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Abstract

Heliostats play a crucial role in solar tower plants, where they reflect sunlight onto
a central receiver to generate thermal energy. Ensuring precise heliostat alignment
is essential for maximizing energy capture and system e Lciehcy. However, tradi-
tional calibration methods, such as rigid body models, su [edfrom limited accuracy
due to mechanical wear, environmental changes, and simplifying assumptions.

Neural networks have shown promise in heliostat calibration by learning com-
plex relationships in tracking data, but their application has been limited by data
requirements and a lack of generalization across heliostats. This thesis introduces
Helioformer, a Transformer-based neural network designed for heliostat calibra-
tion, capable of predicting both normal vectors and direct motor positions while
maintaining high accuracy.

The model was trained and evaluated using datasets from the Solar Tower
Jilich (STJ), which is operated by the German Aerospace Center (DLR). The
dataset includes heliostat positions, motor positions, and Sun positions. Results
demonstrate that Helioformer significantly outperforms traditional rigid body
models, reducing aimpoint ol[sets from 2.05 mrad (rigid body model) to 1.45
mrad when predicting normal vectors, and achieving even better accuracy of 1.31
mrad when predicting motor positions. In addition, this work introduces a method
for comparing the accuracy of the motor position using more tangible aimpoint
o [selts, making the predictions of the motor position more interpretable.

These findings highlight the potential of deep learning to enhance heliostat
tracking precision, reduce recalibration e [adts, and improve the overall e [ciehcy
of solar tower plants.
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1. Introduction

1.1. Motivation

Climate change has become one of the most pressing global challenges, necessitat-
ing a transition to renewable energy sources to reduce greenhouse gas emissions
and mitigate environmental impacts [1]. Among the various renewable energy
options available, solar energy has emerged as a key contender because of its
abundance and sustainability [2].

Solar energy can be harnessed through di erent technologies, primarily catego-
rized into Photovoltaic (PV) and Concentrated Solar Thermal (CST). PV tech-
nology directly converts sunlight into electricity using semiconductor materials,
making it a popular choice for residential and commercial applications [3]. In con-
trast, CST systems capture and convert solar radiation into heat energy, which
can be used for various applications, such as power generation in conventional
power plants or heat processing in industrial operations [4].

One promising CST technology is the Solar Tower Plant (STP). STPs typically
consist of a central tower surrounded by a vast eld of heliostats, hundreds to
thousands of steerable mirrors that track the sun's movement throughout the day
and focus the re ected sunlight onto a central receiver mounted on the tower [5].
The concentrated solar energy heats a working uid, which can then be used to
produce electricity via a turbine. The thermal energy can also be stored in a
Thermal Energy Storage system, which is more cost-e ective and scalable com-
pared to battery storage [6, 7]. Additionally, high-temperature heat from CST
can be directly utilized in industrial processes, such as driving chemical reactions
or processing synthetic fuels [8, 9, 10].

Heliostats are a critical component of solar tower plants, accounting for approx-
imately 50% of the total system cost [11]. Consequently, optimizing their design
and functionality to achieve cost-e ective solutions is a key focus of research and
development e orts. The proper alignment of heliostats focal points is crucial to
ensure optimal illumination of the receiver [12]. Uneven heating can lead to loss
of e ciency and potential damage to the receiver due to localized overheating [13,
14].

Over time, heliostat tracking can drift out of alignment due to various struc-
tural and environmental factors, such as mechanical wear, thermal expansion,
wind loads, and ground settling [15, 16]. Therefore, regular calibration of he-
liostats is essential to maintain optimal performance and maximize energy out-
put. Several calibration techniques have been developed to address this challenge,
most of which rely on geometric models to predict and correct the behavior of the
heliostat [17].

Although physical models provide a solid foundation for heliostat calibration,
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their accuracy is limited by simplifying assumptions and external uncertainties.

A more precise control strategy could further improve e ciency and enhance the
overall performance of the system. Recent advances in machine learning, specif-
ically neural networks, o er a promising alternative to traditional physical mod-

els [18]. Neural networks have demonstrated the ability to learn complex patterns
and relationships within data, which makes them suitable for heliostat calibration
tasks [19].

Despite their advantages, neural networks require large amounts of data to train
e ectively. Since each heliostat must be calibrated individually and operational
hours are limited by daylight availability, obtaining su cient training data can
be challenging and time-consuming, particularly in newly constructed solar power
plants [20].

One possible solution to address the data scarcity issue is to develop neural
networks that can generalize across multiple heliostats rather than rely on data
from a single unit. Since heliostats within a plant are often constructed identically,

a generalizing neural network that takes advantage of shared characteristics among
di erent heliostats could enhance the accuracy and e ciency of calibration.

1.2. Problem Statement

Ensuring the precise alignment of heliostats in STPs is a complex and ongoing
challenge that directly impacts the e ciency and operational reliability of the
system. While traditional calibration methods based on geometric models provide
a theoretical foundation for heliostat alignment, their practical e ectiveness is
often limited by the inability to account for dynamic real-world in uences such as
mechanical wear, environmental uctuations, and structural shifts over time [16].
These limitations can lead to frequent recalibration needs and e ciency losses,
necessitating more adaptive and data-driven solutions.

Machine learning techniques, particularly neural networks, have shown signi -
cant potential to overcome these limitations by leveraging historical operational
data to identify complex patterns and dependencies. Unlike physics-based mod-
els, neural networks have the capacity to learn nonlinear relationships and adapt
to variations in heliostat behavior. However, current approaches still face con-
siderable challenges in terms of scalability and data e ciency [20]. The primary
challenges include the following:

Data scarcity: Since each heliostat must be calibrated individually, col-
lecting su cient training data is challenging, especially in new solar plants
with limited operational hours.

Lack of generalization: Current NN models are typically trained for in-
dividual heliostats, failing to take advantage of interdependencies within
the heliostat eld. This limits their ability to generalize across multiple
heliostats.
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To overcome these challenges, this thesis explores the development of a general-
ized neural network for heliostat calibration that takes advantage of structural
uniformity among heliostats within a plant. Using calibration data from multi-

ple heliostats, the proposed approach aims to improve calibration accuracy and
reduce dependence on extensive data collection for each individual heliostat.

1.3. Research Questions

To guide the feasibility and implementation of this solution, the following research
questions are formulated:

1. How can neural networks be e ectively utilized to develop a gen-
eralized approach for calibrating heliostats in a solar tower power
plant, ensuring improved accuracy and e ciency compared to tra-
ditional methods?

2. What strategies can be employed to design and implement a ro-
bust neural network architecture that can generalize well across
di erent heliostats, ensuring consistent performance and accuracy
despite variations in environmental conditions and heliostat con-
gurations?

1.4. Goals of the Thesis

To address these research questions, the thesis sets the following goals:

Selection of a suitable neural network architecture: A model will be
chosen that aligns with the complexity and characteristics of the heliostat
calibration problem.

Implementation and evaluation: The selected architecture will be im-
plemented and tested in various experimental scenarios to assess its perfor-
mance and generalizability.

Development of e ective strategies: The thesis will propose best prac-
tices to develop, deploy, and maintain such neural networks in the operation
of real-world solar power plants.

The research will leverage a preexisting dataset collected from the Solar Tower
Julich (STJ) [5], located in the German town of Julich and operated by the Ger-
man Aerospace Center (DLR). This dataset contains valuable calibration records,
including heliostat positions, target positions, motor positions, and sun positions,
enabling a thorough investigation into the potential of neural networks for helio-
stat calibration.

Ultimately, the ndings of this research are expected to contribute to the im-
provement of the e ciency and accuracy of the heliostat calibration processes,
leading to an improvement in the performance and cost-e ectiveness of solar tower
power plants.
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1.5. Structure of the Thesis

This thesis is structured to provide a comprehensive understanding of the research
problem, the proposed methodology, and the results achieved. The chapters are
organized as follows.

Chapter 1: Introduction
Provides the motivation behind this work, formulates the research problem,
and de nes the research questions and objectives.

Chapter 2: Theoretical Background

Covers the fundamental principles of solar tower plants, including heliostat
functionality, tracking, and calibration techniques. In addition, it introduces
the transformer-based architecture used in this work.

Chapter 3: Related Work

Reviews existing heliostat calibration methods, including geometric and
data-driven approaches. It also discusses the role of neural networks in
similar applications and identi es gaps in current research.

Chapter 4: Methodology

Details the system design, data set preprocessing, feature engineering, and
neural network architecture. It also explains the training strategy, evalua-
tion metrics, and di erent experimental scenarios designed to assess model
performance.

Chapter 5: Implementation
Describes the implementation of théHelioformer model, including the data
pipeline, training setup, and software framework used for development.

Chapter 6: Results and Evaluation

Presents the performance of thélelioformer model under di erent exper-
imental conditions, comparing it with traditional calibration approaches.
The impact of training set size, encoder input size, and model generaliza-
tion is analyzed in depth.

Chapter 7: Discussion

Interprets the key results, discusses the practical implications for solar tower
plants, and re ects on the challenges and limitations encountered during
development.

Chapter 8: Conclusion and Future Work

Summarizes the main ndings, highlights the contributions of this work, and
outlines directions for future research, including potential improvements in
model architecture and real-world deployment strategies.



2. Theoretical Background

Solar tower plants rely on precise heliostat tracking and calibration to maximize
energy e ciency and ensure optimal operation. This chapter provides an overview
of the key principles underlying solar tower plant operations, including heliostat
functionality, tracking methods, and calibration techniques. In addition, it intro-
duces the transformer architecture, which serves as the foundation for the pro-
posed neural network-based calibration approach. These concepts establish the
basis for understanding the challenges associated with heliostat calibration and
the motivation to employ advanced machine learning techniques.

2.1. Solar Tower Plant Operations and Heliostat
Functionality

Solar tower plants utilize large arrays of heliostats to concentrate sunlight onto a
central receiver, converting solar energy into thermal power. The precise tracking
and calibration of these heliostats are essential for maintaining high e ciency and

ensuring a uniform solar ux distribution on the receiver. This section provides an

overview of STP operation and the role of heliostats. In addition, it explores the
mechanics of heliostat movement, tracking algorithms, and structural components,
which form the foundation for accurate and reliable solar tracking.

2.1.1. Overview of Solar Tower Plants

STPs are a form of concentrated solar power CSP technology. CSP systems gener-
ally utilize mirrors to re ect and concentrate incoming sunlight onto a designated
receiver. This technology leverages the ability of mirrors to focus solar radiation,
enabling the collection and conversion of solar energy into usable thermal energy.

The receiver, strategically positioned to capture the concentrated solar energy,
collects heat and transfers it to a medium known as the working uid. This work-
ing uid is then utilized for various applications, such as power generation through
steam turbines or as process heat in industrial chemical processes. The choice of
working uid varies depending on the intended application and the requirements.

Typical choices for working uids are molten salts, water, synthetic oils, or
even air, each of which o ers distinct advantages [21]. One of the key bene ts of
some working uids, such as molten salt, is their ability to store heat energy for
extended periods [7]. This allows for energy availability even during non-sunny
periods, enhancing the reliability and exibility of solar power generation.

In STPs, the receiver is mounted at the top of a tall tower to maximize exposure
to concentrated sunlight. The mirrors, known as heliostats, are constructed as an
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Figure 2.1.: lllustration showing the working principle of a solar tower plant.

array and are equipped with motors that can adjust their orientation to ensure
optimal re ection of sunlight onto the receiver.

The con guration of the solar tower and the heliostat eld is dependent on
geographical considerations. In locations near the equator, the tower is typically
located centrally within a circular heliostat eld, ensuring uniform solar exposure
throughout the day. In contrast, in more northern latitudes, the tower is often
positioned on the southern side of the heliostat eld to optimize solar-collection
angles. Typically, there are multiple hundreds to multiple thousand Heliostats in
a Heliostat eld [22].

The receiver usually covers an area of several square meters, and uniform illu-
mination is crucial to ensure e cient heat transfer. Uneven distribution of solar
ux can lead to thermal stresses and reduced operational e ciency [23].

A tracking algorithm is used to determine the precise orientation of each helio-
stat. This algorithm considers multiple factors, including the position of the Sun,
the heliostat's location relative to the receiver, the receiver's position, and several
calibration parameters.

In addition to the main receiver, the solar tower typically includes one or more
calibration targets, as seen in Figure 3.1. These targets serve as reference points
for validating and adjusting the alignment of the heliostat. A heliostats focal spot
can be directed toward the center of a calibration target to measure its tracking
accuracy. The tracking algorithm subsequently ne-tunes the heliostat parameters
to enhance the heliostat's precision.

By continuously adjusting and recalibrating the heliostat eld, STPs aim to
achieve optimal performance and e cient energy capture.
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