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Abstract
The imperative transition to renewable energy sources necessitates advancements in tech-
nologies such as Concentrated Solar Thermal (CST) systems. A significant challenge in
CST is the accurate characterization of heliostat beams, traditionally reliant on detailed
surface deformation measurements—a process that is both costly and time-intensive. This
dissertation introduces an innovative data-driven methodology that bypasses the need for
such extensive physical modeling.

Central to this approach is a generative neural network framework trained directly on
focal spot data. By abstracting heliostat properties and learning the variations in focal
spots under different conditions—such as sun angles and aimpoints—the model predicts
flux distributions with high accuracy. This unified predictive pipeline aggregates data
from the entire heliostat field, capturing shared patterns while adapting to individual
heliostat variations.

Validation using real-world data from the Solar Tower Jülich demonstrated the model’s
robustness. The data-driven pipeline achieved a prediction error of 11% for individual
focal spots, surpassing current state-of-the-art methods that rely on extensive measure-
ments, in both accuracy and scalability. When considering factors such as tracking errors,
Direct Normal Irradiance (DNI), and reflectivity uncertainties, the total flux prediction
error, aggregated from all heliostats, was approximately 5%.

System-level analysis revealed that the enhanced accuracy of focal spot predictions
translates into significant efficiency gains. The data-driven pipeline demonstrated effi-
ciency improvements of over 4–16%, depending on receiver complexity.

In summary, this research presents a scalable, cost-effective, and highly accurate frame-
work for heliostat flux prediction. By eliminating the dependency on extensive physical
measurements, it offers a practical alternative for CST systems, paving the way for more
efficient and sustainable solar energy technologies.



Zusammenfassung
Der notwendige Übergang zu erneuerbaren Energien erfordert technologische Fortschritte
in Bereichen wie konzentrierter Solarthermie (CST). Eine zentrale Herausforderung in
der CST-Technologie besteht in der präzisen Charakterisierung der Strahlenbündel von
Heliostaten. Traditionell basiert diese auf detaillierten Messungen der Oberflächenver-
formung – ein Verfahren, das sowohl kostenintensiv als auch zeitaufwendig ist. Diese
Dissertation stellt einen innovativen, datengetriebenen Ansatz vor, der eine aufwendige
physikalische Modellierung überflüssig macht.

Im Mittelpunkt dieses Ansatzes steht ein generatives neuronales Netzwerk, das direkt
auf Brennfleckdaten trainiert wird. Durch die Abstraktion der Heliostateigenschaften und
das Erlernen der Variationen der Brennfleckverteilungen unter verschiedenen Bedingun-
gen – etwa Sonnenwinkel und Zielpunktlage – prognostiziert das Modell die Flussverteilun-
gen mit hoher Genauigkeit. Die einheitliche Vorhersagepipeline integriert Daten aus dem
gesamten Heliostatfeld, erkennt übergreifende Muster und passt sich gleichzeitig an indi-
viduelle Heliostatabweichungen an.

Die Validierung mit realen Daten aus dem Solarturm Jülich bestätigt die Robus-
theit des Modells. Die datengetriebene Pipeline erreicht für einzelne Brennpunkte einen
Vorhersagefehler von lediglich 11% und übertrifft damit etablierte, auf umfangreichen
Messungen basierende Methoden sowohl hinsichtlich Robustheit als auch Skalierbarkeit.
Unter Berücksichtigung relevanter Einflussfaktoren – darunter Nachführfehler, direkte
Normalstrahlung (DNI) und Reflexionsunsicherheiten – beträgt der aggregierte Fehler
der Gesamtflussvorhersage über alle Heliostaten hinweg etwa 5%.

Die Systemanalyse zeigt, dass die verbesserte Genauigkeit der Flussdichteprognosen sig-
nifikante Effizienzsteigerungen ermöglicht. Je nach Komplexität des Strahlungsempfängers
führt die datengetriebene Pipeline zu Effizienzgewinnen von 4–16%.

Zusammenfassend präsentiert diese Arbeit ein skalierbares, kosteneffizientes und hoch-
präzises Verfahren zur Vorhersage von Flussdichteverteilungen für Heliostatfelder. Durch
den Verzicht auf umfangreiche physikalische Messungen bietet der Ansatz eine praxis-
taugliche Alternative für CST-Systeme und trägt zur Entwicklung effizienterer und nach-
haltigerer solarthermischer Technologien bei.
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Chapter 1.

Introduction

1.1. Motivation

The accelerating impacts of global warming and the �nite nature of fossil fuels underscore
the urgent need for renewable energy sources [1]. Renewable energy technologies are
indispensable for mitigating climate change and ensuring a sustainable, secure energy
supply for future generations [2].

Among renewable energy technologies, wind and photovoltaic (PV) power have ad-
vanced rapidly due to their cost-e�ectiveness and ability to e�ciently convert renewable
energy into electricity [3]. However, their reliance on electrical power presents signi�cant
challenges in applications where direct utilization is not feasible. Balancing supply and
demand necessitates extensive energy storage solutions, which are both technically com-
plex and economically demanding [4]. Additionally, decarbonizing sectors such as heavy
transportation, aviation, and industrial processes remains a signi�cant challenge due to
the ine�ciencies of converting electricity into energy carriers or high-temperature process
heat [5].

In this context, Concentrated Solar Technology (CST) provides a fundamentally di�er-
ent approach compared to PV and wind power. Instead of directly generating electricity,
CST systems use mirrors to concentrate sunlight onto a central receiver, producing high-
temperature heat. This thermal energy serves as a versatile resource, facilitating not only
direct electricity generation but also a wide range of additional applications.

CST's primary application has been electricity generation, where it excels due to its
inherent ability to store and dispatch energy e�ciently. By leveraging thermal energy
storage, CST can deliver power on demand, reducing dependence on battery storage,
which remains costly and di�cult to scale [6]. Additionally, CST systems can comple-
ment other renewable energy sources by functioning as Carnot batteries�storing surplus
electricity from PV or wind as thermal energy and converting it back into electricity when
required [7, 8]. This integration enhances grid stability and ensures a reliable supply of
renewable energy during periods of low solar or wind availability.

The practical bene�ts of CST's storage capabilities are evident in recent hybrid so-
lar parks in China, where CST systems are integrated with PV installations to optimize
power output [9, 10]. While PV systems provide cost-e�ective, continuous electricity gen-
eration, CST complements them by addressing peak demand and enabling dispatchable
electricity [11]. As renewable energy adoption accelerates globally, CST's role within the
energy mix is expected to expand, driven by its unique ability to provide storage and
peak shaving capabilities [12].
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Beyond electricity generation, CST is an essential solution for the heat sector, which
accounts for nearly half of global energy consumption yet lags in decarbonization e�orts
[13]. Achieving high-temperature heat for industrial processes poses signi�cant challenges
for electri�cation due to the ine�ciencies and limitations of electric heaters. CST pro-
vides a viable alternative, supplying temperatures exceeding 800°C for applications like
chemical processing and cement production, o�ering a pathway to decarbonize industrial
sectors that are otherwise di�cult to electrify.

CST also plays a critical role in solar fuel production [14]. High-energy-density sectors
such as aviation and heavy transportation heavily rely on liquid fuels. While PV can
contribute to solar fuel production through electrolysis, CST's high-temperature heat
enables chemical reactions directly, o�ering a potentially more e�cient pathway. This
capability supports thermochemical cycles for producing hydrogen, ammonia, and other
synthetic fuels, bypassing the ine�ciencies of converting electricity into chemical energy
[15].

� By addressing the critical challenges of energy storage, peak shaving, high-temperature
process heat, and solar fuel production, CST emerges as a versatile and indispensable
technology in the renewable energy landscape. Its ability to complement PV and wind
by providing dispatchable electricity, enabling industrial decarbonization, and driving ef-
�cient solar fuel production underscores its pivotal role in achieving a sustainable and
reliable energy future.

1.2. Challenges in CST Adoption

Building upon CST's versatility and indispensable role in the renewable energy land-
scape, it becomes imperative to address the challenges that hinder its widespread adop-
tion. While CST demonstrates unique advantages over other renewable technologies, its
economic viability is constrained by signi�cant technical and operational hurdles. These
challenges, particularly those associated with the heliostat �eld and �ux distribution con-
trol, demand innovative solutions to unlock CST's full potential. The following section
outlines the broader challenges of CST systems before narrowing the focus to the speci�c
problem addressed in this work: accurate �ux density prediction and its critical role in
CST e�ciency and safety.

Economic Challenges in CST Systems and the Role of Intelligent Algorithms

Despite its signi�cant potential, the adoption of CST is signi�cantly hindered by its
relatively high Levelized Cost of Energy (LCOE). One of the primary cost drivers in
CST tower plants is the heliostat �eld, accounting for approximately 50% of the total
capital investment [16]. While inherently expensive, precisely controllable heliostats are
essential for maximizing system e�ciency. Tracking inaccuracies not only diminish ther-
mal e�ciency but also lead to increased receiver wear and higher maintenance demands,
ultimately impacting the overall performance and longevity of the power plant [17].

Addressing these economic challenges requires innovative approaches that enhance the
e�ciency and reliability of CST systems. Intelligent algorithms present a promising
solution by improving predictions and control mechanisms within CST plants. These
advanced algorithms optimize heliostat operation, enhancing thermal e�ciency and re-
ducing material wear. They extend the service life of critical components and lower
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maintenance costs, creating a more sustainable operational framework [18, 19]. Fur-
thermore, accurate prediction and forecasting capabilities enable CST plants to adapt
to dynamic solar conditions, improving operational stability and facilitating the e�cient
management of thermal energy storage and power output [20�23].

The potential of intelligent algorithms extends beyond operational improvements. By
compensating for the reduced accuracy of lower-cost heliostats with sophisticated control
strategies, these algorithms o�er substantial cost savings during the design and con-
struction phases. This approach enables CST systems to achieve high e�ciencies while
utilizing less expensive, less precise components�an essential step toward making CST
a competitive and scalable solution in the renewable energy market.

In summary, intelligent algorithms are poised to play a pivotal role in overcoming the
economic barriers to CST adoption. By enhancing performance, reducing costs, and
improving scalability, they contribute to making CST a more competitive and viable
technology within the evolving energy market, strengthening its role in the transition
toward a sustainable and resilient energy infrastructure.

Challenges in Flux Density Prediction for Solar Tower Plants

The operational e�ciency and safety of Solar Tower Plants (STP) critically depend on
the accurate prediction of the �ux density distribution on the receiver surface. This
distribution, a measure of the spatially distributed energy �ux, directly impacts both
the thermal e�ciency and the longevity of the receiver. To maintain safety, durability,
and optimal performance, CST receivers require an optimal �ux density distribution that
adheres to strict thermal thresholds. Achieving this distribution is further complicated
by the variable nature of solar radiation and cloud passages, which necessitate precise
control over the �ux density to optimize energy absorption and avoid damage.

A major challenge in controlling �ux distribution is the accurate prediction of focal
spots produced by individual heliostats. These focal spots, the concentrated light re-
�ected by each heliostat, combine to form the overall �ux density distribution on the
receiver. The position of these spots can be adjusted via heliostat aiming strategies, but
the e�ectiveness of any aimpoint distribution algorithm depends on precise knowledge of
each heliostat's focal spot characteristics.

Existing methods for predicting these focal spot characteristics present several limita-
tions. Simpli�ed models, with idealized heliostat assumptions, often fail to accurately
represent the behavior of the heliostat, resulting in poor �ux distribution predictions.
Alternatively, advanced measurement techniques like de�ectometry or photogrammetry
can signi�cantly improve prediction accuracy but are time-intensive, complex, and ex-
pensive, making them impractical for large-scale commercial CST plants.

To address these limitations, current research focuses on developing beam characteri-
zation methods that use operational data, particularly calibration data, to characterize
heliostats. Heliostat calibration, a routine process in many CST plants, provides images
of isolated focal spots, o�ering an opportunity to bypass the need for additional mea-
surements. However, these calibration-based methods face their own challenges. The
�ux concentration between the heliostat mirrors and the calibration target leads to in-
formation loss, making it di�cult to reconstruct the heliostat mirror properties with the
same level of detail as more direct measurement techniques. Moreover, methods that
attempt to derive complex surface deformations from calibration data often struggle with
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robustness and stability, particularly over large distances.
� The challenge lies in developing a methodology that can accurately predict �ux

density while addressing the drawbacks of current approaches. The method must leverage
operational data to provide precise predictions without additional measurements. It must
also be robust, scalable, and capable of generalizing across a wide range of heliostat
conditions and operational scenarios.

1.3. Scienti�c Objective

Addressing the outlined challenges requires a paradigm shift in how heliostat characteri-
zation and �ux density predictions are approached. Traditional methodologies relying on
extensive measurements and intricate modeling have proven to be costly, time-intensive,
and di�cult to scale. Therefore, the critical question becomes: can a purely data-driven
approach, leveraging routinely collected calibration data, achieve the predictive accuracy
necessary for practical deployment in operational CST plants?

This research develops and validates a novel methodology leveraging generative neural
networks to predict �ux distributions. By eliminating the dependency on detailed physical
models and additional measurement campaigns, this approach focuses on scalability and
cost-e�ectiveness while maintaining high predictive accuracy.

A key innovation of this methodology lies in its ability to overcome the limited in-
formation contained in focal spot data by integrating heliostat characterization and �ux
prediction within a uni�ed, end-to-end framework. Instead of separately addressing these
processes, the proposed framework enables the network to learn abstract representations
of heliostat behavior while simultaneously predicting the �ux density distribution. This
integration allows the model to compensate for the information loss inherent in focal
spot-based characterization, leveraging shared patterns and relationships across the en-
tire heliostat �eld in one uni�ed �eld model to enhance predictive performance.

By transforming the heliostat �ux prediction process into a data-driven paradigm,
this work aims to demonstrate that machine learning techniques can not only match
but potentially surpass the performance of traditional methods in terms of accuracy,
robustness, and scalability. The following sections outline the methodology, key steps,
and scienti�c contributions of this research.

Methodology

As illustrated in Figure 1.1, the proposed methodology leverages calibration data ob-
tained from routine heliostat calibration procedures using dedicated calibration targets.
These images, which capture isolated focal spots, form the foundation for training a
neural network capable of accurately predicting �ux distributions. The methodology is
structured into the following key steps:

1. Data Acquisition, Pre�ltering, and Preprocessing: Calibration images de-
picting the concentrated solar �ux emitted by individual heliostats are collected as
part of the routine calibration process. These raw images undergo a pre�ltering
followed by preprocessing to extract relevant features to serve as optimal inputs for
neural network training.

2. Neural Network Training: The neural network is designed to learn abstract
representations of heliostat characteristics, capturing essential information required

4
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Data AquisitionField Model
Prediction

Training

Figure 1.1.: Schematic of the proposed methodology. Calibration target images are used
to train a heliostat �eld model, enabling accurate prediction of �ux distribution on the
receiver surface across varying operating conditions.

for �ux prediction. Generative models are employed to address the information
loss inherent in the transition from heliostat mirrors to the calibration target. This
training process allows the network to encapsulate the unique and shared charac-
teristics of individual heliostats while generalizing across diverse conditions.

3. Prediction and Generalization: Once trained, the neural network predicts the
�ux distribution for the entire heliostat �eld under varying operational conditions.
The robustness and generalizability of the model are evaluated using data from the
Solar Tower Jülich. This step ensures the model's reliability across a wide range of
heliostats and input scenarios, including previously unseen conditions.

This methodology signi�cantly reduces reliance on physical modeling, which is often
error-prone and di�cult to reconcile with real-world data. By focusing on operational
data such as calibration images, the approach o�ers a practical and scalable solution
for predicting �ux distributions in large heliostat �elds. It bridges the gap between
traditional, measurement-intensive methods and modern, data-driven techniques, paving
the way for more e�cient and cost-e�ective CST operations.

Scienti�c Contributions

This research advances the �eld of CST by proposing a accurate and cost-e�ective solution
for heliostat characterization and �ux prediction. The key scienti�c contributions include:

ˆ Development of a purely data-driven methodology for predicting heliostat �ux dis-
tributions, eliminating the dependency on detailed physical models and additional
measurements, thereby reducing complexity and cost.

5
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