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”There are a thousand no’s for every yes.”
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Abstrakt

Die Energieausbeute von Heliostatfeldern wird hauptsächlich durch die Zielgenauigkeit der
Heliostaten beeinflusst. In dieser Arbeit wird ein neuartiger Ansatz zur Optimierung der
Zielgenauigkeit vorgestellt, der dynamisches Heliostat-Verhalten berücksichtigt und die An-
zahl benötigter Trainingsdaten reduziert.
Der Industrie-Standard der Verwendung eines kinematischen Modells mit steifen Körpern
wird um eine Geometrieparameter-Optimierung durch ein Neuronales Netz erweitert. Mit
der vorgestellten Methodik können dynamische Abweichungen vom idealen Verhalten auf-
grund mehrerer Stellgrößen berücksichtigt werden. Durch die Reduktion der Problem-
Komplexität vom gesamten kinematischen Verhalten auf die Vorhersage der Abweichun-
gen vom idealen Verhalten, können einfache Netzwerk-Architekturen verwendet werden. Im
Vergleich zur bisherigen Anwendung Neuronaler Netze entfällt die Notwendigkeit des Pre-
trainings zum Erlernen der Kinematik, und folglich wird die Anzahl benötigter Trainings-
Datenpunkte reduziert. Die Kombination der Verwendung eines vortrainierten kinematis-
chen Modells mit dynamischer Geometrieparameter-Anpassung, übertrifft die Zielgenauigkeit
des derzeitigen Industrie-Standard für mehr als 95% der getesteten Daten.
Durch die Einführung einer Distanz-Metrik zwischen den Sonnenpositionen einzelner Kali-
brierpunkte, wird eine Methodik zur Beurteilung der Abdeckung des Heliostatverhaltens
durch gegebene Datensätze geschaffen. Diesem Prinzip folgend, wird ein Algorithmus zur
Aufteilung von Datensätzen in Trainings-, Validierungs- und Testdaten eingeführt, der heuris-
tisch die Abdeckung des Heliostatverhaltens, sowie die Datenpunktverteilung optimiert. An-
hand von drei Datensätzen, die während des Betriebs am Solarturm des DLR in Jülich im
Zeitraum zwischen Mai 2021 und Oktober 2022 gesammelt wurden, wird die Verwendung der
mittels der Metrik erstellten Datenpunktverteilung evaluiert. Für zwei von drei Datensätzen
werden mittlere Zielgenauigkeiten von unter 1mrad bei kleinen Trainingsdatensatzgrößen
von 20 Trainings- und 20 Validierungsdaten erzielt.
Zukünftig können die gesammelten Erkenntnisse dazu genutzt werden, die Datenverteilung
von Heliostatdatensätzen besser zu beurteilen.
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Abstract

The efficiency of heliostat fields is mostly affected by the heliostat’s alignment accuracies. A
novel approach for optimizing these accuracies is introduced within this thesis, that includes
dynamic heliostat behavior and reduces the amount of required training data.
The current state of the art approach of using a rigid-body kinematic model is extended by
exchanging the model’s geometry parameters by a neural network. Using this method allows
the model to account for various dynamic impacts, such as structural bending. By excluding
most of the ideal kinematic behavior from the neural network, the problem-complexity is
reduced to computing deviations from the ideal behavior and thus applying simpler neural
network architectures. In constrast to current neural network approaches, no pretraining
on modelled data must thus be applied, which reduces the required amount of training
data. The combination of using a pre-optimized kinematic model with dynamic geometry
parameter adaptation by a neural network exceeds the current industry standards accuracies
in more than 95% of the given test cases.
By introducing a distance-metric between calibration data points’ solar positions, a new
method for evaluating a dataset’s coverage of the entire heliostat behavior is achieved. Fol-
lowing this principle, an algorithm for splitting datasets into training-, validation- and test-
data is introduced, that heuristically optimizes the data point distribution and heliostat
behavior coverage. By means of three datasets that were collected at the German Aerospace
Center (DLR)’s solar tower in Jülich between May 2021 and October 2022, the introduced
metrics benefits to model training are verified. For two out of three datasets the trained
model achieves average heliostat alignment accuracies below 1mrad for the entire year start-
ing from as little as 20 training- and 20 validation data points.
The obtained scientific insights in future can be applied to improve the evaluation of heliostat
alignment dataset distribution as well as the performance of different heliostat models.
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1. Introduction

The global energy sector is still dominated by fossil fuels, with alternative power sources
only supplying about 20% [1] of the global energy demands. One promising approach for
diversifying the energy production with renewable sources lies in the application of Solar
Towers (STs), whose concentrator e�ciency optimization is the focus of this thesis.

Recent events emphasized a possible lack of robustness in the energy supply of regions, where
single energy sources hold high shares. In 2022 technical issues and maintenance forced a
shutdown of 57% [2] of France's nuclear power generation capacity (equalling about 40% of
France's total power generation capacity and 6% of Europe's power generation capacity).
Meanwhile, a severe drought forced power cuts at the world's largest hydropower plant in
China [3]. At the same time, the German shift from coal to natural gas induced soaring
energy prices, when Russian gas exports stopped in the wake of the Ukrainian war, reducing
the nation`s economic growth by 1,8% [4]. Furthermore, the shift from fossil fuels to alter-
native sources, that is necessary to stop human induced climate change, will lead to a higher
consumption in minerals and has started a global race to ensure mineral supply chains [5].
To stabilize the global energy supply the means of energy production thus will have to be
diversi�ed.

ST is mostly independent from rare earth elements [6] as well as being capable of storing
energy directly as high temperature heat, reducing the required amounts of batteries for its
operation. Therefore, a ST plant's material requirements di�er greatly from competitors
such as photovoltaik, making it a viable alternative for energy diversi�cation.
Paramount to each ST plant is its collector`s concentration accuracy. Collector alignment
errors cause potentially dangerous structural burnups and lead to e�ciency losses reducing
plant e�ciencies down to 58%-72% [7]. To improve the concentration accuracy, a digital
twin of the plant's collector is created and calibrated on real world performance data. A
virtual twin thereby represents a model, whose parameters are �tted to performance data
from the real world object. Collector calibration spans the process of collector beam cha-
racterization (data gathering) with systems called Beam Characterization System (BCS), up
to the gathered data evaluation and collector model training.

1.1. Motivation

A multitude of BCS [8] as well as collector models and model training techniques have been
proposed, but still leave room for improvements. Every collector model's capability to pre-
dict events outside the training dataset depends on the model's abstraction capability. The
major lever in model training therefore is the amount of collected data as well as the data's
noise ratio. Sarr et al. (2023) [9] noticed a dependency between training data distribution
and alignment model performance, but didn't present any further investigation. Therefore,
no means to evaluate a data point's added value to a dataset have been published until
today. The lack of su�cient referencing of data distributions poses a signi�cant challenge in
comparing the performance of di�erent alignment model approaches.
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Another impact on the model's abstraction capability is the model's completeness. The
conventional training approach, which relies on numerical optimization for model parameter
estimation, succeeds in learning from small datasets. However, it demonstrates limitations
in being restricted to rigid-body mechanics and therefore is unable to include environmental
in�uences and alignment-dependent factors such as structural bending induced by load.
These neglected impacts, however, were found [10] to potentially cause major deviations on
the concentrator's behavior. Neural networks can �x this shortcoming, but require larger
datasets [11]. However, data acquisition to this date is time intensive and thus expensive [8].
Another issue when applying neural networks to ST systems is their power plant nature and
therefore the high demand for system safety and predictability. Handling full concentrator
control to an Arti�cial Intelligence (AI) might become a hurdle for obtaining permits from
local regulators.

1.2. Aim

This thesis aims to answer two scienti�c questions. First, whether heliostat alignment data
point values can be quanti�ed and second, if the standard approach of kinematic heliostat
modelling can be combined with modern Neural Network techniques to achieve dynamic
behavior modelling on low amounts of data.

To improve the evaluation quality of alignment models, a stochastic approach to alignment
training data distributions is pursued. A distance function between data points is introduced.
Based on this distance function, dataset distributions can be stochastically quanti�ed and
thus compared. The found principles are furthermore applied to introduce a conservative
estimation to an alignment model's performance on a given dataset and thus give more real-
istic expectations to its prediction capabilities. The same approach is additionally employed
to demonstrate that a signi�cantly smaller amount of model training data is necessary, when
the training data is equally distributed based on distance.

A two-layered heliostat alignment model, that can account for dynamic behavior such as
structural bending, wear or environmental impacts, is implemented into a fully di�erentiable
environment [12]. This is achieved by using the standard kinematic model approach as
�rst layer while enhancing its constant kinematic parameters in the second layer by using a
dynamic disturbance model, that predicts deviations to the parameters based on given inputs
such as the alignments orientation. The introduced performance estimation techniques are
eventually applied to compare the suggested alignment model to the standard kinematic
model approach.

1.3. Structure

In section 1 the research topic's motivation, aim and structure are introduced, while sec-
tion 2 summarizes the relevant scienti�c foundation and focuses on constructing a terminol-
ogy framework on which this work is based upon.

Section 3 gives an evaluation of the results and approaches of related research on the topic of
heliostat alignment optimization. Special focus is given on dataset distributions and result
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presentation.

The following chapters section 4, section 5 on introducing the applied methods. First, he-
liostat alignment datasets are stochastically analyzed and a metric for evaluating heliostat
alignment models is derived in section 4. Thereafter a new approach for heliostat alignment
models is introduced in section 5.

The investigated datasets are introduced in section 6. Section 7 introduces the pursued ex-
periments and their results. The �ndings are then discussed in section 8.

Eventually, section 9 summarizes the thesis' results and section 10 provides an outlook into
further research opportunities.
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2. Scienti�c Foundation

This research is set within the overlapping scienti�c areas of concentrated solar power plants,
digital twin modelling, machine learning and arti�cial intelligence. Therefore, these topics'
theoretical foundation, relevant to this thesis, is summarized within the next sections. Fur-
thermore, a common terminology is pursued, as the above-mentioned research �elds follow
di�erent approaches, which results in their terminology being ambiguous.

2.1. CSP Power Plants

Concentrated Solar Power (CSP) systems can be divided into �Trough� and �Tower� systems.
A ST plant collects solar radiation and concentrates it onto a receiver area. Consequentially,
the receiver energy density, known as �ux, exceeds its surroundings. Once concentrated, the
energy can be transferred to a reactor as heat and either be directly converted into electricity,
stored in a heat accumulator or used as process heat (e.g. to create solar fuels).

Figure 1: Principle of a Solar Tower system. The solar radiation is redirected by a collector onto a
central receiver. The resulting high energy density is then applied to industrial processes
(e.g. power generation) within a reactor.

A major component of each ST plant is its collector. Relevant in the context of this thesis
are CSP Tower systems, shown in Figure 1 and thus heliostat �eld collectors. A heliostat is a
set of mirror facets, called concentrator, mounted on a controllable kinematic that can track
the sun and thus concentratethe incoming solar radiation onto a �xed aimpoint. Multiple
heliostats combined are known as a heliostat �eld. To avoid dangerous structural burnups
at the receiver and minimize e�ciency losses, a regulated �ux distribution at the receiver is
desired.

2.2. Digital Twin

According to Kuhn et al. (2017) [13], a digital twin is a virtual representation of a model's
expected behavior, that is optimized to �t measured performance data of its physical counter-
part. The central motivation behind a digital twin lies in combining all relevant information
about the modelled object into one entity, the digital twin. This entity can then be uti-
lized to verify the current state of a system or predict its behavior under speci�c conditions.
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Hence, a validated digital twin, which learned to predict the current behavior of a system,
can also forecast its future behavior.

2.3. Heliostat Control

To increase the ST's e�ciency, the heliostat tracking is optimized by a Concentrated Solar
Power Operating System (CSP-OS) [14] as visualized in Figure 2, which uses raytracing to
model the collector's expected re�ection. Within the CSP-OS a digital twin (ref. section 2.2)
for each heliostat is created and optimized onto performance data measurements. All helio-
stat digital twins combined create the heliostat �eld digital twin, that is applied within the
raytracer to regulate the �ux distribution at the receiver. Environmental impacts, such as
the solar position or wind, are taken into account to predict the heliostat �eld's behavior.

Figure 2: Representation of a Solar Tower Operating System. Environmental conditions are mea-
sured and applied to a �eld behavior prediction to estimate and regulate the �ux density
at the receiver. The prediction is obtained by a digital twin that consists of the heliostat
�eld's model which is �tted to measured performance data.

Within CSP-OSs two di�erent heliostat model control approaches are pursued: Open-Loop
and Closed-Loop heliostat control [15]. Closed-Loop systems as shown in Figure 3 apply
continuous corrections to the heliostat's actuator positions based on sensor feedback about
deviations from the desired �ux density distribution for each heliostat. The second approach,
visualized in Figure 4, is Open-Loop control, where the digital twin's parameters are adapted
on past observations. A major issue with Closed-Loop approaches is the di�erentation
between single heliostat re�ection, when multiple heliostats are focused on the receiver,
which is necessary to obtain the alignment deviation and adapt the heliostat's pointing.
Therefore, and for the fact, that they are easier to implement and cheaper, Open-Loop
approaches are applied more often. This thesis focuses on solutions for Open-Loop systems.
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Figure 3: Solar Tower Closed-Loop Principle. Alignment deviations are measured by a sensor and
passed through a controller that computes adjustments which are send to the real object
and just a�ect its behavior.

Figure 4: CSP Open-Loop Principle. Alignment deviations are measured and passed to an optimizer
that creates an adapted alignment model. The adapted model is then used to predict
deviations and correct them.

2.4. Heliostat Modelling

For accurate �ux regulation it must be known where a heliostat's re�ection is pointing and
how its �ux is distributed at the given receiver area for every actuator position (actuator shift
via actuator steps) and vice versa. The direction where a heliostat is pointing is commonly
described as its alignment which consists of the heliostat's concentrator's average normal
orientation ÑNC and the normal's pivoting point OC;P os. For a known vector from pivoting
point OC;P os to the center of the sun ÑS as well as the vector from pivoting point to the
aimpoint ÑT the normal NC can be computed by the law of re�ection Equation 1.

ÑNC �
1
2

� Œ
ÑS

YÑSY
�

ÑT

YÑTY
‘ (1)

Heliostat alignment and �ux distribution are usually modelled separately though intertwined
within a heliostat's digital twin as visualized in Figure 5. To obtain the �ux distribution,
the concentrator's slope is modelled as a set of points and normals. Then outgoing rays from
a source distribution are simulated and their re�ections at the given points computed. The
entirety of these points is often described as a heliostat's optical model or as used in this
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thesis, concentrator model. The �ux distribution is given by the re�ected rays' interceptions
on a selected surface. The relative orientation of points and normals to each other can be
determined using de�ectometry [16]. However, the concentrator model's orientation within
the heliostat-�eld depends on the heliostat's alignment. Due to their relevancy to this thesis
common heliostat alignment modelling approaches are discussed in section 2.8.

Figure 5: Heliostat Model Principle (�gure adapted from [17]). The concentrator surface is modelled
as a height map. The height map can then be translated and rotated in space by an
alignment model. The alignment model is constructed from three coordinate systems
with inter-dependent rotatory and translatory relations.

2.5. Kinematic Systems

Robotic systems often deal with the task of tool center point motion path planning based
on the increment of the respective actuators. Each joint of the robotic system is therefore
modelled as the origin of a coordinate system along a chain of coordinate systems. Each
joint's coordinate system's rotation and location within its parent coordinate system is de-
termined by its initial state and controlled by its respective actuator. By using extended
coordinates (ref. Equation 2), the relation between two adjacent coordinate systems can be
mathematically formulated as a matrix multiplication as formulated in Equation 3.

T �

’
–––
”

r xx r xy r xz tx

r yx r yy r yz ty

r zx r zy r zz tz

0 0 0 1

“
———
•

(2)

Each coordinate system thereby has three rotatory and three translatory degrees of freedom.
Furthermore, the relation between two non-adjacent coordinate systems can be derived by
combining multiple matrix multiplications along the coordinate systems chain. Kinematic
modelling, however, is only physically valid if rigid bodies between each joint are assumed.

TA
C � TA

B � TB
C (3)
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2.6. Alignment Deviation

The deviation between a heliostat's alignment model's prediction and its real counterpart is
commonly stated as the angle between the heliostat's predicted and targeted mirror normal
in mrad (1mrad = 0.057°) and known as pointing error/deviation or alignment deviation.
The latter is used further on. The cathesian deviation at the target for the same alignment
deviation angle, thus growths by the distance between heliostat and target. For larger
heliostat �elds, which commonly exceed a receiver heliostat distance of 1000m, even smallest
alignment deviations lead to heliostats potentially missing the receiver as demonstrated in
Figure 6.

Figure 6: Alignment deviation e�ects at a distance of 1500m for pointing errors between 0-4mrad
and visualization of 1mrad compared to a full circle.

Furthermore, the �ux density _Qabs at a receiver for a given heliostat �eld �ux concentration
_Qconc decreases depending on the receiver areaA rec (ref. Equation 4). The plant e�ciency

however increases with the achievable process temperature and thus_Qabs [comp. X] and for
some thermo-chemical applications temperatures > 1400°C are required.

_Qabs � _Qconv � "A rec�T 4
rec � _Qconv (4)

Therefore, small alignment deviations in the vicinity of 1mrad are desirable. Figure 6 further
illustrates 1mrad compared to a full circle. The �gure not only demonstrates the required
prediction accuracy but also the precision with which the alignment deviation must be
measured to train the heliostat model's parametrization to �t its real counterpart.

2.7. Camera Target Method and Heliostat Calibration

Heliostat alignment measurement tools are commonly known as BCS as they usually observe
a heliostat's beam re�ection for a known source position and thus deduct the heliostat's
alignment. An overview of the most common BCS is given bySattler et al. (2020) [8].
Of relevancy to this thesis is the Camera Target Method, shown in Figure 7, which is the
current industry standard.
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The Camera Target Method uses a Lambertian target plane that is digitized via a �xed
camera. For a given source position, a heliostat's projected re�ection onto the target equals
the heliostat's �ux density and can be detected by the camera as light intensity upon the
target. Commonly the �ux density is then reduced to the �ux density center. The same
process is repeated in a simulated environment using the heliostat's digital twin. Then the
deviation between predicted and real �ux density center can be extracted. The procedure
can be repeated for multiple source positions and the digital twin's model parametrization
is �tted to predict the real-world measurements as precisely as possible.

Figure 7: Visualization of the Camera Target Method. The source (e.g. sun) is re�ected by a
heliostat onto a target. A camera is used to determine the re�ection's distribution upon
the target and derive a deviation from desired to actual re�ection. The deviation is than
used to calibrate the heliostat's digital twin.

Most heliostat �elds that implement the Camera Target Method have one target and thus
generally can collect performance data for one heliostat at a time only, to ensure that the
measured �ux density is assigned to the correct heliostat. This method is furthermore lim-
ited by its target size. Alignment deviations that exceed the calibration target area cannot
be detected automatically and must be corrected either manually or via an search path al-
gorithm, which both are time-intensive procedures. Therefore, a rather optimistic average
calibration point collection speed of 10s per point for this method is stated bySattler et al.
(2020) [8], wherebySmith et al. (2014) [18] states 30s for a similar technique.

The process of collecting heliostat performance data is often called heliostat calibration.
This is misleading as in CSP terms heliostat calibration is not ambiguously de�ned. For this
thesis heliostat calibration is assumed to describe the entire process from performance data
gathering and heliostat modelling to digital twin training the heliostat's alignment. Tech-
nically, concentrator model training is part of the calibration process as well but excluded
from the scope of this thesis as its focus lies on digital twin alignment modelling.

2.8. Heliostat Alignment Modelling Approaches

Physically, a heliostat's alignment function depends on multiple factors as can be seen in
Figure 8, further called inputs. The most relevant inputs to a heliostat's alignment are the
actuator positions#, � as these are the variables that can be manipulated by the heliostat's
control loop. The actuator positions directly control the heliostat's kinematic and therefore
its collector's orientation. All other inputs act as disturbances to the control loop. Further
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notable inputs are environmental impacts on the heliostat such as wind or temperature, or
wear which can be approximated as function over time. Additionally, some e�ects are of
irregular occurrence (e.g. mirror damage due to hail) and thus generally can't be estimated
a priori but included into future predictions after their appearance.

Figure 8: Impacts on a heliostat's alignment devided into categories of orientation and environ-
mental impacts. The impacts can be split into static behavior that can be modelled by
constant parameters and dynamic behavior that depends on the heliostat's current state.

Alignment inputs can generally be divided by their impact type into two categories: static
and dynamic behavior. Static behavior are constant o�sets from an ideal assumption that are
introduced during the manufacturing and installation of the heliostat and therefore could be
measured and accounted for once a heliostat is installed. Dynamic inputs in contrast depend
on a heliostat's current state such as its surrounding environmental condition or the helio-
stat's structural bending due to load in di�erent orientations. Besides its orientation part,
alignment inputs are thus mostly dynamic. The orientation depends both on manufacturing
and installation deviations as well as structural bending and thus can be split into a static
and dynamic part. Physically, the orientation's static part equals a kinematic behavior that
assumes rigid-body behavior but allows for parameter deviations.

Rigid-body behavior can be modelled by kinematics and thus is the standard approach
of heliostat alignment modelling, but therefore only accounts for static heliostat behavior.
Current research shifts to focus on alignment models that include dynamic behavior. All
alignment modelling approaches can be divided into three categories which are explained
within the next sections.

2.8.1. Rigid-Body Heliostat Alignment Modelling

Historically, the approach �rst suggested byBaheti et al. (1980) [19] and visualized in
Figure 9 is the most implemented one [20, 21, 22, 23, 24, 25, 18, 26, 27, 28]. The heliostat
alignment model is derived from an investigation of the heliostat's kinematics and actuator
geometry.
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Figure 9: Solar positions and aimpoints are passed to a rigid-body kinematic model. As a result,
actuator positions are predicted by the model based on the model's static parameters.
The static parameters can be adapted to change the model's behavior.

A heliostat's kinematic commonly consists of two rotatory joints with one degree of freedom
which are connected by a rigid strut and modelled as rotation matricesOI;Rot , OII;Rot and

a constant vector
ÐÐÐ�
OI OII in between. The concentrator is connected to the second joint by

another rigid strut which again is modelled as a �xed vector
ÐÐÐÐ�
OII OC . To rasie the heliostat's

pivoting point and allow for larger concentrators, the �rst joint is mounted on top of a
pole. While modelling, the pole is neglected and can be condensed to the �rst joint's origin
OI;P os . The joints' origins are chosen to equal their pivoting points. Via a combination of
translations and rotations the heliostat's alignment can be determined relative to the �rst
joint's origin and then translated into the global heliostat-�eld coordinate system. Due to its
geometric nature this approach is also known as geometry model, kinematic model. Within
this work the term rigid-body model is used to di�erentiate it from the other alignment
modelling approaches.

Figure 10: Simpli�ed model of a heliostat linear actuator, where the heliostat's concentrator is
rotated around a pivoting point via a change in length of one of the actuator's struts.

Each joint's rotation is controlled by either a rotatory or linear actuator. The common case
is linear actuators. If the linear actuator is assumed to be ideally orientated within a plane,
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the joint's rotation in dependance of the actuator's length can be derived from the law of
cosine (ref. Figure 10, Equation 5, Equation 6). Therefore, the initial actuator lengthL0 and
distanceD between actuator origin and joint pivoting point as well as the joint's pivoting
radius R must be known. Of further relevance is the actuators gear ratioi from steps to
length di�erence and initial angle o�set ' 0.

Lˆs• � i � s � L0 (5)

' ˆs• � arccos
D 2 � R2 � Lˆs•2

2DR
� ' 0 (6)

This approach models a heliostat's ideal behavior and thus is the most stable one as no
training data must be gathered for the model to reasonably predict a heliostat's alignment.
To better approximate a real heliostat's behavior, parameter optimization is performed on
training data and can be formulized as Equation 7. These parameters�W are constants
within the model and thus can only �t a heliostat's average deviation from its ideal be-
havior. Therefore, this approach is limited to reducing a heliostat's, manufacturing and
installation deviations with limited capabilities to reduce the impact of dynamic behavior
and environmental factors or wear over time.

Alignment � f ‡ ‰#; �; �WŽ (7)

Baheti et al. (1980)[19] introduced six disturbances: three rotations around the east, north
and up axis, one gear ratio disturbance for each of the two actuators and a bias due to
measurement errors of the elevation angle.Stone et al. (1986)[20] extended the number of
disturbance corrections to eight.Smith et al. (2014)[18] described these eight parameters as
"pedestal tilt about the east axis", "pedestal tilt about the north axis", "azimuthal reference
bias", "elevation reference bias", "azimuth linear error", "elevation linear error", "drive-axis
non-orthogonaility" and "boresight error". Freeman et al. (2017)[26] �rst applied Denavit-
Hartenberg notation and thus extended coordinates to alignment modelling.

2.8.2. Neural Network Heliostat Alignment Modelling

The most general approach, visualized in, is using a neural network which predicts the align-
ment. This approach can learn to model a heliostat's complete alignment behavior, including
dynamic impacts such as wind and thus promises high prediction accuracies. Furthermore,
no prior analysis of the heliostat's kinematics is required. Possible implementations were
thus pursued by [29, 30, 31, 11, 9]. A major drawback to this approach is the prediction's
complexity. This leads to high amounts of required training data [11] to successfully modify
the networks parametrization. Pargmann et al. (2021)[11] therefore suggested pretraining
the Neural Networks on simulated data, to precon�gure the neurons' linkage and thus reduce
the amount of required training data.
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Figure 11: Multiple inputs are passed through a network of neurons to predict output values.

2.9. Alignment Duality Problem

A further aspect to consider when modelling heliostats is the alignment model's duality
problem. The above introduce alignment modelling approaches all take solar positions and
aimpoints as inputs and predict the heliostat's corresponding actuator positions. This task
is mandatory for heliostat �eld control. For �ux distribution prediction using ray-tracing
the inverse direction of computing alignments from actuator positions is required.

For the rigid-body kinematics approach this can be solved iteratively as shown in Figure 12.
First arbitrary actuator positions are chosen as an initial guess. From this initial guess a
concentrator pivot point can be derived and a targeted concentrator normal computed that
would re�ect light from the given source position to the desired aimpoint. This targeted con-
centrator normal does not necessary conform with the one predicted by the alignment model
for the actuator positions guess. In that case inverse kinematics can be solved either itera-
tively or analytically to derive actuator positions that �t the targeted concentrator normal.
From the obtained actuator positions a new concentrator pivot point and thus concentrator
normal can be derived and thus a new targeted concentrator normal. This process can be
repeated until it converges to a combination of concentrator pivot point and normal that
re�ect light from the source position to the aimpoint within a preset tolerance.

The earlier introduced Neural Network alignment model approach skips computing the con-
centrator pivot point and normal. This can be mitigated using an assumed concentrator
pivot point and computing the concentrator normal from source position and aimpoint for
this �xed pivot point. This allows for adapting the neural network to take the concentrator
normal as input. Besides this approach being only an approximation to the real-world behav-
ior of the heliostat, neural networks generally are not invertible [32] and thus a concentrator
normal could only be derived iteratively from given actuator positions.
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Figure 12: A heliostat alignment is computed by passing arbitrary actuator positions to the align-
ment model. Based on a given aimpoint and source position and the initial alignment's
concentrator center, a target alignment is computed that follows the law of re�ection. An
updated actuator positions guess can be obtained via the model's inverse direction. This
process is repeated by computing a new alignment from the updated acutator positions
until the alingment guess is su�ciently close to the target alignment that results from
the law of re�ection.

2.10. Di�erentiable Raytracing For Solar Tower Plants

Pargmann et al. (2023)[12] developed a ray tracer for the application within STs that is
designed to enable automatic di�erentiation along the ray tracing process using PyTorch
[33]. Automatic di�erentiation refers to a technique where a gradient graph is constructed
by adding the gradient of each node. Using the gradient graph the gradient for a node's
children can be extracted using the chain rule. Every equation is split into its elementary
computations which are then added to the gradient graph. Especially a gradient of a loss
function can thus be passed along the graph. Using machine learning procedures such as
gradient descent, the gradient graph's leaves can be optimized to minimize the given loss
function.

In the context of a di�erentiable ray tracer the loss function is the quanti�ed deviation of a
measured �ux density to the predicted one. As the �ux density prediction depends on the
heliostat model's parameters the loss gradient for each model parameter can be computed
and used to �t the model to predict the actual �ux density with as little deviation as possi-
ble. Furthermore, the loss can be constructed from multiple sets of real and predicted �ux
densities. Another bene�t is the possibility of multiple additional loss terms such as a direct
alignment deviation loss for the investigated heliostat.

The loss gradient nature of this ray tracer also allows to optimize a heliostat' alignment and
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concentrator model's parametrization at the same time. Additionally, the information loss
that happens when the �ux density is reduced to its density center can thus be avoided.
Another bene�t of the ray tracer is its architecture's similarity to other neural network
training approaches. Therefore, the heliostat model or parts of it can be exchanged by
neural networks. Prior to this thesis however, only simpli�ed heliostat alignment models
and no neural networks were tested within DIRC.

2.11. Deep Imbalanced Regression

Yang et al. (2021)[34] introduced Deep Imbalanced Regression (DIR) as learning to predict
continuous patterns from a dataset where some patterns are over-represented while others
might be completely missing. The loss term that is responsible for updating a model's pa-
rameters usually is a metric (e.g. Mean Squared Error also called L2 (MSE)) over each data
point's prediction error that is not sensitive for the data's distribution and thus is biased
towards patterns of higher frequency [35].

In classi�cation tasks, classes are therefore divided into majority and minority classes, where
majority classes have higher sampling frequencies than minority classes and thus are better
learned. A classi�cation dataset imbalance indicates few majority and multiple minority
classes. This approach can't be applied to continues patterns. To interpret a regression
dataset's balance the de�nition of a distance function between patterns is suggested. There-
fore, majority patterns are those of low distance and minority patterns those of high distance.
The next two sections focus on summarizing common distance functions and imbalance mit-
igation techniques.

2.11.1. Distance Functions

When computing distances within datasets three aspects are of relevance [36]: the distance
notion, dimensional scale, and distance prototype. The most popular distance notions, visu-
alized in Figure 13, are Euclidean, Angular and Manhatten distance, whereby the Euclidean
and Manhatten distance are special cases of the Minkowski distance. Choosing a distance
notion depends on the data's equidistance behavior.

Figure 13: Distance notions (orange) visualized for an exemplatory data point (blue). High distances
are indicated without transparency, low distances with high transparency. (adapted from
[36])

When comparing data with a multi-dimensional feature-space dimensional scaling becomes
mandatory, as the magnitude of impact can vary between di�erent feature-axes units. Within
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this thesis distances between features of equal units are analyzed and thus scaling techniques
are left for future discussions.

Figure 14: Distance prototypes between an examplatory data point (orange) and a dataset (blue).
Relevant distances for each prototype are indicated by an orange arrow. (adapted from
[36])

The distance prototype refers to the point where a distance is pointing to. Common distance
prototypes (ref. Figure 14) are Mean, Nearest and Furthest Neighbor. Mean Prototype aver-
ages a points distance to all other points within a dataset. Nearest Neighbor Prototype only
considers the smallest distance to any other data point within a dataset and Furthest Neigh-
bor respectively the largest distance. Special cases of the Nearest Neighbor Prototype are
k-Nearest Neighbor Prototype and k-Mean Nearest Neighbor Prototype. k-Nearest Neighbor
considers the sum of distances over the k nearest neighboring data points. Alternatively, the
mean over the k nearest neighbor distances can be computed, thus resulting in the k-Mean
Nearest Neighbor Prototype.

2.12. Machine Learning Training Techniques

In supervised machine learning a model is trained to predict a given set of patterns by
learning from training data that samples the patterns. Besides a machine learning model's
architecture and optimizer there exist several techniques to optimize a model's training ca-
pacity by adapting its hyper parameters. Hyper parameters are values that control the
model training behavior, and which are set outside the training process. Those techniques
relevant to this thesis are summarized below and serve either to prevent vanishing gradients
or over�tting.

Vanishing gradients occur when the model's parameters' arrangement diminishes the param-
eters' gradients with each gradient step and thus prevent the model from further learning
before an optimal solution is found. Over�tting instead describes a model's state where it
learned to correctly predict its training data but only found a local minimum and thus is
not capable of abstracting its learnings onto prior unknown tasks.

2.12.1. Learning Rate and Early Stopping

The �rst technique to be mentioned is the adaptation of the applied learning rate. An
epoch is the training step between two gradient backward propagations and the learning
rate controls how much the parameters are adapted. Either the learning rate's initial value
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can be changed or a learning rate decay over the number of training epochs is introduced.
Small learning rates take many epochs to train the model and might get stuck in local
minima. Too large learning rates in contrast might lead to the training �uctuating without
improving, when the optimal solution would require smaller parameter adjustments.

2.12.2. Input Normalization and Encoding

Another technique that supports the model's learning process is to normalize all input pa-
rameters, not only by value but also to equalize the gradients order of magnitude. A further
approach is input multiplication using Fourier feature mapping as suggested by??. This ap-
proach was found to signi�cantly improve a neural network's performance for low-dimensional
regression tasks, where high-frequency features within the input data were not noticed by
the network until explicitly been introduced as additional inputs. These additional inputs
are obtained by splitting each input parameter's value into multiple inputs, one each for a
di�erent frequency band. This can be achieved by using the Fourier transform. The re-
sulting positional encoding can be obtained from Equation 8. Where
 ˆp• are the resulting
parameters derived from the original parameterp.


 ˆp• � ‰sin 20�p; cos 20�p; :::; sin 2L � 1�p; cos 2L � 1�p Ž (8)

2.12.3. Dataset Splitting

A good practice in machine learning is splitting a given dataset into training, validation and
testing data. Testing data is data the model has not seen before and acts as a benchmark
for the model's abstraction capabilities. To ensure valid benchmarking results the testing
data should be uncorrelated from data that was used for training or validation. Further-
more, testing data should cover all patterns of interest. Generally, a model's performance
is evaluated by regarding the mean prediction deviation on the testing dataset. To ensure
unbiased results the testing dataset should therefore further be balanced.

Training data are the information a model is tuned to predict, by computing a training
loss and adjusting the model's parameters via back-propagation. Hence, models tend to
over�t onto the training data. To overcome the over�tting issues training data can be split
into training and validation data. Validation data is excluded from the training process
but used as an indicator on the model's abstraction capabilities during the training process.
Therefore, commonly model parametrization's are stored for the epoch that best performed
on the validation data. After the training is completed, the best performing parametrization
is restored.

2.12.4. Weight Decay Regularization

In machine learning the complexity behind the patterns to be learned is generally unknown.
Therefore, the model complexity should be at least as high as the pattern complexity. Too
high model complexities can lead to over�tting where the learned training data is predicted
correctly but the understood pattern deviates from the targeted one. One technique to
reduce over�tting is weight decay regularization.
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Figure 15: Regularization E�ects (adatped from [37]). Both plots show a model's learned function
(orange) after the model was trained on data points (blue) with measurement errors. The
training target function is shown in blue. The left plot visualizes under-regularization,
resulting in a function with high variance that is capable to predict all points correctly.
The right plot instead shows over-regularization, resulting in a function with low variance,
that thus fails to correctly learn the targeted behavior.

Weight decay regularization [37] penalizes a model's complexity and thus pushes it to the
minimum amount of required complexity. [Figure X] visualizes the e�ects of a regular-
ized model's prediction (left) against a prediction that is too complex (right). To reduce a
model's complexity an additional loss term beyond the model's performance loss is intro-
duced. This loss is the sum over each model parameter's weight, whereby the weight can
either be de�ned as the parameter's absolute value in which case the regularization is known
as L1-Regularization or as the parameter's squared value which is called L2-Regularization.

2.13. Neural Networks

A universal function is a model that can be �tted to learn to predict any pattern. Neural
Networks are one of the most popular universal functions. Generally, a Neural Network's
architecture mimics the principles found in a brain. A directed acyclic graph is constructed
where all source leaves are inputs to the universal function and all sink leaves are outputs.
Due to its acyclic behavior the term Feed-Forward Neural Network is often used. The graph's
nodes are called neurons and clustered in layers. Besides an input and output layer multiple
layers can be stacked as a sequence of layers, whereby all neurons within one layer are
connected to all neurons within adjacent layers. Each arc between two neurons is weighted
by the impact of the �rst neuron on the second neuron. Each neuron's value thus is the
sum over all adjacent neurons weighted by the incoming arcs. Generally, small amounts of
neurons are required to create a universal function, but deep neural networks with multiple
layers were found to yield best prediction performances. Explaining all aspects of Neural
Networks exceeds the scope of this thesis, therefore the two most relevant properties to this
thesis are introduced within the next sections.
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2.13.1. Self Normalizing Neural Networks

Model prediction tasks can be split into two categories, classi�cation and regression. Clas-
si�cation tasks try to assign given input parameters to an a priori known set of classes.
Regression instead tries to predict a set of output parameters based on its inputs. While
a classi�cations model's output is limited to distributing percentages between its known
classes, a regression's outputs generally are unbounded. This, however, makes it harder for
models to learn to predicted outputs that are naturally bounded or have unique solutions
for only a given range of outputs (e.g. rotations). Approaches that use bounded regression
models, come at the expense of gradient clipping at their boundaries, which can lead to van-
ishing gradients. To circumvent these issues Self Normalizing Networks (SNNs) [38] can be
used. The basic principle behind SNNs is that the prediction by construction of the neurons
strives for a prediction mean value around zero with a standard distribution value of one.
While it is possible for a SNN to learn exceed this prediction range, all exceeding values
experience a pull towards the targeted range of prediction. Thus, prediction bounds can be
accomplished without the issue of gradient clipping.
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3. Related Work

Due to its high impact on CSP plant e�ciency, multiple advances in heliostat alignment
modelling and optimization have been recently published. Relevant to this thesis are two
aspects of these publications. The �rst aspect is an analysis of the used dataset splitting
into training, validation and testing data. This is relevant because of the chosen split being
known [9] to have an impact on the achieved prediction performances and thus is necessary
when comparing prediction capabilities. The second aspect is the publications' result presen-
tation, which should act as a basis for this work's result presentation. All publications were
found using Google Scholar and the following search keys: "Open Loop Heliostat Control",
"Heliostat Calibration", "Heliostat Tracking", "Solar Tracking Neural Network".

3.1. Dataset Selection

Khalsa et al. (2011) [39] trained their model on data collected between 12:30pm-4:40pm
on June 16 and 9:30am and 3:55pm on June 17, 2011 at an interval of 15-30 minutes and
tested on data of July 15, 2011 12:53pm to 4:30pm at an interval of 3 to 4 minutes. The
authors also stated environmental conditions during their measurements. A training dataset
size of (250min + 385min) / (15-30min) equaling roughly 30 data points. Figure 16 gives a
rough estimation of the chosen training and testing data points plotted as solar azimuth and
elevation coordinates. As both training and testing data were taken close to the summer
solstice and at the same time of day, the solar positions might be too similar to assume
successful generalized predictions.

Figure 16: Approximated data distribution of the dataset used in [39]. While apart in time, both
training (blue) and testing data (orange), show resembling solar positions.
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A more signi�cant distinction between training and testing data was presented byPargmann
et al. (2021) [11] by selecting training data at the end of July to the mid of August and
testing on data starting at the end of August to early February. An estimation of the ap-
plied data splitting is given in Figure 17. This led to high solar elevation deviations between
training and testing data. A further improvement might be additional distinguishing over
the data points' azimuth.

Figure 17: Approximated data distribution used in [11]. Even though the test dataset (orange) was
chosen to be more than a month apart from the �rst training data points (blue), the
resulting solar position distributions show only small di�erences.

A major time di�erence of six months was evaluated bySmith et al. (2014) [18]. Training
data was collected between August 9-27 2012, October 22-29 2012 and February 4-5 2013.
Two testing campaigns were completed between October 30 to November 1 2012 and Febru-
ary 12-27 2013. Data per heliostat was collected every other day at 1h intervals. As can be
seen in Figure 18 the timely di�erence between October and February still results in similar
solar angles.
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Figure 18: Approximated data distribution used in [18]. Due to the solar positions' resemblance
in October and February, highly similar data distributions where obtained for training
(blue) and testing data (orange), even though the datasets were strictly separated in
time.

3.2. Model Performance Evaluation

Al-Rousan et al. (2020)[31] plotted predicted heliostat orientations in degrees over number
of samples in comparison to ideal orientations as shown in Figure 19. This plot excels at
visualizing the learned prediction capabilities. The targeted prediction accuracies of 1mrad,
(0.057°), can't be visualized within a scale of 140 degrees though, making this plot generally
not applicable for this thesis.

27



Figure 19: Result visualization copied from [31], showing the predicted heliostat behavior on di�er-
ent amounts of tracking errors (red) compared to the target behavior blue. Due to the
high precisions required in heliostat tracking, little di�erences can be observed.

Smith et al. (2014) [18] stated all prediction performances together with untrained model
performances as shown in Figure 20. Furthermore, the average of tracking improvements
due to model prediction were averaged over 216 di�erent heliostats.

Figure 20: Result visualization copied from [18], showing the achieved prediction accuracies before
(blue) and after model training (red) as pointing errors for multiple heliostats. Further-
more, the achieved average pointing errors with (red) and without (blue) modelling are
indicated as dotted lines.

Pargmann et al. (2021)[11] indicated prediction deviations over time and gave a further
plot of prediction deviations over number of data points as visualized in Figure 21. A similar
approach was chosen bySarr et al. (2023) [9] and Malan et al. (2014) [40].
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Figure 21: Result visualization copied from [11], showing the performance over time of one heliostat
for di�erent train/test splits. The splits are applied by day and indicated as dashed lines.
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