure is strongly
oriented to neural network pipelines. In Section 4.1.3 the
routine will be shown in a float chart (Fig. 26).
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When it comes to the calculation of the resulting image,
the binning, meaning the assignment of the rays to a re-
spective pixel, must also be considered. The basic proce-
dure is shown in Algorithm 3. In the current implementa-
tion, the nearest 4 neighbors were chosen for this. This is
a compromise between the speed of the binning function
and the smoothing of the images. The number of neigh-
bors can be increased. How this affects the image or the
required number of rays was not tested.

The NURBS were also implemented completely from scratch
by focusing on reusing available machine learning frame
work functions (also PyTorch) in order to avoid reimple-
mentation on a lower level. This has the advantage of not
having to compile the NURBS code, while profiting of the
highly optimized differentiable linear algebra routines.

The NURBS were designed in such a way that they can
also be initialized with surfaces that are not (simply) an-
alytically describable. The weights and control points of
the NURBS are then set so that the 0 position corresponds
to the loaded surface. The most important NURBS pa-
rameters, e.g. control points number, NURBS order can
be chosen freely. To further reduce the degrees of free-
dom, the movement axis of the NURBS can be restricted
to one direction (for example along the z axis, as shown
in Fig. 15). During training, the number of control points
can also be increased dynamically (linearly and quadrat-
ically). Heliostat surfaces that have already been pre-
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trained can also be reloaded and further trained with any
number of control points. In both cases, the algorithm
benefits from better starting conditions. Thus, a higher
surface resolution can be achieved during training.

In general, the differentiable ray tracer was designed to
be used for general purposes at solar towers. A great
effort was made to generate a complete heliostat repre-
sentation. Each heliostat model contains all surface data
(ideal and real/artificial errors), its own motion profile
and aim points. Different heliostat shapes can be created
functionally and easily. The heliostats are faceted (with
any number of facets) which can be individually aligned
or automatically focused. All these sizes are natively op-
timizable.
All objects are defined within differentiable coordinate
systems, which are implemented similarly to a Robotic
Operating System (ROS)[111] (using Pytorch3d) for trace-
ability. This means that all other objects can be opti-
mized as well. Parameters to be optimized can easily be
selected and deselected. Objects can be defined inside the
environment or be loaded as CAD models into the ray
tracer. Environmental data can be adjusted in global co-
ordinates (latitude-longitude) to the respective location of
the power plant and realistic sun positions can be calcu-
lated at any time or day of the year.

Although this work discusses the Digital Twin of the helio-
stat model as the only aggregate of the DT environment,
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it is by no means limited to it. Assuming a problem de-
scription which is almost everywhere differentiable, any
downstream processes, such as receiver or thermal storage
simulations, can be directly integrated into the environ-
ment. If the problem description can not be differentiable,
these processes can still be integrated indirectly through
their own terms in the objective functions.

3.1.6. Comparision to State of the Art

Particularly within the domain of solar tower power plants,
numerous ray tracers exist, each serving its specific niche.
Examples include Soltrace[18]Raytrace3D[22], Tonatiuh[112]
and others[113, 114]. The differentiable ray tracer shares
the closest resemblance to STRAL[86], which was also de-
veloped in the author’s research group.
The basic functions of STRAL have been taken and ex-
tended by a differentiable formulation, which were in-
spired by the differentiable ray tracer REDNER[27]. By
adopting the fundamental functions from STRAL, a ray
tracer specialized for tower power plants, the differentiable
ray tracer can compute results more rapidly than a gen-
eral scene ray tracer would allow.

In the context of a solar towers, employing gradient-based
optimization inside a ray tracing environment is a novel
approach. However, when considering the forward direc-
tion, the speed and quality of predictions can be likened
to those achieved by existing ray tracers. However, a com-
prehensive analysis falls outside the scope of this thesis.
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In the following section, the results of the forward direc-
tion of the differentiable ray tracer are compared to those
of STRAL. On the one hand, the differentiable ray tracer
should produce the same images as STRAL under the
same conditions. On the other, this should be archived in
a comparable time. This can be treated as a sanity check.
For a in depth comparison to other ray tracers then ex-
isting literature can be used with STRAL as a reference
point[113, 114].

In all ray tracing environments within solar tower applica-
tions, the process involves reflecting light at the heliostats
and determining the position on the receiver or camera
plane. Subsequently, the ray is mapped to a specific pixel
in the resulting image on the receiver using a binning func-
tion. The primary contrast in the forward direction be-
tween the differentiable ray tracer and STRAL (as well
as other ray tracers designed for solar power plants) lies
in this particular function. Its significance becomes even
more pronounced when considering the ray tracer’s speed,
given that this function is the most frequently invoked
one. In STRAL, binning works via an integer operation
(cf. Alg. 1), which is mathematically identical to the floor
function.

E (~xij) = bE(~x)c (38)

In principle, this is a differentiable function, but its deriva-
tive always evaluates to zero, thereby rendering its gradi-
ents unusable. The binning introduced in Section 3.1.2
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brings another advantage besides differentiability. The
assignment of the rays to the bitmap (for creating the im-
age) is one of the most frequently called functions within
the ray tracers. Although the binning in STRAL is less
computationally expensive than the new binning function,
the linear distribution of the incoming rays has an ex-
citing side effect. The new binning works as (simple)
anti-aliasing in computer graphics [115]. Thus, the im-
age is rendered with a smaller granulation effect using
fewer rays. This effect is shown by the single heliostat
flux density images in Fig. 19. For better comparability,
both images are generated using the diff. ray tracer but
with different binning. Fig. 19b converges to Fig. 19a by
adding more rays (approx. 3-5 times, but this was not in-
vestigated further quantitatively). On the one hand, this
speeds up the calculation and thus more than compen-
sates the more computationally expensive binning. On
the other hand, the gradient based methods benefit from
the gained smoothness.

Furthermore, the new environment receives a small addi-
tional speed benefit from parallelizing the rays (compare
Alg. 2) instead of the heliostats (as in STRAL). Thus the
diff. ray tracer has an advantage e.g. considering single
or few heliostats. However, the advantage decreases when
considering larger fields, but never becomes a disadvan-
tage.
Due to the different parallelization, it is very difficult (and
outside the scope of this work) to make a fair speed com-
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(a) New differentiable binning

(b) Old binning using the floor function as used in
STRAL

Figure 19: Relative flux density maps of a single ideal heliostat
with canting calculated inside the diff. ray tracer
using different binning functions.
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Table 1: Speed Comparison of Diff. Ray Tracing and STRAL
Generated rays Runtime

STRAL [ms]
Runtime diff.
tay tracing [ms]

4,096,000 652 41
40,096,000 6,342 449

parison. Nevertheless, a first estimation shall be made.
For the comparison, care was taken to create conditions
that are as similar as possible in the different programs,
but this is not completely possible. The parameters used
can be found in the appendix Chapter C. The version
of STRAL 2.0. used for this test is not runnable on a
graphics card, so the test was done on a desktop CPU
(Intel i7 4790K). Only 1 heliostat was simulated 100 times
from which the mean was calculated. The results can be
found in table 1. The times per generated ray are signif-
icantly larger than those given by Bellhomme[86], which
can probably be attributed to the ineffective paralleliza-
tion in STRAL using only one heliostat. Nevertheless,
more than 10 times better run times could be achieved.
But as mentioned earlier, the runtime should converge
with larger fields. Although, certain speed advantages
can still be expected due to the highly optimized alge-
bra in Pytorch and the reduced number of rays required
throughout the new binning function.

Optimized NURBS by means of autodifferentiation are
not known to the author from the literature. Neverthe-
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less, they have already been used with a differentiable
representation. For example by Prasad et al.[109]. They
could even explicitly derive the analytic derivatives of the
NURBS functions, allowing e.g. a direct integration of
the NURBS as an NN layer. However, since the code
was not yet published at the time of this work, a custom
implementation of diff. NURBS was developed. Since
NURBS are exclusively composed of fully differentiable
polynomials, they are thus themselves differentiable and
therefore an explicit representation of the differentials as
shown by Prasad et al can be omitted, by means of auto-
matic differentiation. It is possible that forming the ex-
plicit derivatives has a speed or memory advantage over
the implementation with auto-differentiation. However,
no information for a comparison could be taken from the
publication.

A special comparison should be made between the Stone
method[38], the standard calibration by means of a geom-
etry model and diff. ray tracing applied on this task. The
evaluation of the quality of a prediction is done within
the ray tracer via the loss function, usually the pixel-
wise Mean Absolute Error also called L1 (MAE) or Mean
Squared Error also called L2 (MSE) is calculated here
(which loss term is used depends on the task and will be
discussed in Section 4.1.3). However, other loss terms mo-
tivated by the physics of the problem can (and will) be
used as well. Thus, the angle between nis and nmodel as
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in equation 1, for recap

F = min
α,β,γ,δ,θk,τk,GR1,GR2

N∑
i=1

arccos(~nis,i · ~nmodel,i)

can also be used as a loss function. Assuming that the ge-
ometry model within the ray tracing environment and the
classic approach are identical, the same dependencies exist
for nis and nmodel. Now the special case will be considered
that not a single light ray is generated during ray tracing.
Furthermore, the previously mentioned loss term will be
the only evaluation function. In this case the optimization
of the alignment is done via the current orientation of the
heliostat and its difference to the measured normal vector
determined from the focal spot. Within this example the
only difference between the standard calibration and the
diff. ray tracer is the calculation of the gradients and the
update routine. Using backpropagation only the Jacobian
matrix is calculated, while the LM algorithm also forms
the Hessian matrix. The backpropagation can be mod-
ified accordingly[116][117][118]. adapting this, the two
algorithms would be identical, except for the calculating
methods of the derivatives. While the diff. ray tracer uses
automatic differentiation, the standard method uses nu-
merical derivatives. considering infinitely small step sizes,
the truncation error of the numerical variant disappears
and both algorithms are identical.

From this absolute minimal example becomes evident what
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information gain the calibration can draw from the use of
the diff. ray tracer.
Different loss terms can work together here or even re-
place each other in the course of training. For example,
the loss from equation 1 can be a preliminary alignment
in the first training iterations (epochs), which is then re-
placed gradually by the L1 or L2 loss. This way the error
in the centroid determination can be eliminated and in-
formation about edges, corners, and rotations of the focal
spot can be included in the calculation. Additionally, if
the heliostat’s facets are mounted with a rotational distor-
tion around the heliostat normal, the image loss can also
detect this. This would be impossible using only the dis-
tance as the evaluation function, as will be demonstrated
in Section 5.2.

There are some other possibilities for ray tracing and other
algorithms used at the solar tower in gernal to be made
more efficient, which have been noticed during the analy-
sis of the existing methods but could not be investigated
any further due to the scope of this work. An overview is
given in the appendix Chapter B.
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3.2. Neural Network Instances for Solar
Tower Powerplants

Differentiable ray tracing
is a white-box model that
provides results directly
from the initial measure-
ment. However, the so-
lution space can be con-
strained by physical mod-
els, leading to potentially
inaccurate results. In
contrast, neural networks
can handle more com-
plex and unconstrained re-
lationships between input
and output, albeit requir-
ing a larger amount of
training data. In the fol-
lowing, two neural net-
works are introduced. The
first architecture is based
on a MLP represented by
a red square, which has the
capability to take over the
entire control function of
the heliostats once it suc-
cessfully converges. It uses
the same tabular data as
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the classic gradient-based optimization method. The
second architecture is called NeRF, represented by a
black circle, which enables the determination of heliostat-
specific focal spots without using ray tracing.
It should be noted that the training data used for the neu-
ral networks is limited to a few hundred data points per
heliostat in order to ensure applicability at solar towers.
This limited data set poses a significant challenge, and
various techniques are required to enable neural networks
to work effectively with such a small amount of data.

3.2.1. Pretrained Multi Layer Perceptrons for
Heliostat Calibration

Neural networks for heliostat calibration bring several ad-
vantages compared to the already discussed white box
models. A network that can work with the (little) ex-
isting data sets makes it possible to completely dispense
with pre-modeling of the geometry model. Due to the
non-linearity of these algorithms, more complex errors,
which would be very complicated to describe analytically,
can also be mapped. After retraining with sufficient data,
such an already working network structure should directly
be able to be used at other power plants and thus speeds
up an overarching development. However, this also means
that it is no longer possible to exclude individual param-
eters from the analysis, for example through field studies,
and thus reduce the amount of data required.
Therefore, a network is needed that gets by with as little
data as possible. In addition, the calibration images can-
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not be used directly as input for the network, since they
are no longer available after the training process. Many
more complex network structures and standard AI meth-
ods, such as CNNs, are therefore not an option. This
means, the network must be able to work with the same
tabular data as the classical heliostat calibration. A data
type with which neural networks could achieve only few
successes until today.
The only really successful example known to the author
from the literature using tabular data on really small
data sets is by Feng et al.[42]. Using transfer learning
[119],[120] and SAE pretraining, Feng et al. were able to
analyze highly correlated material components with fewer
than 500 data points. There are mainly two ideas behind
this: First, the data set is really small, so too many neu-
rons will most likley overfit the problem. Second, instead
of assigning random values to each node at the beginning
of the training, the network is initialized with the node
values calculated in the pretraining, which are already
close to the global optimum. This is the starting point of
this work.

Based on the network structure designed by Feng et
al. the networks for heliostat calibration were also kept
as small as possible. During this work various networks
up to a maximum of 50 nodes were tested. The network
structure with the best results presented later is shown in
figure 20. All networks used the sun and the focal spot
position as their input, and either the azimuth or eleva-
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Figure 20: Schematic drawing of the MLP used in this work
for heliostat calibration. The network determines
the motor position of either the first or second
movement axis of the heliostat from the given sun
position and the measured focal spot offset on the
calibration target.
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tion motor position as the output. Because the network
is always trained on one heliostat, it’s position can be
omitted. Due to recent publications [121] which achieved
better results with larger input vectors, it was decided
to use the vector representation (3 nodes) of the sun as
input instead of its Euler representation (2 nodes). How-
ever, the results did not show any significant differences.
The measured position of the focal spot on the target is
additionally given to the network. This can be used for
aim point control after training. Together these are 5 in-
put nodes and one output node.

In addition to the unsupervised pretraining used by Feng
et al. 2.9, also supervised pretraining is discussed in this
work. In this case the network is pretrained with artifi-
cial data from simulations. Two different pretraining data
sets are investigated. One is based on an ideal GM with-
out any errors. The other is data driven and uses the
same function template but already fitted with different
amounts of data from the solar tower Jülich. Both types
of supervised pretraining are discussed in more detail in
Sections 4.2.4 and 4.2.5, referring to the data set recorded
for evaluation and training.

3.2.2. NeRF for Flux Density Prediction

NeRF networks represent the data-driven counterpart in
this work for heliostat surface reconstruction or flux den-
sity prediction using differentiable ray tracing. The goal
here is to increase the degrees of freedom and to improve
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(a) 3D view of the so-
lar tower NeRF setting.
The cal. target is pro-
jected onto a virtual
sphere.

(b) Top view of the envi-
ronment after the co-
ord. transformation to
a resting heliostat and
a moving tower.

Figure 21: 2D and 3D representation of the NeRF solar tower
setting.

the flux density prediction when the amount of data is
so huge, that diff. ray tracing does not take any further
benefits from it.
The neural network in NeRF is used to scan a virtual vol-
ume and provide feedback on whether the respective voxel
in this volume section is occupied by the heliostat or not.
A heliostat surface can then be reconstructed from the
individual voxels.
In this work the original publication by Mildenhall et
al.[55] is implemented for use at solar towers. The net-
work remains largely untouched, but the input data must
be slightly adapted. However, at least for this original
release, not all conditions can be met. Which conditions
these are and which adaptations are needed for the imple-
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mentation will be discussed in the following.

NeRF expects photos of a non-moving object which is
photographed from different angles under constant illu-
mination.
For the solar tower setting the calibration target repre-
sents the camera, which obviously does not move around
the examined heliostat (compare Fig 21a).
For this to work, the coordinates of the environment have
to be transformed into a resting heliostat and a moving
target coordinate system. Using these coordinates the cal.
target corresponds to the camera and its viewing angle is
therefore passed to the network. The position of the tower
corresponds to the transformed sun position mirrored at
the heliostat axis. Lastly, NeRF still requires a defined
volume. For this, the entire calibration target is projected
onto a sphere.
All transformations described so far are reversible. How-
ever, with the used implementation of NeRF, two condi-
tions remain violated.

First, because the sun is both the light source and (after
some transformations) the viewing direction, the illumina-
tion of the heliostat changes, which violates the condition
of constant illumination.
Second, and probably the most important difference, no
direct photos are taken of the examined object, but only
the (blurred) focal spots are observed. The physics in
NeRF, namely ray pathing, are not able to assign the ray
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expansion accurately. A reconstruction of the surface is
not possible with the physics inside of NeRF. Ray tracing
would be required for this. In the used implementation of
NeRF, it is only able to create likewise blurred, not really
existing objects. Nevertheless, these replicas behave and
act like the heliostats focal spot accordingly to the corre-
sponding sun position.

It should be mentioned that the work on NeRFs in the
course of this thesis was started shortly after the first
NeRF code releases appeared [55]. Many of the violated
boundary conditions, such as the constant illumination
[97], have already been corrected by subsequent publica-
tions. Also the coordinate transformations can nowadays
be neglected and taken over by the network itself [98].
However, these were not available at the time of work on
NeRF for solar tower application. This has a correspond-
ing negative impact on the results shown later and they
must therefore be evaluated accordingly with the follow
up publications in mind.

NeRF has emerged for use on the solar tower as a prelim-
inary to the differentiable ray tracing approach. The lack
of this crucial algorithmic backbone inside NeRF (among
other reasons discussed in Section 5.8) has led to the de-
velopment of an algorithm that correctly represents the
physics of solar towers. Differentiable ray tracing can
therefore be seen as a consequent successor to NeRF. The
NeRF results presented later must also be assessed in this
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context.

Nevertheless, also the original publication of NeRF used
in this work is unique. Even though it has its downsides
for the use at solar towers, it remains one of the best net-
works for new view synthesis using only 30 to 100 (and in
follow up publications significantly less) data points per
training, and it has achieved astonishing image quality.
Even with a reduced image quality due to the violated
conditions at the tower, the achieved results could still be
good enough for use at the solar tower. How well NeRF
performs on solar towers will be presented in Section 5.7.
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4. Data Set Analysis and Pipelines
Working with AI always means working with data. It
is important to understand which and how much data
is available, how it is (pre-)processed and how the models
interact with the data, for example which evaluation func-
tions are used. For the work with the models described
above, both simulative data and data measured at the so-
lar tower in Jülich are available. The different data sets,
their acquisition, and how the AI routines interact with
this data will be discussed in the following sections. First,
the data sets and workflows of the diff. ray tracer are pre-
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sented in Section 4.1. Here the data sets used for the dif-
ferent tasks are presented (Section 4.1.1-4.1.2). Then the
workflow is described, how the data is processed within
the ray tracing environment (Section 4.1.3). Afterwards,
the neural networks data sets and then their pipelines are
presented (Section 4.2). As before, first for NeRF (Section
4.2.1-4.2.2), then for the MLP for heliostat calibration.
Here, a distinction is made between the training (Section
4.2.3) and pretraining (Section 4.2.4) data set. The chap-
ter is closed with the MLP data pipeline (Section 4.2.5)
and general recommendations for the use of pretrained
MLPs at solar towers (Section 4.2.6).
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4.1. Data Set Acquisition and Pipelines for
Differentiable Ray Tracing

To evaluate the differentiable ray tracer, simulation data
enhanced with measurement data is used. For this pur-
pose, a heliostat was measured deflectometrically at the
solar tower in Jülich. The measured surface is shown in
Figure 22. The peak in the center was artificially added
via set screws to have a prominent feature for later re-
construction. However, the feature is within the range of
common surface deformations[122]. Deflectometry mea-
surement provides discrete points and corresponding nor-
mal vectors. The displayed surface was calculated from
these using geometric relations. Later, when it comes to
the reconstruction of surfaces, only the normal vectors will
be compared to each other to reduce the mathematical er-
ror.

In order to evaluate the diff. Raytracer, a heliostat in
44.2m distance to the tower with 4 individual focused
facets was deflectometrically measured at the solar tower
in Jülich. With this surface on the one hand the accuracy
of the reconstruction can be verified, on the other hand
focal spot images can be generated in any quantity and
under conditions, which would not be possible at the solar
tower, e.g. images outside the focal plane of the heliostat.
To increase the validity of the simulated data set, an ad-
ditional calibration was performed on a cloudless day and
compared with the ray tracing data. The comparison is
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Figure 22: The surface deformation of the measured heliostat
in Jülich. The deviations were calculated from the
deflectometrically measured normal vectors. The
peak in the middle was artificially added via set
screws to get a concise feature.
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Figure 23: Callibration measurement at the solar tower in
Jülich compared with a simulation supported by
deflectometry data. The focal spot at the bottom
of the image included in the measurement was re-
moved for the comparison by hand.
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shown in Fig. 23, the simulation supported with deflec-
tometry has extremely high correspondence with the real
measurement, both qualitatively (Fig. 23) and quantita-
tively (Tab. 2). This agreement can even be increased by
a simple threshold operation.
The largest deviations result from the measurement setup,
which contains square plates which are not simulated. As

With threshold No threshold
Hausdorff-Distance 30cm 33.5cm
Cross-Correlation 98.3% 97.2%

Mean Absolute Error 7.5e-5 7.65e-5

Table 2: Different evaluation measures to check the similarity
of simulation and measurement

usual with the heliostat calibration, the image shown here
is not centered. The position and rotation of the helio-
stat in the simulation was adjusted fully automated by
the differentiable ray tracer by optimizing the heliostat’s
alignment parameters depending on the measurement im-
age, which will be discussed in more detail in Section 5.2.

As will be presented in later results, reconstruction of the
heliostat surface, as well as the focal spot shape in exact
focal length, is especially challenging. For this, in addition
to the physical regularization, a data-driven one is needed.
An appropriate large data set (>15 images) fulfilling the
clear sky conditions, as well as not being over- or under-
exposed could not be recorded due to reconstruction work
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in the field and weather conditions (as well as other inter-
fering factors like other focal spots in the image). That is
why in the later training runs only the raytracing images
generated with deflectometry data are used.

In the following, the different data sets, created with de-
flectometric enhanced ray tracing will be discussed.
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4.1.1. Data Sets for Heliostat Surface Diagnosis and
Flux Density Prediction

Figure 24: Focal spots of the same heliostat in different dis-
tances.
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The use of ray tracing data has several advantages. On
the one hand, different parameters can be varied within
the virtual environment. Thus, e.g., the distance- and fo-
cal length-dependent resolving power can be determined.
On the other hand, it allows to make forecasts for the
whole year, for which very complex measurement cam-
paigns would be necessary. For the reconstruction of he-
liostat surfaces, 1-50 focal spots of randomly drawn solar
positions are used. Figure 24 shows 9 of each of these focal
spots at different distances (but same focal length). All
focal spots used for surface reconstruction are centered.
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4.1.2. Data Sets for Heliostat Calibration

Figure 25: Focal spots of the same heliostat as in the previous
section but augmented with different alignment er-
rors under the same sun inclination. The errors are
randomly generated but for the image were selected
to cover all the positionings on the cal. target.

For heliostat calibration, a larger image section is selected.
In this case, the target is 10mx10m in height and width.
The geometry model in the diff. ray tracer, is in its cur-
rent state of development, simpler than the one used in
Jülich. The heliostat has no offset at the rotation axes
and thus aligns the heliostat at its origin (the top of the
pylon or ~O1 compare Fig. 5).
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The error model is thus reduced to three errors. α, β
which are identical to the geometry model in Jülich and
which tilt the orientation of the heliostat to the horizon-
tally or vertically (compare Fig. 4), and the ξ error which
is not considered respectively can not be considered by
the geometry model in Jülich. ξ describes a rotation of
the mirror facets around the normal vector of the helio-
stat (~n in Fig. 13). Since this rotation does not result in
a translation of the target image, it cannot be detected by
the existing distance determination of the regression used
in Jülich. Such an error can occur if the two alignment
motors of the heliostat are not attached to the center and
rotate the heliostat (also intentionally) around this axis.
This is e.g. the case with the newly retrofitted heliostats
at the solar tower in Jülich.

Figure 25 shows images with various errors that shift the
target image over the entire calibration target. The center
image contains only the rotation error ξ. For the test later
α, β, ξ are chosen to be between 0.1mrad and 15mrad.

4.1.3. Data Pipeline to Predict Heliostat Properties
by Differentiable Ray Tracing

To predict the different heliostat properties, the calibra-
tion images are given to the diff. ray tracing environment
which updates the corresponding heliostat properties ac-
cordingly. In principle, the main workflow was already
illustrated in Fig. 12. However, since the procedure dif-
fers slightly depending on the task, it will be discussed in
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Figure 26: Pipeline to determine heliostat properties from cal-
ibration images. In principle, drone photos, flux
density or calibration measurements can also be
used here. The loss terms shown are explained in
the text.
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more detail and with focus on the existing program sec-
tions here.

The detailed workflow for diff. ray tracing is shown in
Figure 26.
In the Presettings the environmental conditions used for
the successive simulations are defined. For example, the
position of the solar tower and the sun, the orientation of
the heliostat, or which of these variables should be opti-
mized in the following.
The Data acquisition corresponds to a forward ray tracing
step, which is separated from the diff. ray tracing loop.
Here the target data set including training and testing
images are created or loaded. Within this work the three
already mentioned data sets are considered.
A distinction is made here between two cases. If surfaces
are to be reconstructed, an ideal image of the heliostat
is first created within the ray tracing environment during
the initialization step. The NURBS are then adapted to
this ideal mirror surface. It needs a NURBS surface for
each facet (resp. for each discontinuity of the mirror).
The ideal mirror surface may also be arbitrarily curved.
Otherwise, if no surfaces are to be reconstructed, e.g. for
calibration or for the determination of canting errors, the
NURBS are not needed and the heliostat is defined by
discrete points and normal vectors either by an ideal rep-
resentation or by a preloaded surface.
In training, the actual loop begins as already shown in 12.
The initially ideal heliostat generates images at the same
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sun positions as they occur in the target data set. The
images are then compared to eachother.
In general this happens using the L1 (MAE),

L1(x, y) = ∆E =
N∑

n=1

|xn − yn| (39)

or L2 (MSE) loss

L2(x, y) = ∆E2 =
N∑

n=1

|xn − yn|2 (40)

where xn is the prediction and yn the target value. How-
ever, which values are to be predicted depends on the task.

The heliostat calibration uses L2 because it provides non-
sparse, unambiguous solutions and penalizes outliners more
strongly than L1 does[123]. For this task three different
loss terms are used:

Ltotal =a · (L2pixel +WDpixel)+ (41)
b · (L2alignment +WDalignment)+ (42)
c · (L2miss) (43)

with L2pixel the pixel wise image loss and

L2alignment = L2(~npred − ~ntarget) (44)
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whereby ~npred is the current alignment vector of the helio-
stat and ~ntarget is the normed vector between the target
image’s centroid of area and the heliostat position. L2miss

measures the distance between those rays which missed
the target and the cal. targets edge. This term is zero
if all rays are hitting the cal. target. WD are the cor-
responding weight decay terms a, b, c are scaling factors.
Unless otherwise specified, they have the value:

a = 1 · 10−5 (45)
b = 1 (46)
c = 1 · 105 (47)

For the surface reconstruction L1 is used, because it pro-
vides a sparse (but ambiguous) solution. For one reason
this is due to sun blur and ray broadening the surface re-
construction is in an underdetermined regime. It is there-
fore desirable to have a function that allows multiple alter-
natives. The other reason and most important property
of L1 is the sparsity[123]. The NURBS were initialized
so that their original shape is identical to that of an ideal
heliostat. The zero position of the control points is within
the surface. Instead of displacing all nodes while training,
the L1 loss should converge to a sparse matrix. With ex-
citations only where the heliostat deviates from the ideal
surface. The loss for surface reconstruction is composed
as follows:

Ltotal = a · (L1pixel +WDpixel) + c · (L2miss) (48)
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Considering the L1pixel loss alone, the difference between
the pixels, can be regarded as a power difference ∆E and
thus as a physical quantity. The loss for every evaluation
and test data sets is therefore the L1pixel-loss without any
additional terms.

Every independent loss term has additionally to the con-
stant scaling factors a, b, c also an adaptive learning rate.
Unless otherwise specified, the values are:

LRpixel = 5 · 10−5 (49)
LRalignment = 1 · 10−2 (50)

LRmiss = 1 · 10−2 (51)

the learning rate decreases exponentially with a decay fac-
tor of 0.9995 for surface reconstruction and 0.995 for the
heliostat calibration. Adam is used as the optimizer using
the standard values as preprogrammed by Pytorch.
Depending on the available amount of data, 6x6 (for 1 im-
age) to 12x12 (15-50 images) NURBS control points per
facet are used.

Depending on the selected loss, the desired parameters
are updated using backpropagation.
The last step in the workflow is the testing phase. Here,
images are generated and compared with a test data set
that is different from the training data set. In addition,
the generated surfaces or alignment parameters are com-
pared with the predicted ones. This comparison serves
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the evaluation within this work and is not available in
daily operation. If the (image) test loss stagnates over
multiple epochs, the training is stopped and the updated
parameters can be used to update the DT Environment
or any other ray tracer/CAD program.

The entire routine takes about 5-10 minutes on an NVIDIA
2080TI for high image resolutions, one heliostat, and a
data set of one image using about 800k rays per iteration.
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4.2. Data Set Acquisition and Pipelines for
Determining Heliostat Properties with
Neural Networks

The two neural networks used in this work, NeRF and
pretrained MLPs, basically use the same data as the dif-
ferentiable ray tracing, namely the images of the heliostat
calibration. However, they need much more data in order
to function properly. In addition, artificially generated
data and real measurements work together this time.

4.2.1. Data Sets for Neural Radiance Fields

NeRF tries to infer the target image directly from the
(previously transformed) sun positions. However, unlike
differentiable ray tracing, NeRF requires significantly more
data. The original publication used between 25 and 100
images. For the first tests at the solar tower, two different
training data sets with 100 and 200 images each were cre-
ated. On top of that, there are 2 test data sets with 100
additional images each. All images were created using the
ray tracing software STRAL.

The first new data set will be called Sanity Check and
uses a simple square heliostat with one facet and is placed
100m away from the target. The sun has a fixed eleva-
tion angle of 10◦ and an azimuth that is scanned linear in
200 steps over 180◦. The sun profile is a Gaussian. The
corresponding test data set has a slightly tilted elevation
(2◦) and the azimuth steps are in between the training

146



Figure 27: Representation of the heliostats used and corre-
sponding target images of the two data sets pre-
sented. The intensity of the displayed images is
normalized to 1.
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set steps. As the name of the data set suggests, it is
used to check the basic functionality of the network. The
steps between the individual images are very small and
the extrapolation in the test data set is very low. Also
the images do not contain very dense details (compare
Fig. 27 on the left).

The second data set will be called Semi Sphere. The helio-
stat consists of 24 small facets and on the same position
as the heliostat in the Sanity Check data set. In con-
trast this data set is created by simulating with a point
sun (avoiding sun blur), resulting in a lot of sharp de-
tails in the image (compare Fig. 27 on the right). The
amount of data is also reduced to 100 images, which were
randomly drawn from the entire semi sphere above the
heliostat. A summary of the data sets used is given in
Table 3. Unlike differentiable ray tracing, NeRF is not
a physically motivated representation of the system (even
though supported by physics). While the ray expansion in
diff. ray tracing causes an underdetermination and the re-
construction therefore becomes more difficult, neural net-
works tend to have problems with higher detail depths. If
NeRF is able to represent the facet details, it should also
be able to represent real errors. Thus, especially from the
Semi Sphere data set, conclusions can be drawn about the
behavior with real data.
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Data set
Name

Eleva-
tion [◦]

Azimuth
[◦]

Data set
size

Distr.

Sanity
Check
(Train)

10 0-180 200 linear

Sanity
Check
(Test)

12 0-180 100 linear

Semi
Sphere
(Train)

0-90 0-180 100 random

Semi
Sphere
(Test)

0-90 0-180 100 random

Table 3: Training and test sets used for the evaluation of
NeRF.
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Figure 28: Update Routine of the NeRF Network architecture.

4.2.2. Data Pipeline for Neural Radiance Fields

Basically, the NeRF data pipeline is directly comparable
to that of differentiable ray tracing (compare Fig. 28 and
12). From any given sun position an image is calculated.
As in the original publication NeRF has no direct image
output. As described in Section 2.8, NeRF generates a
full 3D volume within the network structure. The images
are then rendered from the given viewing direction us-
ing this volume. which is compared with a target image.
Then the parameters are updated. But there are 2 main
differences. First, NeRF can only do this one task. Other
heliostat parameters cannot be optimized with it.
And secondly, not the physical environment parameters
are adjusted, but the weights and biases within the neu-
ral network. For each image, the entire virtual volume
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(each voxel) must be rendered by NeRF. This has a sig-
nificant impact on the runtime. On an NVIDIA 2080TI,
one training cycle takes 3-12 hours, which has been a time
bottleneck during this work. The image generation af-
ter the finished training took several seconds per image,
which would be a bottleneck in daily powerplant opera-
tion. However, today’s implementations of NeRF [102]
are capable of training in a few seconds and rendering in
real time.

4.2.3. Data Sets to Train Multi Layer Perceptrons

Neural networks require a large amount of data to pro-
duce meaningful results, which can be a challenge given
the limited data set available for each heliostat. There-
fore, the goal is to get the nodes of the network as close as
possible to the global optimum solution by using a suit-
able (large) data set in the pretraining. Afterwards, the
network is finetuned with (little) real data. Within this
work 3 different pretraining data sets are discussed as well
as the training data set. These are presented in the fol-
lowing. The training data set for training and evaluation
(as well as the unsupervised pretraining as done by Feng
et al.[42]) of the network was recorded in Jülich for a he-
liostat far back of the field. The heliostat position is at
57.2m east, 243.5m north and 1.795m over of the base
of the solar tower. A few motor increments can therefore
already cause the tower to be missed. It was recorded on
8 individual days between August 1st and September 2nd
in 2019, of which a large part of the data falling on the
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(a) Logged azimuth motor positions as a function of
time for the examined heliostat.

(b) All input and output parameters used to train the
network and their distributions.

Figure 29: Different visualizations of the collected data at the
solar tower Jülich.
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first measurement day. The data was recorded at different
times between 9:00 a.m and 3:30 p.m. The amount of data
varies between 1 and nearly 200 measurement points per
day. No conditions were placed on weather conditions,
sun position, or direct normal irradicance (DNI) of the
sun, as it would be the case in daily operation.
Unlike the algorithms presented so far, the MLP for he-
liostat calibration does not work with image data. Image
data cannot be used here, because it would not be avail-
able after training. Tests with augmented data did not
produce useful results. Instead, tabular data is processed,
as it is also used for the classical regression at the tower.
The data set consists of a total of 500 measurements (Fig.
29a). This includes the sun position, the focal spots cal-
culated centroid in east and up direction (target offset east
and target offset up) as well as the current heliostat align-
ment given in motor position increments at the time of
measurement. In a first approximation, the accuracy of
the examined heliostat is given by 0.35mrad per incre-
ment. Fig. 29a shows only the azimuth motor position
of the heliostat during calibration, which will be, without
loss of generality, the main value of the following discus-
sion.
The histogram (Fig. 29b) shows the logged values re-
quired for NN calibration. The values Target Offset Up
and Target Offset East are showing the focal spots po-
sition on the target. The focal point of this particular
heliostat is often located in the center of the target but
tends to drift eastward and downwards. It is rarely above
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or west of the target center, which will be discussed later
in Section 5.4.

Since this is a data set created by measurements, all val-
ues are affected by uncertainties. Due to a delay in the
transmission signal caused by the technical equipment on
the tower, the recorded measurement data is only accu-
rate to one minute. Two measurements within one minute
can result in 2 motor positions being logged at the same
time. Other known errors that affects the measurement
accuracy are that the heliostats sometimes miscount by
a few increments. There are also some uncertainties in
the calibration process e.g. due to different weather con-
ditions, which affects the focal spot shape. Except for an
algorithm that tries to detect systematical dropouts, the
data has not been filtered or preprocessed in any way. For
the required high accuracy of heliostat alignment, the al-
gorithms used must be able to handle these inaccuracies.
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4.2.4. Data Sets to Pretrain Multi Layer Perceptrons

For a supervised pretraining a larger data set similar to
the original task is needed. Simulation data is ideal for
this purpose. In total, two of these data sets are gen-
erated. The data is created by means of the geometry
model presented in Section 2.4. For both data sets, 4000
randomly distributed sun positions between 1. August
and 1. October in 2019 are simulated. This data is given
to the network in a 90:10 training to test ratio using a
temporal split.
The first data set uses the geometry model as ideal (all
error parameters are 0). The data generated in this way
was iteratively adjusted to the first measurement day of
the training data set using an offset and a scaling factor.
This was done due to of a huge discrepancy between the
real and the simulated data. It could also be done with
just a few measurement points. In Fig. 30 results of the
adapted simulation compared to real measured calibration
data is shown. Even if many peaks are not reproduced by
this model and the difference to the real data increases
continuously, at least a similarity can be observed.
The second data set is created with the same geometry
model but errors already fitted via the LM Algorithm.
Due to the data dependency of this fit an analysis of it
takes place in Section 5.1.
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Figure 30: The upper graph shows the measured calibration
data (black line) compared to the data simulated
by the ray tracer STRAL (light blue line) for the
same time stamps. The lower graph shows the
same data but relative to each other. While the
shape of the curve looks similar to the measured
data, there is clearly a linear offset, which grows
over time.
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4.2.5. Data Pipeline for Pretrained Neural Networks

Figure 31: Sketch of the workflow. Depending on the pretrain-
ing routine, the workflow is slightly different.

One of the most important factors for using neural net-
works on the tower is the amount of data required. There-
fore, the data set accessible to the network is increased
after the end of each training cycle. For data-driven pre-
training methods, the same applies. The whole workflow
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is shown in Fig. 31. Depending on the kind of pretraining
(supervised or unsupervised) a different routine is chosen.
In the unsupervised case the same data as for the training
process is given to the network using the stacked autoen-
coder setup as used by Feng et al.

For the supervised pretraining exactly the same amount
of training data is given to the GM fitted by the LM as
at the later neural network training step. This includes
the same train/test split. Using this training data set the
Levenberg-Marquardt algorithm is used to fit the GM pa-
rameters. Only if the test loss is lower than a previous one,
the newly calculated parameters are used to generate the
pretraining data set. Otherwise the pretraining data set
of the best test loss up to this point is used. An example
procedure is sketched in Fig. 32. While the training data
for the neural network is increased every training cycle
the LM train/test split stays the same after the third it-
eration because the test loss does not improve any further
after the third cycle. In this case, all following training
cycles the same pretraining data set would be used. The
ratio between training and test data set depends on the
available amount of data. For smaller data sets, a test/-
training ratio of up to 50:50 is used. All remaining data is
in a third validation set. When the training set becomes
larger than 50% of the available data the test data set is
created from all remaining data except for 5% which is
reserved for the validation set.
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It is important to separate the training and test data set
properly. In contrast to the usual procedure the data sets
must not be shuffled (between training and test data set).
The networks are incredibly good at interpolation. A test
data set lying in between the training data points would
be fitted very well but would have no expressiveness on
future data, respectively its ability to extrapolate. As it
was done for the pretraining data set a temporal split is
chosen here. The training data set is created from the
older measurements, the test data set by the newer ones.
Other splits, like by the position of the sun (below and
above a given elevation/azimuth), are also possible here.
For the later discussed results the network as shown in
Fig. 20 is used. For the activation function Scaled Ex-
ponential Linear Units (SELUs) is chosen. The nodes of
the network are initialized according to the publication
of Klambauer et al.[95]. SELUs are chosen because they
provide better gradients on deep MLP. Also other activa-
tion functions were tested, but with much worse results.
The output layer is linear, which is helpful for regression
tasks. To regularize the prediction error the L1-Huber
loss [124] is used. This is a mixture of the L1 and L2 loss,
which are selected depending on a threshold. The thresh-
old is set to 1. Thus, values not included in the range
of the training data set are penalized more strongly. To
enhance the learning process, an adaptive learning rate,
which means a factor that controls the amount of change
inside the nodes, is selected. The used learning rate be-
comes smaller every time the test loss does not reduce over
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Figure 32: Example of the training cycle routine including the
amount of data for the training and pretraining
data sets.

a certain amount of epochs. The pretraining starts with
a learning rate (lr) of 0.1 and is reduced steadily. The
learning rate while training is considerably smaller (lr =
1·10−5) in order to preserve the pretraining progress. This
is enhanced by using AdaMax [1] as an optimizer.

As the differentiable ray tracer, the whole method was
implemented using Pytorch. However, an older version as
applied in the diff. ray tracer is used, which is why Numpy
and some minor tweaks from Scikit-learn are mandatory
too. For loading data the program uses Pandas and for
plotting Matplotlib.
The whole process on the full dataset takes around 15-30
minutes on an Intel i7 4770k processor depending on the
data set size. A graphics card is not used.
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4.2.6. General Remarks Concerning the Training of
Neural Networks for Heliostat Calibration

The network shown in Fig. 20 is of course not the only net-
work structure tested for this work. The network, i.e. the
nodes and the number of layers, were varied iteratively.
Furthermore different input embeddings, data augmenta-
tions, activation functions, layer freezing and more were
tested. The results of very similar networks to the de-
picted one differed only in nuances. Significantly deeper
or shallower networks, on the other hand, produced much
worse results on the limited data set. These abortive
attempts, and the hyper parameter tuning of the net-
works will not be addressed further in this thesis, as they
go beyond the scope of the intended research questions
and would shift the focus away from its actual objectives.
Nevertheless, in summary, under the described conditions
(e.g. SELU, AdaMax) and the corresponding pretrain-
ings as well as the upper end of the available data, a very
stable convergence could be observed even with deviating
network architectures.

Nevertheless, it must be noted, that the entire training
routine, including the training cycles with growing data
sets was also performed for the networks not mentioned
here. Beacuse of that some compromises had to be made
due to time constraints. Especially considering the fact
that no suitable graphics card was available to train the
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networks at that time. The biggest compromise concerns
the pretraining. Because this was the largest bottleneck,
it was decided to limit it to 4000 data points in the vicin-
ity of the measurement dates. The author recommends to
enlarge this data set considerably and include simulated
data points over the whole year for future use at solar
towers. In this case, even slightly larger networks should
be considered again.
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5. Evaluation
After laying out the theoretical foundations, explaining
the methods, and collecting the data, the next step is to
present the results. In this section, the focus is on pre-
senting the different tasks, namely heliostat calibration,
flux density prediction, and surface diagnosis, rather than
the different approaches used such as diff. ray tracing and
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neural networks.
The first task presented is the heliostat calibration, which
is accomplished by means of regression and is applied at
the solar tower in Jülich. This is discussed in detail in Sec-
tion 5.1. Subsequently, the results of the new AI models
are analyzed. The diff. ray tracing approach for heliostat
calibration is presented on a simple toy example, which
demonstrates the potential of this method (Section 5.3).
The NN models are also examined, first without pretrain-
ing in Section 5.2.1, and then with different pretraining
variants in Section 5.2.2. Finally, the different approaches
are discussed together in Section 5.4.
The same structure is followed for the surface diagnosis
(Section 5.5) and the flux density prediction (Section 5.6)
tasks, which are accomplished using diff. ray tracing and
NeRF (Section 5.7). These tasks are also discussed to-
gether in Section 5.8. Overall, by presenting the different
tasks and their respective approaches, this section pro-
vides a comprehensive overview of the results achieved in
this study.
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Figure 33: Motorposition predictions of the GM given in in-
crements (ypred), relative to the logged (yreal) in-
crements, estimated by the LM algorithm for dif-
ferent amounts of data. The different training-sets
are located on the left of the dotted lines.

5.1. Results on Heliostat Calibration Using
the Classic Regression Applied in Jülich

This section aims to test the best possible accuracy of
the GM used in Jülich, which will be the baseline model
for the evaluation of the later used neural networks. For
this purpose, all available parameters (compare Section
2.4) are optimized. Also if a restriction of the parameters
could achieve better accuracies on smaller data sets, the

165



global optimum would most likely be missed (unless the
corresponding parameter is also 0 in reality). Such a re-
duced selection will be omitted here.
Fig. 33 shows how the GM in Jülich behaves with different
amounts of the recorded data set given to the Levenberg-
Marquardt algorithm. The dashed line indicates the train-
ing/test split of its color-correlated counterpart. Left of
the dashed lines the available training set and on the right
the test and validation data set are shown together. For
the smallest data set (orange line), it is easy to see that
the algorithm is overfitting. Even if the training data set
could be fitted very well, the prediction accuracy in the
test data set decreases steadily. However, the accuracy
improves fast and continuously with an increasing amount
of data up to about 200 data points, where it reaches an
accuracy of 3.8 increments (ca. 1.5mrad).
Beyond 200 data points, however, the LM algorithm stag-
nates at a roughly constant level. The slight drop in ac-
curacy for a higher amount of data could be due to an
imbalance of the data set. The peaks appearing in the
red and green line as well as the plateau in the rear part
could indicate two things. Either only local optimums
were found and the peaks are regression artifacts or the
results are close to the global optimum but the GM cannot
map the real heliostat completely due to missing model-
ing parameters. The best accuracy achieved by the GM is
1.5mrad. The neural network must be measured against
this in the coming sections.
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5.2. Results on Heliostat Calibration with
Pretrained Neural Networks

After showing (within a certain convergence band) the
absolute accuracy of the geometry model in Jülich, the
neural networks will be tested. In order to be able to
better classify the results of the later used pre-training
variants, first a look at the NN behavior without pre-
training will be taken.

5.2.1. Neural Networks Trained from Scratch

For this reason the results of the LM and a randomly ini-
tialized neural network will be made. Figure 34 shows
the measured data (black) and the respective predictions
of the GM (green) as well as the predictions of the ran-
domly initialized neural network. In the left plot the net-
work was supplied with only half a day (morning to noon)
of data. Since it has not received any pretraining, it has
to extrapolate for the second half of the day and is be-
coming less accurate. This effect becomes stronger in the
evening hours of the following days. Apart from the peaks
of more than 75 residuals, there are nevertheless also pre-
dictions that are very accurate. However, this is not due
to a learned tracking function, but the particularly good
predictions are always at times (sun position) which are
similar to the training data set.
In the center plot the network already uses 200 measure-
ments for training. Seeing a full day could successfully
teach the network to predict the rough course of the helio-
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Figure 34: Predictions of the baseline model and the not pre-
trained neural network. The accuracy of the neural
network rises with the amount of data, while the
baseline model stagnates at some point. Netherthe-
less the NN never reaches a competitive accuracy.
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stat’s movement (top plot). In this view, the measurement
curve and the prediction are almost congruent. However,
when viewed more closely (lower plot), it is noticeable that
the prediction is still very poor with an average deviation
of 26.8 motor positions. Most importantly, the prediction
accuracy between the training and test data sets differs
significantly. The network is overfitting. It is very likely
that the predictions with significantly different sun posi-
tions will also be even less accurate.
In the right plot the network has already seen 3 full mea-
surement days. The difference of 100 data points nearly
doubles the accuracy. Nevertheless, an acceptable accu-
racy could not be achieved. In addition, the peak in the
validation set indicates that the accuracy will still drop
in future predictions. From the development of the pre-
diction in dependency of the amount of training data,
it can be extrapolated very well that neuronal networks
can achieve good results for much larger data sets even
without pretraining. However, this would require new
measurement techniques that can produce such a large
amount of data. With 300 data points, the current mea-
surement method is already at the upper limit of what is
technically feasible in daily operation.

5.2.2. Pretrained Neural Networks

The pretraining aims to render the nodes of the network
closer to the global optimum. The process is designed
to help improve the accuracy of the network and reduce
data usage to a minimum. The measurement data is pro-
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Figure 35: Summary of all tested algorithms. For all algo-
rithms, the accuracy dependence on the amount
of data is clearly visible. The highest accuracy is
achieved by the neural network pretrained by the
fitted GM.
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cessed as described in Section 4.2.5. Either the network
is trained with the data unsupervised using a SAE or the
data is used to generate a data set with which the network
is pretrained with. Since the data set only contains 500
data points, no more than 300 were used for training, as
the test data set would otherwise have become too small to
make reliable statements. Fig. 35 shows the average pre-
diction accuracy of the conventional LM-method (blue)
and the neural networks, with and without pretraining,
depending on the amount of data.

The behavior of Levenberg-Marquardt (blue line) and the
neural network trained from scratch (orange line) as de-
scribed before, can be seen more clearly here. The accu-
racy of the GM fitted by the LM is increasing up until
about 200 data points, but then it stagnates at about
the same or slightly less accurate level. While the pre-
dictions made by the neural network trained from scratch
are improving steadily, but never achieving a competitive
(or even usable) accuracy. Surprisingly, the results of the
neural network pretrained with the ideal GM turn out less
precise than those of the network trained from scratch.
Since a considerably smaller LR is used in training than
in pretraining, it is possible that a poor local optimium
was found through this pretraining, which could not be
overcome in the subsequent training process.
Unsupervised pretraining with SAE ends up at about the
same level as the GM fitted by the LM algorithm with a
mean accuracy of 5.8 motor positions. It performs among
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the best and significantly better than the non-pretrained
network.
The highest accuracy overall is achieved at 300 data points
by the neural network with the pretraining by the fitted
GM, reaching an accuracy of 1.21 motor positions. As de-
scribed in section 4.2.5, the network was pretrained using
a data set generated with the GM Model from the 200
datapoints training cycle, since the LM did not improve
its test loss with more data points.

The best results of the neural networks have been summa-
rized and plotted against the recorded data set in figure
36 . The blue area marks the training data set of the
neural networks. Gray is the overall best result of the LM
algorithm.
In this plot it is particularly clear that the pretraining
by means of the ideal GM did not work. Especially in
the back part of the plot the outliers become extremely
large and would probably diverge further for later mea-
surements. It is also interesting that (even if exaggerated
and more noisy) the neural network shows the same fea-
tures as the LM algorithm (three peaks and a plateau).
This suggests that the behavior of the pretraining was
transferred to the network and not corrected by the ac-
tual training. This hypothesis is supported by the fact
that the GM pretraining (violet line) also includes these
peaks while the SAE pretrained network (green line) has
no clearly visible salient features. Since the SAE pretrain-
ing never saw a GM, but the other two networks did, it is
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Figure 36: The best predictions of all tested methods. For a
better comparability the best result of the baseline
model, using 200 calibration points, is also drawn
inside every graph.
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very likely that the peaks are artifacts from the pretrain-
ing and that they will disappear with larger data sets.
This also indicate that the peak behavior demonstrated
by GM in the previous chapter can be attributed to the
low complexity of the geometry model.
While the overall prediction by SAE pretraining is not
better than the LM, the behavior in the test data set sug-
gests that the basic mapping function was indeed learned.
The prediction is noisy, but very steady over time. Here,
some more data could already be sufficient.
As already mentioned, the violet line still includes the
pretraining peaks, but instead of wide curves, they have
been reduced to sharp spikes. Despite these peaks, the
network achieves a mean prediction accuracy 1.21 motor-
positions. In a first approximation this corresponds to an
uncertainty of 0.42mrad. This is 5 times better than the
LM results with 300 data points and 3 times better than
the overall best result in this comparison.
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(a) Alignment deviation of the
trained heliostat to the target
data set heliostat.

(b) Angular deviation of the
three error parameters inside
the GM

Figure 37: Test losses for heliostat calibration using differen-
tiable ray tracing over several epochs.

5.3. Results on Heliostat Calibration Using
Differentiable Ray Tracing

A simple Toy Example using only 3 error parameters is
used to evaluate the heliostat calibration. Although this
cannot completely describe a real heliostat, it has another
decisive advantage for method comparison. The 3 free
variables have only a limited moving space and only one
local optimum, which coincides with the global optimum.
The results of the regression are therefore not on a con-
vergence band and must not interpreted but give a clear
statement about which approach is better. Therefore, a
heliostat model with a deflectometric measured surface
was loaded into the ray tracer and assigned with random
alignment errors on α, β and ξ to create the target data
set (compare 4.1.2) containing one image. The calibration
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process itself starts with an ideal heliostat (including an
ideal surface) and optimizes the heliostat’s alignment by
varying the error parameters.

As shown in Fig. 37a the angular deviation of the initially
ideal and the erroneous heliostat is constantly falling. Due
to the simplicity of the GM, the function has only one lo-
cal optimum which is identically to the global optimum,
which is why the deviation will fall down to machine accu-
racy. This is not surprising. Other regression algorithms,
such as the LM, would perform similarly on such a simple
GM. Thus, the plot verifies only the basic functionality
of the methodology and proofs the existence of the global
optimum.
More exciting is a look at the individual error parameters
in Figure 37b. Here the difference between the alignment
errors α, β, γ and the predicted angles are shown. A dif-
ference of 0 corresponds to an exact prediction. It shows
very clearly how α and β oscillate continuously towards
zero. ξ, on the other hand, behaves completely differently.
This is due to the fact that the gradients are formed in
another way. ξ would remain completely constant only
using the L2Alignment loss (or equation 1). ξ is only op-
timized over the L2Pixel loss. In Fig. 37b ξ was set to
17.5 rad and ends up around 1.5mrad, a deviation which
is not visible for the naked eye. This is especially impres-
sive because ξ does not scale with distance. No matter
how far the heliostat is from the tower, it does not make
the rotation more visible.
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5.4. Discussion of AI Methods for Heliostat
Calibration

Altogether, three different methods for heliostat calibra-
tion were considered for this work. (1) the GM fitted
with tabular data by the LM algorithm, which is already
established in Jülich, (2) the pretrained neural network,
which uses the same data, but is purely data driven mostly
without physical premodeling, and (3) the differentiable
ray tracing which also relies on a GM, but works directly
with image data.

Using a GM fitted by a classical regression works at the
lower end of the scale in terms of data quantity. Even
with fewer than 100 data points, higher prediction accu-
racies are achieved than by the randomly initialized neu-
ral network trained on the entire data set (compare Fig.
34). It would be possible to achieve even better results on
small datasets by using fewer free parameters in the GM.
In this case, even on extremely small data sets (start-
ing from the first measurement), results can be achieved
which are suitable for heliostats close to the tower and
simple control strategies. Since parameters cannot be eas-
ily removed from NNs, such small data ranges are impos-
sible to achieve for purely data-driven NNs. Thus, the
results shown using all 8 error parameters do not repre-
sent the best results using the minimum required amount
of data points but the overall maximum accuracy (within
a certain convergence band) of the GM.
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Furthermore, for the comparison at hand, the upper data
range is more interesting, because the GM stops improv-
ing at 100 data points. With a best result of 3.8 motor
positions on 200 data points, the GM achieves a good
average accuracy. However, this value alone is not sig-
nificant. Graph 33 shows how much the data actually
scatters. With a deviation up to 15 motor positions the
GM is unsuitable for modern aiming point or closed-loop
control strategies. Especially for the investigated helio-
stat at a distance of 200 meters, it can happen that the
tower is missed even in conservative operation.
In addition, it should be noted that the GM does not
make any appreciable progress above 100 data points. It
even becomes less accurate above 200 measurements. This
most likely has to do with measurement inaccuracies and
errors, which are both not covered by the GM.

The neural networks behave exactly in the opposite man-
ner. None of the networks could achieve any meaning-
ful results using only (or less than) 50 data points. In-
stead, all accuracies rise in every new training cycle using
more data (compare Fig.35). It is obvious that no net-
work has reached its global optimum inside the available
data range. In fact, also the curve of the NN trained from
scratch (orange line) allows an extrapolation that provides
good accuracies in a few hundred data points. However,
the utilized 300 training data points already represent an
unusually large data set. A further increase of data is not
possible, at least not with the measuring method used.
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This makes neural networks trained from scratch ineffec-
tual for use at solar towers so far.

The pretraining with an ideal GM even has a negative
effect on the predictions of the network. As shown previ-
ously in Fig. 30, the ideal GM and the real values differ
strongly in their motor positions. Probably due to this
the network converged to a local minimum, which it could
not leave while training. Such a (nearly) non-data driven
method is not recommended for pretraining.
Only the data-driven pretraining methods make a real-
istic prediction possible within the available data range.
The SAE pretraining reached its minimum at 250 data
points, with a mean accuracy of 5.8 increments. Thus,
the results are about as accurate as those of the classi-
cal regression. Even if the average prediction is slightly
less precise than the classical regression, the SAE results
should not be underestimated. On the one hand, the er-
rors of the prediction are not broad, but sharp peaks. An
error control that checks the prediction of the network,
and cuts off outliers can further increase the accuracy of
this method. On the other hand further improvements
are conceivable with increasing data sets on this method,
while the GM will stagnate at the same level. This type
of pretraining does not require any modeling of the he-
liostat and can therefore be used directly on other solar
towers. With this in mind, the neural network using SAE
pretraining is superior to the classical regression starting
at around 150 data points.
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The pretaining using a data set created by the fitted GM
already achieves competitive results starting at 150 data
points and continues to improve beyond that. At 300
data points the best result on the available data range is
reached, achieving a mean accuracy of 1.2 increments (ap-
prox. 0.42mrad). This is a threefold increase in accuracy
compared to the best result of classic GM. This accuracy
is extremely promising. It means that on the one hand
large parts of the heliostat errors, which are obviously not
covered by the GM, are of a systematic nature and can
be covered by a neural network. On the other hand, the
pretraining can help the neural network to learn motor
positions which are rarely accessed.

Compared to the theoretical accuracy of the camera target
method of 0.1mrad [40], the predicted 0.42mrad are very
close to this minimum. Other publications [54] [125] [126]
using data measured in a solar field specify an accuracy
of 2mrad-6mrad, which could be exceeded dramatically.
Prahl et al. [126] is particularly interesting for the com-
parison, since it uses the same heliostats in Jülich and
must therefore be able to deal with the same errors.
In literature only certain closed-loop methods, achieve
similarly high accuracies [127], but these were achieved
under controlled laboratory conditions. Taking into ac-
count that the data set for evaluation was recorded under
real circumstances inside an existing heliostat field, the
1.2 increments or the 0.42mrad are the highest accuracy
ever measured under comparable conditions [40].
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Of course, none of the values (from any regression) are
absolute. All of them lie on a convergence band, which
can behave differently depending on the data set and the
starting conditions. Nevertheless, the stability of the NN
methods is supported by the fact that both the SAE and
the fitted GM model pretraining converge to similar val-
ues. And while classical regression has long since reached
its limit within the available data range, the NN methods
are still at the lower end of the scale and can still improve.
To avoid the stagnation of the classical regression the LM
could also be extended by an enlarged GM. Currently,
the GM takes into account 8 free parameters. The whole
model could be extended to e.g. 3 rotations and direc-
tional strains/compressions, which would result in 20 pa-
rameters (3 rotations and deformations each around the
pylon as well as the 1st and 2nd axis of motion and 2 gear
backlashes). Angle-dependencies, time-dependencies, non-
linearities, (systematic) stepper motor errors or even ex-
ternal influences such as wind would then not been taken
into account. The network proposed here currently has
exactly 18 nodes (including weights and biases) and has
already proven to be able to cover most errors. The high
entanglement of the nodes among each other also allows
the mapping of nonlinear correlations. If e.g. local wind
speeds should be included in the forecast, it is sufficient
to add an input node. The biggest advantage (besides the
high accuracy) of this approach is that a modeling of these
effects and other disturbances can be omitted. This es-
pecially accelerates an overarching development to other
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power plants.

Whether there are any nonlinearities in the investigated
data or not cannot be said with certainty. The black box
behavior of the neural networks does not allow to draw
conclusions about the properties of the heliostat. Infor-
mation about the torsion of the heliostat, for example, as
provided by the GM, is lost. However, since such infor-
mation is not used in daily operation, this is acceptable.
However, the black box behavior must be given more at-
tention compared to the classic control function. On the
one hand, there is no clearly traceable control function af-
ter completion of the training with a neural network. This
can already be seen from the peaks in Fig. 36. Unlike the
GM, the error of the NN behaves abruptly. So, the helio-
stat might be tracking almost flawlessly one moment and
miss the tower in the next. This requires a control func-
tion that smoothes the output of the network and detects
outliers. In addition, care must be taken that at least
the pretraining data set is balanced and includes the re-
spective extreme values (sun position, deflection, receiver
area). Because, although the networks are capable of ab-
straction to a certain extent, they work best for values
between known extrema included in the (pre-)training.
Aiming at a designated position that goes beyond the min-
max values contained in the (pre-)training set, or a posi-
tion that was rarely steered to could lead to higher errors.
The heliostat examined here, for example, tends to drift
to the lower east of the target center as described in Sec-
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tion 4.2.3. Targeting a top west position could cause a
larger error. A similar situation applies to the other in-
put parameters. The sun positions can become more ex-
treme depending on the season. For measurements taken
in this work this is not noticeable, because the days be-
came shorter during the measurement campaign. A differ-
ent picture may appear from spring to summer. To avoid
this the pretraining data set should include values from
the entire year.
Probably the most uncertain point of this method is the
prediction accuracy on the receiver. The network was
trained exclusively with data pointing at the calibration
target. As described before, the networks are very suscep-
tible to predictions outside the previously known range.
Pretraining can help, but giving the network an aiming
point on the receiver when it has never seen these val-
ues in training will inevitably lead to a larger error. Here
it must still be evaluated whether a linear offset on the
calculated values or the network prediction on receiver co-
ordinates results in the smaller error. Due to the 3 times
higher accuracy of the network, the method should still
have an advantage even with this error. This holds espe-
cially true since the ability of extrapolation should also
increase with the data set.

The biggest disadvantage of the NN methods is the data
set size. The used data set could never have been recorded
in regular operation, especially for larger fields.
Therefore, either a measurement campaign is needed to
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get enough data for every heliostat, e.g. this can be done
during construction, or the data set has to be reduced fur-
ther. For the latter, there are still some open possibilities.
First, if the data set is not recorded on just a few days
but over the whole year, the data variance rises. This
can have a slightly positive effect on the data usage, but
a measurement campaign would also be more difficult to
perform. A second alternative would be the use of sur-
rounding heliostats. These errors are not correlated, but
as long as they are close to each other, the behavior is at
least similar. As it can be seen in Fig.35, the closer the
pretraining is to reality, the fewer data points are needed.
Therefore, either the pretraining can be done with data
from one (or more) neighboring heliostat, or the training
process can be initialized with an already trained network
with high accuracies to reduce the amount of data needed.
In both cases only one to a few heliostats have to be mea-
sured extensively.

However, a reduction to just a few data points remains
unlikely, neither because of the ability of the networks
nor the GM, but due to the complexity of the problem.
Without prior knowledge it is most likely impossible to
describe such a complex system, including dozens of (lin-
ear) degrees of freedom and additional dependencies on
alignment, stiffness, external disturbance factors as well
as possibly aging processes, with just a few tabular data
points down to an accuracy bordering an error free de-
scription.
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In order to reduce the required data set while maintaining
the same accuracy, there are 3 possible solutions.
The first is to use parameter studies to enhance the GM.
However, such studies are highly specific. Their results
are only applicable to one heliostat model and depend on
the position of the heliostat in the field and the height of
the tower. Such a solution is contrary to the goals of this
work to promote the overarching development process of
solar tower power plants and thus is not feasible. In ad-
dition, such parameter studies have already been made
for the geometry model in Jülich. Nevertheless, a corre-
spondingly high accuracy could not be determined in the
course of this work.
The second option is a change of the measurement method.
For example, the heliostat could be moved over the target
in a neander shape and be filmed at the same time. This
would drastically increase the amount of data. However,
it also reduces the variance of the input distribution.
A third solution (without any drawbacks) is to obtain
more information from the existing data sets.

This is the point at which calibration by means of differen-
tiable ray tracing comes into play. Here, the information
does not have to be extracted (e.g. by means of computer
vision), but the image can be processed directly. This
allows properties such as direction of incidence, rotation
and inclination to be extracted from the images and taken
into account. The additional information can then help
with faster convergence or higher accuracy on the same
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count of measurements. This also prevents errors of the
preprocessing algorithms, such as when the centroid of the
focal spot is incorrectly determined due to surface defects.

The investigated heliostat in the differentiable ray tracer
(Section5.3) did not have an elaborated multi-axis GM.
Nevertheless, the advantages of the method are already
recognizable. On the one hand, it could be shown that
the algorithms are identical under certain conditions (e.g.
that not a single ray of light is generated within the ray
tracer) and ray tracing thus has more access to informa-
tion. On the other hand this information contained in
LPixel can be used to determine ξ with an extremely high
accuracy of ca. 2mrad. Of course, direct image process-
ing also reduces the data supply chain.

One of the most important advantages of diff. ray trac-
ing is that information about the heliostat can easily be
incorporated into the optimization. For example, sur-
face information has a direct influence on the image loss.
Having surface information changes the task to matching
unique features of the focal spot. In this case loss terms
for matching two fingerprints or unique faces [128][129]
can be used. Similarity losses like the weighted hausdorff
distance[130] could be used as well. Physical restrictions
(e.g. an error parameter that cannot exceed certain val-
ues) can also be incorporated.

In summary, heliostat calibration can be improved with
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the newly presented AI methods in-situ for both small
and large data sets. On the lower range, more informa-
tion can be extracted from the available data by handling
images and advanced loss functions. On the other hand,
non-linear errors can be represented completely without
complex pre-modeling and with unprecedented accuracy.
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5.5. Results of Heliostat Surface Diagnosis
Using Differentiable Ray Tracing

The superordinate goal of this section is to enable the
most accurate flux density prediction possible. For dif-
ferentiable ray tracing, this process is closely related to
the ability to reconstruct the surface of the heliostat. As
derived in Section 3.1.4 this reconstruction has a theoret-
ical limit but can be shifted to higher distances by adding
regularizations. For the description of the surface NURBS
functions were chosen within this work. Their ability for
regularization will be tested in the following.

For this purpose, a total of 4 heliostats were created with
artificial surface defects. The surface defects are sinu-
soidal and differ in their wavelength (compare 38, left col-
umn). The surface varies in its height by a total of 1.1mm
(slope deviation of 1.1mrad). Within the ray tracing envi-
ronment, the 4 heliostats were placed at distances ranging
from 10 to 400 meters to create a corresponding target im-
age (the sun position was randomly drawn, but identical
for all training iterations). From the individual target im-
age the respective surface should be inferred. Thus, each
surface was reconstructed from exactly one target image.

The results of this are shown in Fig. 38 in the second to
sixth columns. The reconstruction of rather coarse struc-
tures remains possible even for heliostats at a distance of
400 meters. At a range of 10m, significantly finer and
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Figure 38: Artificially varied surfaces (left column) and their
reconstruction from target images at different dis-
tances.

189



at 600m coarser sructures could still be resolved. How-
ever, the representation was omitted here. Depending on
the detail frequency, the resolving power decreases as ex-
pected. All shown surfaces are completely unprocessed
and use the same color range. This leads to the fact that
explicitly the images of the surfacse at 1.3m/50m and
0.8m/100m appear worse than they actually are. Both
surfaces contain an exaggerated regression artifact in the
lower right corner, which affects the color representation.
In fact, the average deviation of 1.3m/50m is lower than
that at 1.3m/100m. This can also be seen in figure 39. In
the graph, the average errors of the surfaces are plotted as
a function of the training progress. The error is calculated
by:

∆n =
N∑
i

| arccos(~ni,pred · ~ni,groundtruth)|
N

(52)

where N is the absolute number of surface normals, ~ni,pred

is the predicted and ~ni,groundtruth the predefined surface
normal. The results cluster into 3 groups. Every surface
below an average error of 0.4mrad was reconstructed un-
ambiguously. The range between 0.4mrad and 1mrad de-
viation is very mixed. There are very good reconstructions
(50m/0.7m) next to those which failed partially (200m/1.3m)
or completely (400m/1.3m). Maybe a stronger regular-
ization or a better evaluation function is necessary for a
successful convergence. Every error larger than 1mrad is
counted as a reconstruction failure.
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Figure 39: Learning curves of the shown surfaces in Fig. 38.
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Comparing the reconstruction limits (where the surface
reconstruction failed) with the theoretically derived limits
in Section 3.1.4, a resolution was achieved, which covers
about twice the distances as previously calculated, which
is a strong argument for the introduced NURBS regular-
ization of the surface.

The values derived from this theoretical analysis can only
be transferred to a real heliostat in Jülich to a limited ex-
tent. There, most heliostats are faceted. These facets are
in general canted and/or focused to a fixed focal length.
To determine the resolving power for a real heliostat, one
was deflectometrically measured in Jülich. The measured
heliostat is located at East, North, Up (ENU) 13.2m, 25m
,1.795m and is canted, but not focused. The calibration
target is located at ENU 0m, −3.23m, 35.89m. The mea-
sured surface was used to create target image data sets
within the ray tracing environment as shown before in
Fig. 24. Both the position of the heliostat and the focal
length were varied to obtain reconstruction capabilities
for different scenarios.

The results are shown in Fig. 40. It should me mentioned,
when it is stated in the image that the surface was cal-
culated from one target image, the sun position in Jülich
on October 21 at 15:00 UTC was chosen (randomly). In
case of more than one image the sun positions were drawn
randomly, but identical for all multi-image surfaces.
The best reconstruction of the deflectometric measured
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Figure 40: Reconstruction of a real measured surface from tar-
get images.

surface (labeled in Fig. 40 as the Ground Truth) is achieved
at a distance of 10m (first column). This is not surpris-
ing, due to the low underdetermination at such short dis-
tances. Although some details (mini wrinkles) are lost,
the relevant features are reconstructed. In order to repre-
sent the mini wrinkles at short distances, the regulariza-
tion (the NURBS order) can be further reduced and the
number of degrees of freedom (NURBS control points)
can be increased. In this case, however, some regression
artifacts are formed, which worsen the representation of
the surface. These can be filtered out by post-processing.
However, only surfaces that were natively calculated by
the ray tracer were used for this graphic. Thus, stronger
regularizations were used than necessary for the degree
of underdetermination. The bump in the center, the de-
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formation in the upper left corner and even the facet on
the upper right is slightly tilted as in the measurement.
Adding more images does not change the quality notice-
ably.

In contrast, the reconstruction of the heliostat (Fig. 40,
second column, first row) placed at its real position in the
field fails. Since the heliostat is viewed at such a distance
from the tower that it coincides with its focal length, all
facets are completely superimposed and thus the surface
defects are permutable along the facets. This not only
intensifies the underdetermination, it makes a reconstruc-
tion impossible, at least for one point in time. The per-
mutability is well shown by the deformation of the upper
left facet in the ground truth, which can be found on the
upper right in the reconstruction.
As discussed in Section 3.1.4, different sun positions can
shift the focal plane slightly forwards and backwards. This
can restore some information. Using more images (second
column, second row), coarse details like the bump in the
middle and the upper right facet canting become recog-
nizable again. This will also be discussed in more detail
later.
However, the canting and not the distance is responsible
for the rather coarse reconstruction, which can be seen in
the third column (defocus). There, the heliostat is placed
at the exact same position but without canting, which re-
sults in a similar reconstruction quality as the heliostat
placed at 10m distance. This shows very well how strong
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Figure 41: Surface reconstructions depending on the data set
size. The surfaces using 1 and 5 images are the
same as in Fig. 40

canting increases the underdetermination.

The reconstruction at 100 meters (fourth column) also
suffers from a higher underdetermination due to both, the
remaining canting overlap of the facets and the distance.
Nevertheless, the reconstruction found all prominent fea-
tures, even though slightly broadened.

To counteract the underdetermination given by the focus-
ing, diff. ray tracing can use more data for training. In
Figure 41, the reconstructions with one and 5 images are
shown one more time. In addition, the reconstruction with
15 and 50 images is also displayed. From 1 to 15 images
the reconstruction quality consistently rises. The heights
turn out clearly smaller than with the Ground Truth, nev-
ertheless the reconstruction accuracy is impressive if it is
considered that the reconstruction with only one picture
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Images NURBS
order

Mean
surface

deviation
[mrad]

1 9 0.97
5 9 0.74
15 9 0.65
50 9 0.64
50 5 0.97

Table 4: Quantitative results of the surface reconstruction for
different dataset sizes and regularization parameters.
The surface reconstruction quality is given by the
mean normal vector deviations from these of the de-
flectometric measured surface.

seems almost impossible. However, the quality also peaks
at 15 images and remains at about a constant level for
more images, using the same number of optimization and
regularization parameters (compare Tab. 4). The shown
image with 50 training images has a lower NURBS order
than the images with less training data, thus the NURBS
nodes are less interlocked. At first glance, the reconstruc-
tion quality suffers noticeably from this (see also Tab. 4),
since for example the peak in the center is no longer dis-
played smoothly and flat but by local exaggerations. How-
ever, a closer look reveals that finer details, such as the
wrinkles, are now displayed. In fact, the underdetermined
nature of the problem, combined with the weaker regular-
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Figure 42: The graph compares the quality of the flux den-
sity prediction generated from two different sur-
faces by their difference. ∆EPred stands for the
observed energy difference with the previously cal-
culated surface and ∆EIdeal for an ideal surface.
The larger the positive difference to 0, the better
the predicted surface performs.

ization, as well as the higher statistics given by the large
dataset allow together to find a local minimum that gives
better focal spot predictions (compare Fig. 44b) than all
other reconstructed surfaces investigated here. This will
presented in the following section.

5.6. Results of Flux Density Prediction
Using Differentiable Ray Tracing

In order to test the flux density prediction of the previ-
ously calculated surfaces, flux density maps at different
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sun positions were calculated using ray tracing and com-
pared to those with an ideal surface.
In the course of a year, the sun has two extreme values:
the longest and the shortest day. All other sun positions
throughout the year fall between the values of these two
days. Thus, the forecast quality for the rest of the year
can be estimated at least approximately by interpolating
between those days. This has been done in Fig. 42.
Here the times of the two extreme value days are plot-
ted against the difference of ||∆EPred||L1 and ∆EIdeal||L1.
||∆EPred||L1 and ||∆EIdeal||L1 represent the L1Pixel devia-
tion of the flux density prediction from those of the ground
truth values. Where ||∆EPred||L1 uses the previously cal-
culated surface and ||∆EIdeal||L1 uses the ideal. The larger
the positive difference to 0, the better the calculated sur-
face performs and vice versa. The relative representation
was chosen for two reasons. First, it can be seen directly
at the null line whether the model leads to an higher or
lower focal spot prediction accuracy. Second, the absolute
improvement of the model is dependent on the selected
resolution of the flux density map. By the chosen repre-
sentation the relation remains independent of it.

In the previous section, the heliostat at 10m distance per-
formed best at the surface reconstruction. This however
is not reflected in the prediction of flux density, as can be
seen in Fig. 42 (blue lines). It performs less effectively
than the source data collected through the defocused he-
liostat (yellow lines) with a similarly precise reconstructed
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surface and also noticeably less precise than the prediction
using data from the diagnosis of 100 meters (red lines).
This is due to its short distance to the tower. Surface
defects have a stronger impact at a higher range as they
scatter more strongly. Thus, the deviation between the
focal spots created by reconstructed and ideal surfaces
also increases with the distance. Accordingly, even a very
roughly reconstructed surface (as at 100m) is of a consid-
erably greater benefit to the flux density prediction than
a very precisely calculated surface at a shorter distance.
Furthermore, it can be seen that the imprecise recon-
structed surface of the heliostat with canting at its real
position (green lines) only results in a small improvement.
For some minutes on the shortest day the prediction ac-
curacy even drops (slightly) below zero. On the longest
day of the year however, the improvement is clear.
Interpolated throughout the year, an improvement of the
flux density prediction can be observed for all heliostat
surfaces trained on one image. This increases when fur-
ther images are added, even though the improvement is
not consistent for all increments (blue and green lines).
The heliostat with canting at its real position forms an-
other exception here. Although the use of 5 images im-
proves the prediction (in the late evening hours of the
longest day it even reaches the accuracy of the uncanted
heliostat), the accuracy still drops below zero between 9
and 10 a.m. This could only be prevented by using 15
images. However, this also results in a reduction of the
improvement throughout the year. Here it becomes espe-
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cially exciting if a look back to the last section is taken.
The reconstruction with 5 images seems less accurate with
15 images. However, the average prediction is better with
only 5 images. Here it can be seen for the first time that
surfaces do not necessarily match the real ones can lead
to very good results. In the later discussion, this fact will
become more evident.
Despite the moderate improvement of the green lines, an
interpolation between the longest and the shortest day al-
lows the assumption, that the overall forecast for the year
will improve compared to the state of the art prediction.
This will be evaluated in more depth in the following on
the example of the green lines in Fig. 42. In Fig. 43,
the positions of the sun during the year are plotted at
half-hour intervals. The color coding in the top row in-
dicates the relative improvement of the flux density pre-
diction. The bottom row additionally shows whether a
prediction is better (||∆EPred||L1 − ||∆EIdeal||L1 > 0) or
worse (||∆EPred||L1− ||∆EIdeal||L1 < 0) than without any
surface reconstruction.
In contrast to the previous plot, it can be seen that not
a single value throughout the year is negative (bottom
row). This can be explained by the fact that the tempo-
ral resolution is significantly lower here. The previously
very local dropouts are simply not included. This speaks
very much for two facts. First, the dropouts only happen
on the shortest days of the year, and second, they occur
very rarely.
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Figure 43: Relative improvement of the flux density prediction
over the year compared to a non-optimized surface.
For the bottom row it is additionally checked if the
quality of the predictions is positively or negatively
affected by the surface reconstruction.
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This becomes more clear in the top row. There, the rela-
tive improvements of flux density prediction over the year
are shown. Here the gradient between the longest (upper
envelope function) and the shortest day (lower envelope
function) of the year is more noticeable. The improve-
ment is stronger throughout the summer months. This
behavior can be explained by the position of the sun. On
the longest days the sun is more perpendicular to the he-
liostat normals. This results in larger focal spot, than on
the shortest days. In addition, the individual features are
more concise. Both result in a larger L1 difference.
This can also be seen in Fig. 44a, where the focal spots
of the measured (ground truth), the ideal and the pre-
dicted surface trained on 15 images are explicitly shown.
The corresponding focal spots for 1 and 5 images are pre-
sented in the appendix Chapter D, because they are not
necessary for the upcoming discussion. Moreover in this
visualization the quality of the images can be inspected.
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(a) Heliostat model trained on 15
images.

(b) Heliostat model trained on 50
images.

Figure 44: Comparison of deflectometrically measured flux
density profiles with measured, ideal and trained
surfaces throughout the year.
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Once again, different times on the shortest day, the longest
day and additionally the equinox in spring are visual-
ized. Despite the very good quantitative improvements,
the qualitative similarities of the prediction to the Ground
Truth (GT) are astonishing.
Many of the prominent features are represented very ac-
curately. Only mini wrinkles are not displayed correctly.
This is due to the strong regularization. Because of the
high underdetermination, (even with 15 images) it must
be avoided to find only a local optimum or in other words
to avoid overfitting. This is regulated by a stronger inter-
locking of the NURBS control points. The high NURBS
order thus manages to map the shape of the surface but
not its local disturbances.

In Figure 44b, this high regularization has been weakened
(the NURBS order of 9 has been reduced to 5). Instead of
physical regularizations, data-driven regularizations were
used. Here, the surface was trained with a total of 50 focal
points (the images are generated using the surface shown
before in Fig. 41). Using the data-driven regularization
the details in the images become sharper, and also the
mini wrinkles are visible in the focal spots (e.g. equinox
and longest day at 3p.m. and equinox at 12 p.m.). Never-
theless, data-driven regularization comes at a price. With
50 images, the optimization took over 3 hours. With the
high image quality achieved, which comes close to that of
deflectometry, it is worth the time.
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Images NURBS
order

Mean focal
spot impr.

[%]

Max focal
spot impr.

[%]

Mean
surface

deviation
[mrad]

1 9 25 52 0.97
5 9 42 84 0.74
15 9 39 47 0.65
50 9 40 46 0.64
50 5 77 155 0.97

Table 5: Quantitative improvements of the flux density predic-
tion (second and third column) for different data set
sizes. The improvement is calculated from the mean
ratio of the focal spot prediction with and without
surface reconstruction over the year. The fourth col-
umn shows the mean normal vector deviations from
these of the deflectometric measured surface.
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Finally, the quantitative results of the flux density predic-
tion and the surface reconstruction will be summarized.
Tab. 5 shows the average and maximum improvements
over the entire year depending on the data set size. The
improvement is calculated by

IMP = 1− L1(Ideal, Ground truth)
L1(Pred, Ground truth)

(53)

Where L1 is the mean absolute error. The result of the
calculation depends on the size of the window in which
the focal spot is viewed. The closer the window is drawn
around the focal spot, the greater the improvement. The
window for Tab. 5 was chosen in such a way that focal
spots can be completely mapped at any time of the day
or year. For the evaluation, sun positions were simulated
in half-hour intervals for the entire year 2022. Especially
for the data set with 50 images, the accuracy of the pre-
diction (despite erroneous surface reconstruction) stands
out. With 77% more accurate results over the entire year
and 155% maximum improvement, the prediction almost
reaches the accuracy of deflectometry. Even though the
improvement is significantly lower when training with only
one image, the effect is also clear here. Even if the real
surface was not found in the calculation, an improvement
of 25% can be achieved compared to the calculation with-
out surface information. It is worthwhile to perform the
surface optimization in any case.
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5.7. Results of Flux Density Prediction
Using NeRF

Lastly, the results of the NeRF network will be reviewed
for its ability to predict the flux density map. NeRF was
trained with different amounts of data, depending on the
data set (Sanity Check, Semi Sphere see Section 4.2.1).
The data sets differ in the level of detail and the difficulty
of the extra- or interpolation. Reconstruction of the test
set should be much more difficult in the Semi Sphere data
set. Nevertheless, NeRF achieves nearly identical predic-
tion accuracies with both data sets (see figure 45). On
the entire test set, the Semi Sphere data set achieves a
peak signal to noise ratio of 27.1 and the Sanity Check
one of 27.8. This is a lot lower than the image quality in
the original NeRF publication (the best reached a ratio
of about 31). Although, there are individual predictions
with high accuracy (Sanity check 8;9, Semi Sphere 12;13),
the prediction is heavily blurred, inaccurate and depen-
dent on the incident angle. Moreover, there are angles
under which the reconstruction fails completely. Interest-
ingly, these angles are independent of the examined data
set. In Figure 45, the images 1 and 17 are particularly
inaccurate for both heliostat types. Thus, at least one
of the previously made approximations (resting heliostat,
constant illumination) must fail in this region.
A further comparison with presented values throughout
the year is not necessary at this point, because the image
quality can already be found as insufficient by eye.
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Figure 45: Predictions and ground truth of the flux density
map of two different ideal heliostats predicted by
NeRF. The upper two rows show the sanity check,
the lower two rows the semi sphere data set.
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5.8. Discussion of AI Methods for Heliostat
Surface Diagnosis and Flux Density
Prediction

Starting with the recently presented NeRF architecture,
it can be said that the results were not very convincing.
None of the data sets was able to provide sufficient accu-
racy for focal spot prediction. Especially for the Sanity
Check data set this is a tough statement. The data set
includes twice the amount of data as used in the orig-
inal publication by Mildenhall et al.. In addition, the
entire hemisphere is limited to a small fraction and the
extrapolation for the test data set is very small. Despite
these easy conditions, a good reconstruction could not be
achieved. Furthermore it can be expected that the predic-
tion breaks down further for angles with a higher deviation
to the training data set.
While NeRF does not perform any better on the Semi
Sphere data set, the similarity of the prediction to the
Sanity Check is remarkable. With half as much (suppos-
edly more complex) data to process, less accurate results
would have been expected. However, the quantitative re-
sults are about the same level. This effect can assum-
able be explained by the larger angles between the images
inside the set also increasing the amount of information
available to the network.
The rather moderate image quality for both data sets can
be explained by the many applied approximations. They
not only negatively affect the overall image quality, but
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are most likely also responsible for the collapse of the im-
age quality in some angles.
In addition, the mediocre image quality is accompanied
by an extremely long computing time. The Sanity Check
data set took almost 8 hours to run on an NVIDIA 2080TI.

NeRF thus has many disadvantages. Where, runtime,
static conditions of the scene, and constant illumination
can be compensated by subsequent releases, this does not
hold for the ray pathing used in NeRF. This simplification
will not be able to model the physics at solar towers. In
principle, ray tracing could be implemented in subsequent
NeRF iterations (or the other way around, the NeRF net-
works can be integrated into the diff. ray tracing tool).
However, especially against the background of the results
using differentiable ray tracing alone, the approach using
a neural network seems highly questionable.

It starts with the principle methodology. Both methods
calculate their gradients physically motivated and update
their parameters using the same AI methods (Backprop-
agation, Adam, LR Deacy etc.). However, differentiable
ray tracing uses only the part of the rendering equation
relevant for the use at solar towers (the reflection equa-
tion). In contrast NeRF uses the whole rendering equa-
tion, but in a simplified version. Diff. ray tracing is there-
fore more efficient and provides better gradients. In prin-
ciple, this kind of gradient calculation could also be imple-
mented in NeRF, but there are other arguments against

210



the use of neural networks.
The main argument are the NURBS for surface descrip-
tion. Using NURBS, the surface is modeled highly ef-
ficiently and complete. Mathematically, there is no he-
liostat surface that cannot be described by the NURBS.
At the same time, it can be described with a minimum
number of control points, and thus with the fewest de-
grees of freedom. This is really important for solving a
task as underdetermined as the surface reconstruction at
the solar tower. In addition to that position of the con-
trol points is dynamically adjusted during training. Local
defects can be mapped as well as long-wave, heliostat-
spanning deformations, by a dynamically and optimizable
density of control points. Therefore, even if no neural
network for surface description is integrated, the NURBS
have the possibility to provide any number of degrees of
freedom for a complete surface description and are able to
strongly regulate the surface with efficient physics at the
same time.

Both properties are necessary for the heliostat surface di-
agnosis. In Section 3.1.4 it was approximated how far a
non-regularized system can uniquely resolve the surface
(compare Fig. 18). Based on the artificially generated
surfaces shown in Fig. 38, it can be deduced how well
the NURBS regularization works. In this comparison the
NURBS regularization allows a reconstruction of approx.
twice the distance as theoretically derived. Without cant-
ing, even a reconstruction of coarsely resolved surface de-

211



fects up to 400 meters is possible. This is a strong argu-
ment for the use of the NURBS surface description.
In Fig. 40 it could also be shown how much influence
the canting has on the reconstruction process. Nearly all
surfaces could be reconstructed with low (at a distance of
100m) to very high accuracy (in a distance of 10m and the
real position without canting). To obtain such clearly re-
solved surfaces (outside the focal length and with one im-
age), a strong regularization by the NURBS was needed.
However, this did not resolve the fine wrinkles of the he-
liostat structure.
In exact focal length a different picture appears. Using
only one image, the high underdetermination (due to the
permutability) of the system prevents a real surface from
being found. More images (up to 15) increased the image
qualty a lot and a reconstruction becomes possible.
What is interesting about this is that it could be shown
that realistic surfaces are not necessary for a focal spot re-
construction. Even in a completely failed reconstruction
with only one image in exact focal length, an average im-
provement of 25% throughout the year could be achieved
(Fig. 41). Previously, ADAM was used as the optimizer
for optimization with only one image. For this underde-
termined problem, such a local optimizer is only partially
qualified, since the training can quickly fall into a min-
imum that it can no longer leave. If only one image is
available for use on the tower, a global optimizer such as
Basin Hopping should be considered. With this, probably
significantly higher improvements can be expected.
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For a better focal spot prediction with finer image de-
tails, the physical regularization can also be replaced with
a data-driven one. The NURBS can also be applied for
this purpose. By using more images (Fig. 42), the average
prediction accuracy could consistently be improved. The
only exception is the transition from 5 to 15 images of
the heliostat in exact focal length (Fig 42, green lines) to
the tower. Here, the additional images prevented the ac-
curacy of the prediction from becoming negative at some
points in time, but the average accuracy was lower than
the training with only 5 images. Despite the low average
accuracy, distinct features of the focal spots are depicted
very well in the individual images of the focal spots (Fig.
44a), which seems to contradict these results. The quanti-
tative deviation can be explained by a larger scatter/blur
in the edge areas of the focal spots, which form a slight
corona and thus negatively influence the loss. The discrep-
ancy between average accuracy and high image quality
can probably be resolved by simple post-processing steps
like threshold operations, as it was done in 4.1. Even
without these steps, a consistent improvement of the an-
nual forecast could be achieved (Fig. 43). Nevertheless,
the images are lacking in fine details, which is due to the
strong physical regularizations that are still needed using
only 15 images. Physics and data-driven regularizations
work against each other in this data range. This barrier
is overcome through the use of even more images.

In Fig. 44 the flux density maps of the surfaces gener-
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ated by 15 images (Fig. 44a) and 50 images (Fig. 44b)
are compared. Using 50 images, the quality of the images
is increased by far. A mean improvement of 77% and a
maximum of 155% is stunning. The focal spots now in-
clude fine details e.g. like mini-wrinkles. However, this
did not have a positive effect on the reconstruction of the
surface
But, even if the reconstruction of the surface is negatively
effected by the canting and the surfaces do not have a high
agreement with reality, extremely accurate focal spot pre-
dictions can be made throughout the year.

The solar tower in Jülich is by far not the largest solar
power plants. Distances to the tower of up to 1.5 km are
quite possible. At such distances it becomes impossible
to reconstruct the surface of a heliostat correctly using
only its focal spot. Nevertheless, the NURBS surface is
an ideal description of the heliostat mirror. With it, the
mirror can be described efficiently with the smallest pos-
sible number of free variables. How well this works could
already be observed at the heliostat in exact focal length.
Although the reconstruction of the surface has not a high
agreement with reality, focal spots can be generated which
inherit an enormous depth of detail (compare Fig. 44b).
A focal spot at an extremely long distance does not show
such fine details at all. Which is why fewer free variables
and thus less images can be expected to produce similar
efficiency gains.
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In summary, the results provided by NeRF were not very
convincing. On the one hand, the approximations made
could not be met by the physics at the tower. On the other
hand, the use of neural networks for heliostat surface re-
construction is generally questionable. To describe such a
strongly underdetermined system with an immense num-
ber of free parameters, but without strong physical regu-
larizations seems to be the wrong approach, especially in
comparison with the results of diff. ray tracing.
This, in turn, supported by NURBS, is capable of re-
constructing heliostat surfaces from its focal spot at a
distance of several hundred meters away from the solar
tower. Outside the focal plane, a single calibration image
is sufficient for this purpose. One image is also enough
to improve the flux density forecast for the whole year
with exceptions of only a few minutes. As the data set
grows, these gaps can be closed and image quality can be
improved both qualitatively and quantitatively.
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6. Summary of Digital Twin
Methods for In-Situ Solar Tower
Plant Optimization

After the individual algorithms for the respective tasks
(heliostat calibration, surface diagnosis, flux density pre-
diction) have been discussed, the methods themselves,
namely the diff. ray tracing and the neural networks, will
now be discussed together.
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6.1. Discussion
Differentiable ray tracing performed successfully in all ar-
eas tested and, is as far as the author knows, the first
algorithm capable of extracting this extensive amount of
information from heliostat focal spots.

The heliostat surface diagnostics delivered impressive re-
sults. In particular, the NURBS surface used for regu-
larization was able to show its strengths here. The more
data is available, the more control points and the lower
the NURBS order can be set. With the strongest, purely
physical regularization, heliostat surfaces could be recon-
structed with only one cal. target image at a distance of
up to 400 meters (Fig. 38). Also the high underdetermi-
nation, caused by the canting could be counteracted by
the data-data driven approach (Fig. 40). Nevertheless, it
could only be pointed out that a target image, which was
not taken directly in the focal plane, leads to considerable
improvements of the reconstruction, even if the heliostat
is moved further away from the target for this purpose.

By (partially) dropping the physical regularization and
using more data, the flux density prediction could be im-
proved quantitatively and qualitatively (Fig. 44a to 44b).
Even the mini wrinkles of the heliostat could be displayed
in the target images. For all data set sizes, starting by
one image, an improvement for the entire year could be
achieved 43.
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NeRF had considerably more images available for the same
task and could not deliver acceptable results despite the
additional degrees of freedom (Fig. 45). Both the physics
within NeRF (raypathing) and the approximations made
for the application at the solar tower do not seem to be
valid. Due to the astonishing results of the NURBS sup-
ported diff. ray tracing, the work on this type of network
was discontinued.

Although the heliostat calibration could not be compared
quantitatively, it could be shown in Section 3.1.6 that the
algorithm used in Jülich and the diff. ray tracing are iden-
tical under certain minimalistic conditions and that by
abandoning these, only the ray tracer can benefit. Cali-
bration by means of diff. ray tracing works with images
and additional loss terms and therefore has more infor-
mation available than the conventional heliostat calibra-
tion (which uses tabular data only). Thus, the required
data set for the calibration can either be reduced or the
accuracy can be increased by additional variables while
keeping the amount of data constant.

Nevertheless, using the same variables as studied in Sec-
tion 2.4, the algorithm will also converge to the same poor
predictions as the LM in Fig. 33. This is where the white
box model meets its limits. On the one hand, the pre-
modeling of every single expected error is a very difficult,
maybe even impossible task. On the other hand, the num-
ber of these errors and thus degrees of freedom would far
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exceed the available amount of data. The presented black
box models help here in two ways.
Firstly, the nodes of the network are strongly intercon-
nected and can therefore also represent non-linearities with
a more or less similar number of parameters as the GM
(see Section 5.4).
Secondly, the pre-modeling of the parameters is completely
omitted, at least in the unsupervised pretraining. A net-
work trained in this way was able to achieve accuracies
similar to the geometry model used in Jülich on the ex-
isting data set of 300 training points. The difference is
that the accuracy of the GM started to stagnate after 150
data points, while the accuracy of the NN was falling for
the whole range and thus further improvements are to be
expected. In addition, since no GM has to be tailored to
a specific heliostat class, the network is also transferable
to other solar towers (after re-training).
For the supervised pretraining a GM still has to be pre-
modeled. However, a rudimentary one like the one used
in Jülich should generally be sufficient. With this, an un-
precedented accuracy of 0.42mrad could be achieved for
a heliostat at a distance of 200m away from the tower.
In both cases, the pretraining served as a data-driven reg-
ularization and prevents the network from overfitting de-
spite the many parameters. Further improvements are
still expected with additional data.

In contrast to the heliostat surface, which is excellently
described by the NURBS, the heliostat’s alignment model
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don’t reaches realities complexity. Neural networks are
the better choice for this problem. As shown in Fig. 36
they are capable of catching almost any error if provided
with enough data.

However, exactly the latter remains a challenge. The 250-
300 training data points used are not only at the limit of
what is feasible, for large fields this even goes beyond that
scale. Here, either additional measurement campaigns
or new measurement methods are necessary to generate
enough data for the NN. But based on the unprecedented
high accuracies of the new method, this additional effort
seems worth it in any case.

An alternative approach to both possibilities is to inte-
grate the MLP into the diff. ray tracing environment to
further reduce the required amount of data. The differen-
tiability allows the neural network to be placed directly at
the location of the alignment function within the environ-
ment. Input and output parameters remain identical for
the function, only the content changes from linear algebra
to a neural network. Thus, the network can also benefit
from image data and new loss types. However, such an
implementation still has to be tested.

Following this, the use of differentiable ray tracing as a
digital twin environment on the solar tower is highly rec-
ommended, even for tasks beyond those presented here.
Excellent heliostat twin instances can be generated and
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also be operated independently of the actual power plant
operation, e.g. for research. In addition, the ray tracer
offers the possibility to replace individual functions with
black box models. This makes it possible to always get
the best out of the highly varying data sets on the tower.
In summaray, as long as a sufficiently large data set is
available, arguably no algorithm is better suited for he-
liostat calibration than a neural network. As long as the
data set is still being built, diff. ray tracing should be
used. This may change if the neural network is used in-
side the ray tracing environment.
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6.2. Conclusion
This work explored the potential of differentiable ray trac-
ing and neural networks in the context of solar towers.
The research demonstrates that differentiable rendering
is particularly suitable for the in-situ application at so-
lar towers. The differentiable ray tracer, which was de-
veloped from scratch in this work is capable to optimize
every relevant parameter in the heliostat field by means
of measurement data. This digital twin environment can
centrally control heliostats, derive their individual errors
and predict future behavior.

By using images from the fully automated heliostat cali-
bration, which is already implemented in most solar power
plants, the approach is capable of predicting the irradi-
ance fully automated and with unprecedented accuracy.
This leads to a 25% improvement in flux density predic-
tion throughout the year with just one image, and up to
a 77% improvement with 50 images compared to state-
of-the-art ray tracing methods. Extensive in-silico exper-
iments suggest that these findings can be generalized to
the entire heliostat field. Notably, this method is the first
to extract information from heliostat focal spots to re-
construct corresponding surface deformations. Due to its
computational efficiency and minimal data requirements,
it can be implemented at a relatively low cost, necessitat-
ing only software adjustments.
The direct image processing also adds additional infor-
mation to the heliostat calibration. With a first proof of
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concept it was shown, that the calibration is now able
to correct previously neglected errors. The use of images
should not only reduce the data set needed for optimiza-
tion but also allow more variables without the risk of over-
fitting.

In supplementary experiments outside the differentiable
ray tracing environment, purely data-driven neural net-
works without physical constraints were tested.
These include pretrained MLPs for heliostat calibration
and NeRF networks for flux density prediction. In both
cases, the physical pre-modeling is replaced by the respec-
tive network structure. The MLP for heliostat calibration
outperformed state-of-the-art methods, achieving an un-
precedented accuracy of 0.42mrad for a heliostat 250m
from the tower. A new benchmark also in comparison
with literature. This method also enables the easy in-
tegration of complex measurement variables, such as lo-
cal wind speeds, to further reduce tracking errors. How-
ever, achieving such high accuracy required a large dataset
of over 300 measurements, which may be impractical for
large heliostat fields. This limitation can be mitigated by
incorporating these networks into the differentiable ray
tracing environment and providing both physical informa-
tion about the heliostat and additional information from
the directly processed image data.
The NeRF networks were not convincing in the prediction
of the irradiance. On the one hand, some approximations
made, which were needed to adapt them to the calibration
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task, could not be fulfilled. On the other hand, the addi-
tional free variables did not bring any further advantage.
For this task, the differentiable ray tracing method has
notable strengths: without restrictions, it is a physically
motivated model, which on the one hand has enough pa-
rameters to represent reality completely, and on the other
hand offers flexible surface regularizations.

Nonetheless, some aspects remain unexplored in this the-
sis. Real data from solar towers has not yet been tested in
the ray tracing environment, and the integration of neu-
ral networks for heliostat calibration, which has shown
promise, remains pending. However, subsequent research
has successfully addressed these aspects.
Interested readers are directed to the publications Pargmann
et al. (2023a) [131] and Pargmann et al. (2023b) [132].
The first publication introduces the application of differ-
entiable ray tracing at solar towers with real data, achiev-
ing even more accurate flux density predictions than those
with deflectometric-supported ray tracing. The second
publication combines rigid-body kinematics with a neural
network for heliostat calibration, achieving unprecedented
accuracy starting from the initial measurement.

Ray tracing has occupied a central place in solar tower re-
search even before this thesis and with the introduction of
differentiability, it is now possible to employ ray tracing in
a data-driven manner at solar towers. This approach com-
bines the strengths of a physically motivated model with
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the flexibility of modern approaches like neural networks.
It offers a comprehensive representation of reality and can
be supported by flexible regularization techniques. In the
future, neural network-enhanced differentiable ray tracing
could replace existing algorithms and serve as a central
digital twin for open- and closed-loop control, diagnos-
tics, and predictions in heliostat fields. It represents the
key element in efficient, autonomous, and intelligent solar
power plants.
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6.3. Possible Future Applications for
Differentiable Ray Tracing

In summary, differentiable ray tracing could already de-
liver very good results, e.g. in the reconstruction of he-
liostat surfaces from focal spot images, but overall it re-
mains behind the resolving power of deflectometry. This
is mainly due to the better local resolution of the light
source. Such a light source can also be built directly into
the ray tracer. With this the deflectometry can be per-
formed much more stably since the solver is no longer
based on geometric optics. By using diff. ray tracing
the required amount of images is reduced to one (the de-
flectometry needs at least 3), which reduces the exposure
time drastically. Furthermore, a wrong alignment of the
heliostats no longer leads to the breakdown of the pro-
cedure. The alignment could even be optimized directly.
The method should also be more robust against errors
from from dew and dirt. Diff. ray tracing thus not only
creates a substitute for deflectometry in everyday opera-
tion, it also offers a way to automate the known proce-
dure. This gained stability can also be used outside the
solar tower industry, whenever the laboratory conditions
usually required for deflectometry cannot be met. Such
a ray tracing supported deflectometry for industrial pro-
cesses, such as in the aircraft or automotive industry, was
patented in the course of this work.

Even if this work depends mostly on images taken by the
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heliostat calibration, images on the receiver are of course
also a suitable input. The differentiable description works
here as well. Diff. ray tracing can make a gradient based
optimization of the aim point distribution on the receiver
possible for the first time.

Until now, only the optimization of the power plant in
its existing state was considered. However, optimization
can also start with the designing of the plant. Given a pre-
modeled ideal flux density on a receiver, the heliostats in
the field, their number, position or even mirror shape can
be dynamically optimized using the new gradient method.
On the one hand, this would allow the power plant to be
designed under more realistic conditions (e.g. uneven-
ness of the landscape can be taken into account). On the
other hand, more fundamental questions can be asked,
e.g. about the ideal heliostat shape, size or distribution
in the field. The wide variance of heliostat models in the
industry suggests that these questions remain unresolved
to this day. With the joint optimization of these quan-
tities, for example, dynamic relationships that have not
been considered so far can be opened up. Of course, there
are also circumstances that cannot be simulated by diff.
ray tracing, such as material costs. Nevertheless, the ray
tracing environment forms a physically more exact de-
scription of reality than common tools, so that features
like material abrasion etc. could also be simulated.
Furthermore, since completely independent sizes can be
optimized, this also allows completely new questions to be
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asked. A field which was designed for a special aim point
control is just as possible as a receiver shape matching the
heliostat shape.

The NURBS provided a very good physical regulariza-
tion so far. However, the NURBS basically do not know
what a real heliostat looks like. Prasad et al.[109] could
already show that NURBS can also be used as NN lay-
ers. The NURBS in diff. ray tracer could be preceded
by NNs which were pretrained on measured real surfaces.
In this case the NNs would act as a memory function to
further regularize the surface. Thus, surfaces could be
reconstructed that are still significantly more underdeter-
mined.

6.4. Possible Future Applications for Neural
Networks

Differential ray tracing has its limitations5.5. Depending
on the level of detail of the surface and the distance of the
heliostat to the tower a correct reconstruction can become
impossible. The NURBS surfaces could show that even
with nonphysical surfaces good results can be achieved,
but in this area the whole approach of surface reconstruc-
tion is questionable. Instead, neural networks can be used
to bypass this intermediate step by mapping directly from
the sun position to the resulting focal spot. Previous ap-
proaches showed a rather large data requirement for this,
but a solid pretraining (e.g. with very realistic looking
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NURBS surfaces) where the heliostat learns the general
mapping function and just has to re-map to the heliostat
specific defects could significantly reduce the data require-
ment of these generative models.

The neural networks for heliostat calibration could also
shine with their results in this work, even if the amount
of data was rather too large. Nevertheless, this offers new
approaches. So far this work has discussed exclusively
in-situ methods, but Carballo et al.[54] have already suc-
cessfully shown how well neural networks work when con-
ditions are created especially for them.

A calibration process takes up to one minute. For a field
of many thousands of heliostats, the data set per helio-
stat remains very small. However, the method can be
improved by moving more heliostats to the target at the
same time. The allocation of the focal spots as well as
their segmentation would then be taken over by a neural
network. With each additional heliostat that can be cali-
brated at the same time, the amount of available data is
doubled. This solution is already patented and the imple-
mentation is in progress.

The heliostat calibration also needed so much data, be-
cause the task requires an extrapolation of the learned
data. For example, if a heliostat is measured for an en-
tire day, the input (sun array) data on the next day will
be a little higher or lower in the elevation than the day
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before. The more distant the new day is to the training
data set, the stronger the extrapolation (this applies simi-
larly to randomly chosen measurement points). However,
a heliostat only moves to a certain number of motor posi-
tions within a year. With a (well adjusted) moving lamp
on the heliostat, or an installed spotlight and a moving
drone with a target, these outer motor positions can be
steered to. With these motion profiles, even with tabu-
lar data, the network should be able to learn the required
control function much faster, since all values can be in-
trapolated. Possibly a calibration of the heliostats can be
omitted if such an initial measurement is done, albeit very
precisely.

Finally, when talking about AI at a power plant, the issue
of safety must always be discussed. The black box behav-
ior can cause essential components of the power plant to
have spontaneous dropouts, since their behavior cannot be
predicted. Here, safety functions are necessary to control
the output of the AI without affecting its speed. Again,
differentiable ray tracing offers an ideal environment for
this. On the one hand, trained models can be tested for
their behavior in this environment under conditions that
are as real as possible. On the other hand, the black box
models can be run in parallel to white box models within
this environment and thus they can be compared to each
other, which provides a save operation.

Because one thing is certain: No matter whether in pre-
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diction, diagnosis, simulation or control, the use of neu-
ral networks and generally AI methods at the solar tower
power plant will increase dramatically in the coming years.
This is because the possibilities of these algorithms are
greater today than ever before. The differentiable ray
tracing offers an excellent simulation environment for all
upcoming methods and also acts independently as a digi-
tal power plant twin and hopefully lays the foundation for
an efficient, autonomous and intelligent solar power plant.
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Appendix

A. Used Parameters and
Abbreviations of the Geometry
Model

In table 6 all used parameters and abbreviations are listed.
The function template used at the solar tower in Jülich
assumes a model heliostat with 2 axes. Thereby each axis
can move the suspension point ( ~O1) by a constant vector
(~v12,~v2M). Without rotations the suspension point (the
mirror center) would be: ~OM = ~O1+~v12+~v2M . Each rota-
tion R is described by a rotation matrix depending on the
angles α, β, δ, γ, τM , θM and is acting on either the first or
on both translation vectors. Where α, β, δ, γ are constant
angles of misalignment (which have to be determined by
the regression algorithm) and τM , θM are the actual con-
trollable alignments of the heliostat, measured in motor
positions. Beside these rotational misalignments, for each
axis the gear ratio (GR1, GR2) and an offset (τk, θk) are
considered for the control parameters τM and θM . A dis-
trinction is made between the Fixed Coordinate System
(FCS), describing the position and the orientation of the
pedestal of the heliostat and the Rotational Coordinate
Systems (RCS1, RCS2) belonging to the movement of the
first and second rotational axes.
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Sym-
bol

Explanation Degrees of
Freedom

Dependen-
cies

Explanation

R01 Alignment 1. axis (incl.
tilting)

2 (rotation) α Fixed rotational dis-
placement in FCS

β Fixed rotational dis-
placement in FCS

Rθ Rotation 1. axis 1 (rotation)
+1 (gear ra-
tio)

θM Tracking angle azimuth.
variable rotational dis-
placement in RCS1

θk Axis offset in RCS1
GR1 Gear ratio

~v12 Distance between sus-
pension point and axis 1

1 (transla-
tion)

- -

R12 Axis tilt 1. axis 1 (rotation) γ Fixed rotational dis-
placement in RCS2

Rτ Rotation 2. axis 1 (rotation)
+1 (gear ra-
tio)

τM Tracking angle elevation.
variable rotational dis-
placement in RCS2

τk Axis offset in RCS2
GR2 Gear ratio

~v2M Displacement between 2.
axis and mirror center

1 (transla-
tion)

- -

R2M Mirror tilt 2. axis 1 (rotation) δ Fixed rotational dis-
placement in RCS2

~O1 Heliostat suspension
point (without transla-
tion)

3 (transla-
tion)

- -

~OM Heliostat suspension
point (mirror center)

3 (transla-
tion)

All of the
above

-

Table 6: Matrices and vectors used for the function template
underlying the Levenberg-Marquardt regression algo-
rithm and abbreviations used in the text.
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B. Optimization Potential of
Existing Software

During this work, several opportunities for improvement
of existing processes and methods have been identified and
will be addressed here. They are only indirectly related
to the presented methods, but should be considered e.g.
in the further development of diff. ray tracing.

The former has already been mentioned in a footnote of
this work. MLP and the geometry model both work with
tabular data. These contain, among others, the center of
the displaced focal spot. At the solar tower in Jülich this
calculation takes place via a mean, but not a centroid de-
termination. This increases the error of the calculation.
Since the conclusion of this work is not to use tabular data
in the future, this is a negligible change.

More serious is the next problem (which has also been
mentioned in a footnote). Currently, there is no separa-
tion of the training and test sets at the tower. But this
is elementary, because the accuracy of the training data
set has no significance at all. Thus a new measurement
can lead to incorrect geometry parameters being adapted.
For the use of neural networks this problem is even more
aggravated. For very small data sets a train/test ratio of
50:50 should be used, for growing data sets the test ratio
can be reduced to 10%.
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The next problems are related to the effective running
time of the ray tracers used. While, shading and blocking
were excluded in this work, for future implementations
this will not be the case. Thus, this still has to be im-
plemented. STRAL currently uses a bounding box based
method to calculate the blocked/shaded rays. A method
that is usually used for complex structures like leaves in
trees to save computing power. For simple structures like
heliostats this method is very computationally expensive.
Here the use of so called shadow rays could speed up the
process significantly and is therefore a good choice for the
implementation in the diff. ray tracer.

The last problem concerns ray sampling which the diff.
ray tracer has taken over from STRAL. Here the heliostat
is discretized first. Randomly sampled (sun distributed)
rays are then emitted at each discrete point. The rays are
then distributed again at the receiver to the discrete pix-
els of the image. This method, which is based on Monte
Carlo sampling, is used to solve the irradiance integral and
is very efficient for whole scenes where the ray scattering
is unknown. However, this precondition does not apply
to the application at the solar tower. A better approach
would be to start the rays at the image pixel, reflect them
at the continuous heliostat surface and check if the light
source was hit. Since the spatial direction of the heliostat
is known from the pixel’s point of view, the rays would
only have to be emitted in an extremely small arc. With
this linear discretization of space, the required number of
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rays could be reduced from N to
√
N . This would be

equivalent to an immense acceleration. STRAL is too ad-
vanced to make such fundamental changes. However, for
the diff. ray tracing environment this is still a feasible
way.
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Parameter STRAL Diff. ray tracer
Longitude 6.36 6.36
Latitude 50.92 50.92
Height 0 0
Atmospheric Pressure 1.013 bar N.A.
Ambient Temperature 20 ◦C N.A.
Shading Objects No No
Receiver Pos ENU [0,-3.23,35.89] m [0,-3.23,35.89] m
Eval Plane 5 m 5 m
Heliostat Position [13.2, 25.0, 1.795] m [13.2, 25.0, 1.795] m
Bitmap Resolution 256x256 256x256
Sun Vectors [-0.43719268, 0.7004466,

0.564125 ]
[-0.43719268, - 0.7004466, -
0.564125 ]

Sun Shape Gaussian Gaussian
Discrete Points on He-
liostat

4096 4096

Enable Shading No N.A.
Enable Blocking No N.A.
Blocking by Shading
Objects

No N.A.

Enable self Shadowing No N.A.
Enable self Blocking No N.A.
Ray Multiplicator 100/1000 100/1000

Table 7: Parameters in STRAL and diff. ray tracing for speed
comparison. The ray multiplicator was changed for
the 2 runtime simulations.

C. Diff. Ray Tracing and STRAL
Runtime Comparison Parameters

Table 7 is a list of the parameters used to compare the
runtimes of STRAL and the diff. ray tracer. The coor-
dinate systems were adjusted from NWU to ENU. For a
better comparability identical variables, which are named
differently in the two programs, were also renamed here.
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D. Additional Irradiance Maps and
Surface Reconstructions

During the discussion of the flux density maps and the
surface reconstructions, some surfaces or focal spots were
not shown to ensure the reading flow. For the sake of com-
pleteness, they are presented here. In Fig. 46 flux density
maps are shown from training with 1 to 5 images. The
flux maps correspond to the yearly improvements shown
in Fig. 43 and the shown surfaces in Fig. 40.
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(a) Heliostat model trained on 1
images.

(b) Heliostat model trained on 5
images.

Figure 46: Comparison of deflectometric measured flux den-
sity profiles with measured, ideal and trained sur-
faces throughout the year.
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