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Abstract

This thesis investigates the generalization capabilities of deep learning models for the detec-
tion of heliostats with varying mirror geometries in aerial images of solar power tower plants.
A geometry-agnostic modeling strategy is developed and evaluated in three structured sce-
narios, each based on different configurations of training and test geometries. The proposed
methodology focuses on training models for object and keypoint detection using synthetic
datasets and evaluating their performance based on the AP1 and PCK1 metrics. The re-
sults indicate that keypoint prediction generalizes more robustly under structural variation
than bounding box detection, which is more sensitive to differences in geometric scale and
design. Additional comparisons with class-aware models, i.e., models that were trained and
tested on the same geometry, show that the geometry-agnostic models can achieve compet-
itive performance in keypoint detection, but consistently underperform in the bounding box
accuracy. Selected models trained on a diverse set of geometries, including the test geom-
etry, achieve up to 2 percentage points higher PCK scores than the class-aware baseline
while achieving comparable AP performance within a margin of 5 percentage points. Initial
experiments on real-world data demonstrate that the sim-to-real transfer remains highly chal-
lenging, with performance degrading significantly in the absence of realism-enhancing factors
such as soiling or contextual scene elements.

Keywords: Concentrated Solar Power, Deep Learning, Geometry-Agnostic, Object Detec-
tion, Keypoint Detection, Sim-to-Real Transfer, Pose Estimation

1average precision (AP), percentage of correct keypoints (PCK)
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1. Introduction

Solar power tower (SPT) plants generate renewable electrical energy by utilizing solar ra-
diation, thereby contributing to the reduction of greenhouse gas emissions. They primarily
consist of heliostats that track the sun's movement on two axes and re�ect the incoming solar
radiation onto a central receiver. In the receiver, the sun's energy is transferred to a ther-
modynamic cycle for electricity generation. Excess solar energy can be stored as thermal
energy and converted into electricity when required. This �exibility enables the plants to en-
hance grid stability through demand-oriented power generation [1–3]. To ensure a high level
of plant ef�ciency, heliostat alignment must be monitored and calibrated regularly so that the
incoming solar radiation is optimally focused on the receiver [4–7].

State-of-the-art calibration methods rely on conventional image processing techniques. Typi-
cally, heliostats are calibrated sequentially in order to achieve suf�cient calibration accuracy.
However, this sequential procedure results in long processing times, particularly in large-scale
SPT plants [6]. To address this limitation, more recent approaches use drones equipped with
high-resolution cameras that can quickly capture all heliostats in a �eld using aerial images.
The current orientation of a heliostat is then determined by identifying the heliostat via con-
ventional edge and corner detection algorithms. While these conventional image processing
methods generally provide adequate results, they are not suf�ciently fast and robust, as they
primarily rely on handcrafted feature engineering [8–11]. Manual calibration work is often re-
quired, which makes the process increasingly costly and time-consuming [12, 13].

The emergence of arti�cial intelligence (AI) and machine learning (ML) is opening up new
possibilities in various �elds, with image processing being a key area of application [14, 15].
Initial research has explored the use of ML-based methods for heliostat detection in images.
However, existing approaches either still partly use conventional image processing methods
or ground-based imagery rather than aerial images [12, 16–18]. To the best of my knowledge,
the work by Broda et al. [19] at the German Aerospace Center (DLR) Institute for Solar Re-
search (Almería, Spain) is the only exception found in the existing literature. This work serves
as the foundation for this master's thesis. The results are utilized to identify existing research
gaps as well as to motivate the objectives of this study in the following.

Broda et al. [19] train a neural network (NN) to detect heliostats in aerial images. The model
works exclusively with synthetically generated image data2 during training to overcome the
challenge of limited training data and to have improved control over the variables affecting

2Synthetic image data generated with the open-source 3D modeling software Blender [20], BlenderProc [21] and
custom extensions [13].
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the model performance. Figure 1.1 shows the model predictions of the trained model for
a randomly selected test image. The model is class-aware, meaning it was trained on the
same mirror geometry used in testing. The train set size is 20,000 images. To ensure clarity
and distinguishability, the corresponding mirror geometry will be referred to as geometry A in
the following. As it is common in object detection [22, 23], the position of the heliostats in
the image is predicted using their bounding box (in red). The positions of the corner points
(referred to as keypoints in the following) of the mirror facets are predicted using dots (in
green). By visual inspection, all heliostats are detected by the model in this test image. The
percentage of correctly predicted corner points is also high. Exceptions primarily include
heliostats that are located far from the camera.

Figure 1.1.: Bounding box and keypoint predictions of a class-aware model at a model con�dence score of 0.5.
Model trained on 20,000 synthetic images and tested on seen geometry A.

For a mirror geometry not seen in training, referred to as geometry B in the following, the
model predictions for another test image are shown in Fig. 1.2. For this image, it turns out
that the model can only recognize about half of all heliostats. This detection rate indicates,
that the model cannot directly transfer the learned patterns from geometry A to geometry B.
To improve the model's performance on geometry B, Broda et al. [19] �ne-tuned the existing
model using an additional training set of 200 images from geometry B. The model predictions
of the �ne-tuned model, using the same camera orientation as in Fig. 1.2, are shown in Fig.
1.3

3



Figure 1.2.: Bounding box and keypoint predictions of a class-aware model at a model con�dence score of 0.5.
Model trained on 20,000 synthetic images and tested on unseen geometry B.

Figure 1.3.: Bounding box and keypoint predictions of a �ne-tuned model at a model con�dence score of 0.5.
Model trained on additional 200 synthetic images and tested on �ne-tuned geometry B.

4



Retraining the existing model with an additional reduced train set improves the model predic-
tions signi�cantly. This result indicates that �ne-tuning constitutes a good strategy to enhance
the model's adaptability to different geometries. However, testing on a third geometry, referred
to as geometry C in the following, shows that the model's generalizability to further unseen
geometries remains limited. The model predictions for an image showing heliostats with this
geometry are shown in Fig. 1.4. Notably, a considerable number of heliostats are either not
detected or are assigned by multiple bounding boxes. Moreover, fewer than half of all key-
points are identi�ed successfully. In the current con�guration, the model developed by Broda

Figure 1.4.: Bounding box and keypoint predictions of a �ne-tuned model at a model con�dence score of 0.5.
Model trained on additional 200 synthetic images and tested on an unseen geometry C.

et al. [19] is therefore only applicable to geometries on which it was trained. This �nding
implies a signi�cant limitation for the application range as the heliostat geometry can vary
with each plant [24]. Fine-tuning can improve the model performance for selected geome-
tries. However, this process means additional work through retraining and also implies that
the model would have to be tuned again for each additional geometry. Moreover, retraining
requires the generation of new synthetic training data, which is time-consuming and repre-
sents a signi�cant bottleneck in the tuning process.

Building on the work of Broda et al. [19], this master's thesis is therefore dedicated to
developing a geometry-agnostic deep learning (DL) model that can detect heliostats
of different geometries on aerial images without additional training. This model would
then be capable of detecting heliostats on all types of SPT systems.
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2. Fundamentals and Related Work

This chapter is subdivided into two main sections. Section one covers ML, including DL as its
subarea. Section two considers technologies in the �eld of concentrated solar power (CSP)
and focuses particularly on SPT plants. In both sections, fundamental terms and concepts
are explained, and information is provided covering the current state-of-the-art.

2.1. Machine Learning

The following section begins by looking at the mathematical principles and techniques in the
context of ML. Then, NNs are considered as a sub-area of ML. Convolutional neural networks
(CNNs) are a special type of NNs and are therefore considered separately. Finally, state-of-
the-art networks and their applications are reviewed.

2.1.1. Fundamental Terminology and Concepts

ML enables technical systems to learn from data and use this knowledge to make predictions
for new, unknown data. The machine detects patterns, trends or key features in the provided
data during the learning process without being explicitly programmed [14, 15]. ML techniques
are commonly divided into four types: supervised, unsupervised, semi-supervised and rein-
forcement learning. In supervised learning, a function is learned by mapping given input data
to corresponding output data, known as labels. The entirety of the data used in the learning
phase is referred to as ground truth. This approach aims to learn a function that can generate
output data for new input data that was not used during the learning process. Typical super-
vised learning tasks are regression and classi�cation. Regression is a method for predicting
continuous values, whereas classi�cation assigns data points to discrete classes. Unsuper-
vised learning deals with unlabeled data, meaning there is no output data for given input data
during the learning phase. Unsupervised learning aims to detect hidden underlying patterns
or groups, like in a clustering process [14, 25]. Semi-supervised learning and reinforcement
learning are not considered further due to their lack of relevance to this thesis.

The key components of ML are a model, a strategy and an algorithm [26]. A linear regression
with one input parameter is used as an example to illustrate these key components (Eq. 2.1).
In this case, the model is a linear function f (x). The function consists of two parameters, the
weight w and the bias b. For a given input x, the function calculates a model output f (x)
based on the estimated model parameters [15, 27].

6



f (x) = wx + b (2.1)

An optimization strategy is de�ned to determine which choice of the model parameters w and
b is optimal. The corresponding objective is the minimization of a loss function, such as the
residual sum of squares (RSS), also called l2 loss (Eq. 2.2).3

min RSS = min
nX

i =1

(yi � ŷi )2 (2.2)

The RSS sums over the squared differences between the ground truth labels yi and the model
predictions ŷi for a given input value x i . The number of data points is n. Using the squared
loss ensures that deviations with different signs are not truncated. Therefore, a good model
is one with a small RSS. It is convenient to multiply the RSS by the factor 0.5 to neutralize
the factor of two in the derivative of the RSS. Closely related to the RSS is the mean squared
error (MSE), which averages the RSS over the number of data points n [15, 27].
An algorithm is needed to compute the minimum of the loss function. A general approach
in ML is using gradient descent [25, 28]. Gradient descent changes the parameters to be
estimated iteratively based on the gradient of the loss function. The gradient for the linear
regression problem with one input parameter is shown in Eq. 2.3. @L

@w resp. @L
@b is the partial

derivative of the loss function L with respect to w resp. b.

r L (w; b) =
� @L

@w
@L
@b

�
(2.3)

By de�nition, the gradient of the function r L (w; b) is a vector that points toward the steepest
increase of the function at a given point (w; b). Changing the parameters of the current
iteration t in the direction of the negative gradient aims to bring the parameter values closer
to their minimum in the next iteration t + 1 (Eq. 2.4 and 2.5). The decisive factor here is a
good choice of the learning rate � , which determines the step size with which the minimum is
approached. The iterative optimization stops, for example, when it converges to a minimum
or after a certain number of steps [27, 29, 30].

wt+1 := wt � �
@L
@w

(2.4)

bt+1 := bt � �
@L
@b

(2.5)

Optimizing the model parameters is the most crucial part of building a ML model. However,
the typical ML work�ow consists of four steps [15]: dataset collection, data pre-processing,
model training (the learning phase) and model evaluation. The work�ow is described in the
following, with reference to Fig. 2.1.

3A detailed description of several state-of-the-art loss functions can be found in Appendix A.1.
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The collected data is the fundamental factor for the effectiveness and ef�ciency of a ML model.
Therefore, the data should be representative, relevant in terms of the measured features, of
high quality and suf�cient in quantity. However, real-world data is often unorganized and can-
not be directly utilized in the subsequent steps. Before proceeding, the data needs to be
pre-processed. Typical tasks include handling missing data, standardizing data features and
eliminating outliers [14]. Model training comprises the mathematical operations previously
discussed for optimizing the model parameters. Learning itself is realized through the com-
bination of a ML model, an optimization strategy and the associated algorithm. In general,
different model types t and variants v are trained, varying in their mathematical approaches
or hyperparameters. For example, a regression model can be linear but also quadratic. The
learning rate, an example of a hyperparameter, is also adjustable as part of the gradient de-
scent optimization [15, 27]. For model training, only a part of the collected data is used. The
data is divided into a train set and a test set, e.g., in an 80:20 ratio. A common strategy is to
further divide the training set into a reduced training set and a validation set, allowing for the
monitoring of model performance during training [15].

Figure 2.1.: Big picture: model training, validation, testing and selection [15, 31].
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The monitoring provides a basis for excluding model variants or adjusting hyperparameters at
an early stage. A �nal evaluation of the model's performance is conducted using the test set.
This evaluation is necessary because a good model performance achieved during training
and validation is not a suf�cient indicator of its performance on unseen data. For example, a
model with a large number of parameters and precisely adjusted hyperparameters can tend
to approximate the given data (small training loss) and not learn the underlying function (high
testing loss). The model is over�tted [14, 15, 32].

Having a suf�ciently large quantity of data available for a ML project is often challenging.
Reserving data aside for model evaluation can be critical to the remaining train set size. A
solution to this problem is the use of resampling methods, where existing data is utilized
in multiple iterations or to generate additional data arti�cially. One method is k-fold cross-
validation, which is explained in the following [15, 28]. After splitting the data into a train set
and a test set, the resulting train set is divided into K parts. In every iteration k 2 1; : : : ; K ,
the model is trained on all the folds except fold k, which is used as a validation set. The MSE
is calculated, which averages the squared errors calculated in the k iterations.

Figure 2.2.: k-fold cross-validation, own presentation based on [15].

After introducing fundamental concepts and terminology in the �eld of ML, the following chap-
ter will focus on DL, which is a major sub�eld of ML.
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2.1.2. Deep Learning

DL is a sub�eld of ML and is based on NNs. A NN is inspired by the information processing
structure in the human brain. A neuron receives information, processes and forwards it to
other neurons via synapses. Mathematically, this process is described as follows: A NN is
organized in layers. Information is given to the network at the input layer. The corresponding
neurons process the incoming information and forward it to the neurons in the next layer. The
information is successively processed by the intermediate layers and �nally output through the
output layer. Due to the unidirectional �ow of information from the input to the output layer, this
type of network is also referred to as a feedforward network. Except for the input and output
layer, an outside observer cannot observe the states and calculations. This is why these lay-
ers are referred to as hidden layers. Networks with many hidden layers are called deep neural
networks (DNNs), and the study and application of these networks are collectively referred to
as DL [14, 15, 27, 29, 32]. An exemplary structure of a small NN with two hidden layers is
shown on the left in Fig. 2.3. The right side of Fig. 2.3 visualizes the information processing
of an arti�cial neuron. In focus is a neuron of the �rst hidden layer, which receives information
x i weighted with wi from all three neurons i 2 f 1; 2; 3g of the input layer. The neuron sums
up the incoming information, processes it with an activation function and forwards the output
to the next neuron. The activation function used is the recti�ed linear unit (ReLU). ReLU has
established itself as state-of-the-art and is de�ned as ReLU (x) = max(0; x) [15, 27]. While
applying other activation functions is possible, a closer examination of this subtopic is not ad-
dressed in this thesis.

The strength of a NN lies in the number of hidden layers, respectively, its depth. A neuron
processes weighted input data, applies an activation function to reduce the input to a single
value, and passes the information to a downstream neuron. Note that activation functions of
hidden layers are in general non-linear. The composition of these non-linear functions enables
the mathematical modeling of complex non-linear relationships. Thus, the deep architecture
provides the capacity to learn highly complex data structures [29, 33].

Figure 2.3.: Architecture of a NN (left ) and structure of an arti�cial neuron with weighted input ( right ),
based on [15].
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Training a DNN is �tting its weights to minimize a certain optimization function by applying
a training algorithm. For regression tasks, the l2 loss function and the gradient descent al-
gorithm are also applicable within a DNN [28, 29]. However, due to the chaining of network
layers and their associated weights, training a DNN becomes signi�cantly more challenging.
This dif�culty is explained in the following. The change in the output of a function f (x) is
based on its derivative df

dx . If the input is �rst transformed by a function z(x) before being
passed into f , the total derivative is calculated by applying the chain rule (Eq. 2.6).

df
dx

=
dz
dx

�
df
dz

(2.6)

The optimization of the weights in a NN underlies this fundamental principle. During train-
ing, the gradient of the loss function with respect to the weights of any layer is propagated
backwards from the output layer. This procedure is known as backpropagation. However, the
complexity of backpropagation increases signi�cantly with the depth of the NN because the
gradient descent algorithm must compute derivatives of multiple non-linear transformations.
One resulting problem is the vanishing gradient, where the gradients in the �rst layers of a
DNN can have very small values, making it dif�cult to train the corresponding weights. The
vanishing gradient is caused by the use of activation functions with a derivative in the range
[0; 1] in general, and their multiplication by the chain rule [27, 29, 30].

Although the small NN in Fig. 2.3 consists of only 12 neurons, 32 weights are required due
to its full connectivity. A large NN can have more than 1012 parameters [27], which must be
optimized during model training. Therefore, a large amount of training data and massive com-
puting power are necessary. A high volume of training data enables the training algorithms to
discover more hidden data features and dependencies, thereby improving the calculations of
the weights [27, 29, 32, 34]. To train a DNN in a reasonable time, graphics processing units
(GPUs) are used to provide the necessary computing power [27, 29]. GPUs are specialized
hardware components originally developed as graphics processing hardware for the video
gaming market. Their strength lies above all in their ability to parallelize tasks. This property
is utilized in the calculation of the gradients, as the calculation of a gradient for a weight of
a certain neuron connection can be carried out independently of other gradient calculations
[27, 35].

After introducing fundamental concepts and terminology in the �eld of DL in this chapter, the
next one focuses on CNNs as a special DNN architecture.
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2.1.3. Convolutional Neural Networks

This section introduces the convolutional operation, its application in CNNs and particularly
the strength of CNNs in image processing. Therefore, a short introduction to the structure of
image data is necessary.

An image can be described by the number of pixels in both the horizontal and vertical direc-
tions, along with their corresponding color values. In a grayscale image, the color of a pixel
is determined by a numerical value ranging from 0 to 255 (for an 8-bit image). A value of 0
corresponds to the color black, and a value of 255 corresponds to the color white. Color im-
ages, in turn, consist of three layered channels - red, green, and blue. Three values are then
assigned to each pixel, corresponding to the intensity in the red, green and blue channels [27,
36].

Now, a color image with size of 103 � 103 pixels is considered that is to be processed by a
NN. Each pixel is handled as a separate input. This example results in 106 neurons in the
input layer. For a fully connected feed-forward NN and, e.g., 103 neurons in the �rst hidden
layer, such a network would have to learn 3 � 109 weights only in the �rst layer. The factor
three results from the three color channels. If this example were to be taken further, a NN
would be created whose computing times and training data requirements would exceed a
reasonable level [27]. CNNs, however, make use of the 2D grid-like structure of each channel
of the input data [14]. Moreover, they take advantage of the fact that neighboring pixels have
a certain correlation in their color when forming patterns and objects. This knowledge is used
to process image data ef�ciently [27–29].

To illustrate the principle of the convolutional operation, a 5 � 5-pixel grid is convolved with a
3� 3-pixel kernel as shown in Fig. 2.4. The kernel can be considered a small, two-dimensional
grid, where each grid entry serves as a weight. The kernel takes as input only a rectangular
region, called a receptive �eld, of its own size from the image.

Figure 2.4.: Convolutional operation, visually left , mathematically right , own presentation based on [27].
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In the convolutional operation, each input pixel of the receptive �eld is multiplied by the cor-
responding weight of the kernel, and the sum of these products is calculated. Before being
passed to the next layer, the output is also transformed by a non-linear function, such as
the ReLU [37]. In the following, the convolutional kernel slides along the input image until
all entries from the input grid are convolved. Notice that the kernel uses the same weights
during every convolutional operation. The weight sharing signi�cantly reduces the number of
trainable weights. By sliding the kernel over the input image, a transformed and compressed
representation of the original image is created [27, 28].

The result of the convolutional operation is known as a feature map. The name originates
from the fact that it is possible to emphasize speci�c image elements (features) by selecting
the appropriate kernel. The feature selection is illustrated in Fig. 2.5. A 4 � 4 input feature
map is taken, consisting of a black area on the left side and a white area on the right side.
By choosing so, the input feature map has a vertical edge in the transition from the third to
the fourth column, counted from left to right. A typical kernel for detecting vertical edges is a
3 � 3 kernel with a zero value in its middle column and values of minus one in its left column
and values of one in the right column. Sliding this kernel over the input feature map calculates
an output feature map of size 2 � 2. The kernel is visualized by a moving red rectangle that
starts in the input's top-left corner. The kernel then slides to the right, then slides down left
and �nally to the bottom right corner. The output feature map is a compressed version of the
input, emphasizing the vertical edge [27].

Figure 2.5.: Filtering vertical edges in a convolutional layer, own presentation based on [27].
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The kernel shown in Fig. 2.5 is con�gured to detect vertical edges. Comparably, a 3 � 3
kernel can be de�ned for detecting horizontal edges. Obviously, edges in an input feature
map do not have to be aligned horizontally or vertically. Implementing a kernel for every pos-
sible edge orientation is time-consuming and computationally expensive. However, traditional
image processing techniques rely on these handcrafted features, thus making them less ef�-
cient and effective (see Appendix A.2) [33, 38]. This is where the true strength of CNNs lies:
the convolutional kernels are not handcrafted but instead learned during the training process
[27, 29].

Generally, several kernels convolve an input to detect all relevant features, resulting in multiple
output feature maps. The feature maps collectively form the output of a convolutional layer.
As a standard NN, a CNN consists of multiple of such layers. Each of the following layers
has its own kernels and gets the output feature maps of the previous layer as input. The
subsequent layers are trained to detect features, which are combinations of the features of
the earlier layers. As the number of layers increases, so does the compression of the input
data. At a certain point, a person can no longer extract useful information from the feature
maps [27]. Local combinations of corners and edges form motifs, which are assembled into
parts, and these, in turn, form larger objects. A hierarchy becomes recognizable in which
convolutional layers pass on detected features in aggregated form to the subsequent layer.
This concept is known as hierarchical feature extraction [25, 27, 30, 39].
CNNs were �rst applied with a notable performance by LeCun et al. (1998) for the task of
recognizing handwritten digits [37]. The developed model architecture, known as LeNet-5, is
shown in Fig. 2.6.

Figure 2.6.: LeNet-5 architecture, own presentation based on [37].

An input image of size 32 � 32 pixels is convolved with six kernels, resulting in six feature
maps (also called channels) in the �rst convolutional layer C1. This layer is followed by a
pooling layer S2, the second common building block in a CNN. The pooling operation sum-
marizes the response of a receptive �eld into a single value. Common pooling operations are
max pooling and mean pooling. Max pooling takes the maximum pixel value of a receptive
�eld, and mean pooling takes the mean of the pixel values within a receptive �eld [33]. Thus,
the pooling operation makes the output of a convolutional layer more robust, as variations in
the input are reduced and only the most important information is processed in compact form.
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The pooling layer is followed by another pair of a convolutional layer C3 and a pooling layer
S4, both with 16 kernels. One channel in the convolutional layer C3 is generated by a kernel
simultaneously sliding over all channels of the previous layer. Layer C5 is a convolutional layer
with the special characteristic that the kernel size corresponds to the size of the channels in
the pooling layer S4 (5 � 5). This means that each channel in the convolutional layer has a
size of 1 � 1 and thus represents a simple neuron. Each neuron in layer C5 is connected to
every neuron in layer S4. This type of connection is called a full connection, aiming to com-
bine features learned in the previous layers. Layer C5 consists of 120 neurons, meaning the
channels in layer S4 were convolved with 120 kernels. Layer F6 consists of 84 neurons that
are fully connected to the neurons in layer C5. The last layer is the output layer, consisting of
ten neurons fully connected to the neurons in layer six. Each of the ten neurons represents
a digit between zero and nine. The output of each neuron represents the probability that the
input digit is the digit associated with that neuron [37].

In this chapter, the convolutional operation, its application in CNNs and particularly the strength
of CNNs in image processing were introduced. The LeNet-5 architecture was explained,
which was a groundbreaking innovation at the time and the starting point for further develop-
ments. The following chapter will review selected model architectures with relevance for this
thesis.

2.1.4. Review of Relevant Model Architectures

Since the availability of GPUs for high computing power and large amounts of labeled training
data, intensive research has been conducted in the �eld of DL [33]. This research has led
to the development of new and even more advanced network architectures [15, 32, 33, 40].
Models relevant to this thesis are reviewed in the following section.

The U-net was developed by Ronneberger et al. [41] for biomedical image segmentation pur-
poses. Image segmentation refers to assigning a class label to every pixel on an image.
The U-net architecture consists of a contracting path, called encoder, and an expanding path,
called decoder. The architecture of the encoder is a typical CNN with alternating convolutional
and pooling layers. The decoder consists of alternating upsampling and convolutional layers,
aiming to reconstruct the encoded image. Upsampling can be understood as the counterpart
to the pooling operation, where the image size is increased [27]. By �rst contracting and then
expanding an image, the encoder-decoder learns to extract the relevant features of an im-
age. During contraction, however, high-resolution features cannot be restored with suf�cient
accuracy, as would be necessary for instance segmentation. For this reason, feature maps
with high resolution from the contracting path are combined via skip connections with the up-
sampled output at each stage of the expanding path. The successive convolutional layer can,
therefore, generate more precise output [41].

The residual network (ResNet) was developed by He et al. [42] to tackle the problem of
training very deep NNs with a large number of hidden layers. As discussed in Chapter 2.1.2,
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the vanishing gradient problem makes learning weights in the early layers of a DNN dif�cult.
To overcome this problem, ResNet uses the approach of deep residual learning. The concept
is illustrated in Fig. 2.7.

Figure 2.7.: Structure of a residual block in ResNet, own presentation based on [42].

A DNN should be able to learn deep features while also skipping unnecessary layers. In other
words, allowing an input to pass through layers without transformation should be possible if
no meaningful changes are needed. In this case, the concatenation of the non-linear transfor-
mation functions of several concatenated layers has to form an identity mapping H (x) = x.
Here, x is the input of the �rst layer to be skipped, and H (x) represents the desired concate-
nation of the non-linear functions of the skipped layers. He et al. [42] assume that learning
F (x) = H (x) = x is dif�cult, where F (x) is the learned function. That is why the iden-
tity x is directly passed to the end of the skipped layers via skip connections, which allows
F (x) to be set to zero. Formally, F (x) = H (x) � x = 0 , which means that F (x) is set
to the residuum between H (x) and x. Learning the residuum is assumed to be easier to
train. Since the gradient of the skipped layers increases by one (the derivative of the iden-
tity), model training becomes stable even when dF

dx = F (x) = 0 . Thus, the problem of the
vanishing gradient is also prevented. Due to the increasing number of layers, ResNets are
structured in stages, which serve the purpose of clarity and an overview of the feature hier-
archy. The core of ResNet34 (34 layers) described in [42] consists of four stages containing
several residual blocks. The kernel size remains the same for every stage, but the number
of kernels increases to extract more features in depth. Using the ResNet architecture, it was
possible to train a DNN with 152 layers ef�ciently, showing outstanding performance and out-
performing current state-of-the-art models [42].

The R-CNN was developed by Girshick et al. [22]. It is a DNN dedicated to the task of object
detection. Object detection refers to estimating the location and type of objects in an image
[33, 43]. The location of an object is predicted by determining its bounding box, a rectan-
gle that closely �ts the object's boundaries [27]. The model takes an image as input and
extracts proposals from around 2000 object regions. Subsequently, a large CNN is trained
to learn the relevant features to make different objects distinguishable. Based on the output
of the CNN, a ML-based classi�er generates class predictions for each region. The R-CNN
achieved signi�cantly better prediction results than other models available at the time of its
introduction [22]. However, the bottleneck of the R-CNN is a high processing time due to the
large number of region proposals. For this reason, the Fast R-CNN [44] and Faster R-CNN
[45] were developed in the following years. A further development of Faster R-CNN is Mask
R-CNN, which can provide pixel-accurate masks for the predicted objects. This task is known
as object instance segmentation. [46]
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The you only look once (YOLO) model architecture was developed by Redmon et al. [23]
and is also designed for object detection tasks. In comparison to the R-CNN architecture and
its subsequent developments, YOLO does not require a separate region proposal network
but only employs a single CNN, resulting in a signi�cant increase in processing speed. The
basic idea of the YOLO model is to divide the image into a �xed grid (e.g., 7 � 7 [23]). In
each cell of the image, objects are detected via their bounding boxes and assigned to a class.
YOLO initially had problems identifying small objects due to the coarse grid size. However,
this problem was reduced by further developments [47, 48].

Another major application for DNNs is keypoint detection. A keypoint is de�ned as a „local
distinctive region" [49], and keypoint detection refers to the task of �nding these regions in
an image [49]. For instance, keypoint detection is used in human pose estimation. Here, the
joints of the human body are considered keypoints for predicting human posture [50]. Figure
2.8 shows an example of object detection performed by YOLO on the left and of human pose
estimation performed by R-CNN on the right. The YOLO model predicts bounding boxes and
a probability for a classi�cation. The R-CNN predicts the human pose by detecting the joints
as keypoints.

(a) Example of object detection performed by YOLO. Im-
age from [51].

(b) Example of keypoint detection and human pose esti-
mation performed by R-CNN. Image from [52].

Figure 2.8.: Object detection and human pose estimation examples.

The CenterNet , developed by Zhou et al. [53], combines the approaches of object and key-
point detection. Instead of identifying objects by directly predicting the location and size of the
corresponding bounding box, the center point of the bounding box is predicted in �rst stage.
The model returns a heatmap where each peak corresponds to the location of an object cen-
ter in the input image. The bounding box size is then regressed from the predicted bounding
box center. Additional sub-pixel regression is necessary due to the different resolutions of the
input image and output heatmap. Bounding box centers and keypoints are represented as
2D Gaussian heatmaps rather than single-pixel labels. This approach improves the training
stability because the model can even learn from nearby pixels, providing smoother gradients
and better localization performance [53].
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As mentioned at the beginning of Chapter 2.2, a suf�ciently large amount of data is required
for effective training of DNNs and CNNs. Publicly accessible databases provide a large vol-
ume of labeled data. ImageNet is a well-known example of such a resource. It is an image
database containing over 14 million hand-annotated images, which have been classi�ed into
more than 20,000 categories [54, 55]. Each image was hand-annotated (labeled) with the
correct object class and bounding box position for every object it contains [56].

Note, that conventional object detection is class-aware, meaning models are applied to de-
tect objects from classes seen during training. „However, these models do not generalize
well to unseen object-types." [43] Class-agnostic models are not limited to the object types
seen during training [43]. In comparison to class-aware models, they can be applied to other
classes without retraining, which signi�cantly reduces the volume of training data and cost of
data annotation [57].

In this chapter, state-of-the-art model architectures relevant to this thesis were reviewed. Fur-
thermore, use cases for DNNs, such as object and keypoint detection, were explained. The
following chapter concludes by examining the special criteria that are used to evaluate the
performance of detection models.

2.1.5. Performance Metrics for Model Evaluation

This section provides insights of metrics that are used to quantify the performance of detec-
tion models.

The average precision (AP) is the most common metric used to quantify the performance of
an object detector [51]. To understand the AP, some basic concepts are reviewed beforehand.
They refer to [15, 32].

• A true positive (TP) prediction corresponds to a correct detection of a ground truth
bounding box.

• A false positive (FP) prediction corresponds to an incorrect detection of a non-existent
object or an incorrect placement of an existing object.

• A false negative (FN) prediction corresponds to an undetected ground truth bounding
box.

• A true negative (TN) prediction corresponds to a correct detection of a non-existing
object. However, predicting non-existing objects is irrelevant for a detector as there is
an in�nite number of bounding boxes that should not be detected in an image.

The categorization of a prediction as correct or incorrect is based on the intersection over
union (IOU). The IOU measures the area of intersection between the predicted bounding box
and the ground truth bounding box divided by the area of the union between them. A detection
is classi�ed as correct if the IOU is equal to or greater than a given threshold. Otherwise, the
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detection is classi�ed as incorrect [51]. From TP, FP and FN, the precision (P) (Eq. 2.7) and
recall (R) (Eq. 2.8) are computed as follows:

Precision =
TP

TP + FP
(2.7)

Recall =
TP

TP + FN
(2.8)

P is de�ned as the ratio of the TP detections to all detections. R is de�ned as the ratio of
the TP detections to all ground truths [15, 32]. A good object detector should �nd all ground
truth objects (FN = 0, high R) and identify only relevant objects (FP = 0, high precision). The
precision and recall change when the threshold is varied. A trade-off is observed, where the
FP decreases (as the precision increases) and the FN increases (as the recall decreases)
as the threshold increases, and vice versa [51]. The area under the curve (AUC) is the area
under the precision-recall curve and the �nal metric used to measure model performance
[32]. However, the curve is discontinuous, which is why the precision values are computed at a
�xed set of recall levels. In this thesis, the de�nition of the famous Common Objects in Context
(COCO) detection challenge [51, 58] is followed by choosing 101 equally spaced recall values
from zero to one. The precision at each point is derived by taking the maximum precision
at each recall threshold. Choosing the maximum makes the calculation less susceptible to
downward outliers [51, 59]. The AP (Eq. 2.9) is computed as the average over the derived
precision values.

AP =
1

101

X

r 2f 0:00;0:01;:::;1:00g

max
~r � r

Precision(~r ) (2.9)

The mean average precision (mAP) then measures the accuracy of an object detector by
summing the AP over all classes N and taking the mean value (Eq. 2.10) [51, 59].

mAP =
1
N

NX

n=1

AP(i ) (2.10)

The percentage of correct keypoints (PCK) is a popular metric for keypoint detection [57].
A keypoint prediction is considered correct if the normalized distance between the prediction
K̂ i and the ground truth K i is equal to or less than a certain threshold � [57, 60]. 1(�) is
the indicator function. d is the normalization factor, e.g., the longest side of the ground truth
bounding box. As a standard, the PCK is also calculated for different threshold values � [57,
60]. The PCK formula is shown in Eq. 2.11.

PCK =
1
N

NX

i =1

1

 
kK̂ i � K i k2

d
< �

!

(2.11)

To normalize the distance between the prediction and ground truth via a bounding box edge,
a correspondence between the keypoint and the object must be established. However, such
correspondences are not always obtainable, as shown in [12, 19]. In these cases, � is set to
a �xed distance in px.
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Intermediate Results

In Chapter 2.1 of this thesis, the theoretical foundations from the �elds of ML and DL were pre-
sented in detail. ML enables technical systems to learn from data and use this knowledge to
make predictions for new data. In contrast to standard ML models, DNNs are capable of rec-
ognizing deep patterns in input data due to their highly complex network architecture. A major
�eld of application is image processing due to the special structure of image data. CNNs ar-
chitectures are used to process image data ef�ciently. They are based on the convolutional
operation, taking into account the grid-like structure of images and the relation between neigh-
boring pixels. The recognition and classi�cation of objects as well as keypoints on images is
a central application of CNNs. Furthermore, CNNs are the backbone of many state-of-the-art
network architectures that were developed speci�cally for detection tasks. CenterNet, ResNet
and U-Net in particular will play a role in the further course of this work. The following section
lays the theoretical foundations for the CSP technology focusing on SPT.
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2.2. Concentrated Solar Power

This chapter is structured as follows: First, a general overview of the four relevant technolo-
gies regarding CSP is provided. The focus of this work lies on the SPT technology, which is
why this technology is considered in detail. After introducing the fundamentals, a literature
review reveals the state-of-the-art heliostat monitoring and calibration approaches. Based on
this, the use of DL in heliostat calibration techniques will be discussed.

2.2.1. Concentrated Solar Power Technologies

CSP systems consist of four core elements: solar re�ectors, solar receivers, power conver-
sion systems, and electric generators. The solar re�ectors are used to concentrate solar
irradiance on a receiver. A heat exchanger integrated into the receiver transfers the energy
of the focused solar rays as thermal energy to a circuit �uid. The heated �uid then drives a
thermodynamic circuit process to produce electric energy [1, 61–63].

CSP technologies can be categorized into four distinctive types: linear fresnel re�ectors
(LFR), solar power towers (SPT), solar parabolic dishes (SPD) and parabolic trough collec-
tors (PTC). Figure 2.9 depicts the basic functionality of these four technologies. First, the
technologies shown can be classi�ed by focus and receiver types. Line focus technologies
(Fig. 2.9: 1 and 4) focus the irradiance on a linear receiver, and point focus technologies
(Fig. 2.9: 2 and 3) at a single point receiver. The receiver can be �xed (Fig. 2.9: 1 and 2)
or integrated (Fig. 2.9: 3 and 4). In the case of a �xed receiver, the receiver is stationary. In
the case of an integrated receiver, the receiver moves with the tracking re�ector. Integrated
receiver systems can produce more energy because they can better focus the irradiance on
the receiver [2–4].

Figure 2.9.: CSP technologies [2].
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In the following, the four technologies are explained in more detail.

1. LFR systems are line-focusing systems with a �xed receiver. The systems consist of
parallel �at or slightly curved mirrors. The irradiance is focused on an absorber tube.
As these tubes are �xed, only the mirrors can move, and only along the longitudinal
axis. Due to their simple design, the LFR systems are cost-effective. However, this
simplicity adversely affects the system's ef�ciency [2, 3, 63].

2. SPT systems are point-focusing systems with a �xed receiver. The systems consist
of two-axis tracking mirrors, so-called heliostats, which concentrate the irradiance onto
one solar receiver. The receiver is typically located at the top of a tower. The localiza-
tion of the receiver at a certain height is necessary to prevent the re�ected radiation of
heliostats in the back rows from being blocked by those in the front rows. The function-
ality of a SPT plant is covered in detail in the next Chapter 2.2.2 [1–3, 63].

3. SPD systems are point-focusing systems with an integrated receiver. The systems
consist of a parabolic two-axis tracking mirror that concentrates the solar irradiance at
a focal point propped above the dish's center. The unique feature of this technology
is the independent generator (e.g., a Stirling machine) at the focal point. As a Stirling
machine directly converts heat into mechanical energy by compressing a gas (e.g., air)
to generate electricity [64], a heat transfer �uid is not required. This direct power and
heat cogeneration enables the highest ef�ciency of all the CSP systems [3]. However,
the typical capacity of one dish is very low, which makes it necessary to co-locate
hundreds to thousands of dishes to compete with other CSP technologies [2, 3, 63,
65].

4. PTC systems are line-focusing systems with an integrated receiver. The systems con-
sist of parallel rows of re�ectors curved in one dimension. The irradiance is concen-
trated onto absorber tubes, through which a heat transfer �uid (typically oil) �ows, trans-
ferring the solar energy into a circuit process. The re�ectors and the absorber tube are
connected in their movement by following the sun during the day. Typically, movement
is only possible by rotation along the longitudinal axis [2, 3, 63].

As discussed, CSP technology can be categorized into four main types. However, this thesis
focuses exclusively on SPT technology, which re�ects the scope de�ned in the thesis title.
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2.2.2. Solar Power Tower Plants

In the following, the working principle of SPT systems is described. The description refers to
Fig. 2.10 and [61, 64, 65]. SPT systems use a large number of two-axis tracking heliostats
to concentrate solar irradiance onto a receiver. The sun's thermal energy is transferred to
a working �uid via a heat exchanger in the receiver. The heated �uid then drives a ther-
modynamic circuit process to produce electric energy. There are two common concepts for
transferring heat to the thermodynamic circuit process. The �rst option is to use the working
�uid initially heated in the receiver for the whole circuit process. The second option is to use
the initially heated �uid as an intermediate �uid. The intermediate �uid transfers its heat via
a second heat-exchanger to another �uid in the power-block system, which runs the down-
stream circuit process. The commonly used intermediate �uids are oil and molten salt [3].
Although one-�uid systems require less investment (only one heat-exchanger in the receiver
is needed), the strong dependence of �uid pressure on temperature, especially for water,
makes it dif�cult to manage these systems. Controlling the process and preventing damages
gets more challenging [4]. For this reason, these systems are generally less ef�cient.

The �uid choice in the power-block system is particularly dependent on the installed turbine.
In the case of a steam turbine (Clausius-Rankine process), water and steam are used as the
working �uid. The water is compressed in a pump and vaporized in a steam generator. The
steam is then passed through a steam turbine and �nally condensed back to its original state
in a condenser. In the case of a gas turbine (Joule process), air is used as the working �uid.
The hot air is �rst compressed and then passed through a turbine, where it expands. In both
cases, the turbine is connected to a generator to produce electricity [61, 64, 65].

Figure 2.10.: Simpli�ed working principle of a SPT plant with a Clausius-Rankine process and one �uid, own
presentation based on [63, 66].
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The ability to store heat is the most relevant advantage of SPT systems over other renewable
energies (such as photovoltaic or wind energy). Excess thermal energy not needed to pro-
duce electrical energy in a speci�c period is stored in a thermal storage system. Another heat
exchanger transfers the heat of the working �uid to the �uid in the thermal storage system,
typically molten salt [66]. After sunset, the stored heat can be released into the power-block-
system to produce electricity [2]. In this way, CSP systems function as a dispatchable energy
source, and electrical energy can be produced on demand, contributing to a stable power grid
[13, 61].

2.2.3. Heliostat and Field Designs

The basic design of a rectangular-shaped heliostat is shown in Fig. 2.11. The re�ective
surface of a heliostat typically consists of multiple small mirrors, so-called facets. Between
the individual facets is a gap. Heliostats can track the sun by rotating around two axes: the
azimuth and elevation axes [1]. With an even number of facets in the direction of the x-axis,
it is possible to design the width of the middle gap larger so that the pedestal of the heliostat
protrudes from this gap. The gap allows increased freedom of movement concerning rotation
around the elevation axis (not shown in the �gure).

Figure 2.11.: Basic design of a heliostat, generated with the 3D graphics software Blender Blender, labeling of
elements based on [67].

SPT systems offer �exibility in designing not only the heliostats but also the heliostat �eld.
Rizvi et al. [62] distinguish between patterned heliostat �eld layouts and unpatterned ones. In
this thesis, only patterned ones will be considered further. Patterned heliostat �eld layouts can
be divided into the broader categories of rectangular and radial �elds. In a rectangular �eld,
heliostats are placed in straight rows and columns. In a radial (or circular) �eld, heliostats are
placed in concentric circles around the tower. Furthermore, the �eld layout depends on the
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geographical latitude of the system location. For heliostat �elds in the northern hemisphere,
the heliostats are positioned to the north of the tower (north �eld). For heliostat �elds in the
southern hemisphere, the heliostats are positioned to the south of the tower (south �eld). For
heliostat �elds near the equator, it is worth placing heliostats around the tower (surrounding
�eld) [4, 19, 62, 68]. The number of heliostats in the heliostat �elds depends on the size of
the heliostats and the installed and desired capacity of the power-block system, especially
on the turbine and generator. The range of generating capacities of commercially operational
SPT plants in 2022 was from 11 MW installed at the Plantar Solar 10 (PS10) in Spain to 377
MW installed at the Ivanpah Solar Electric Generating System (ISEGS) in the United States
[1]. Figure 2.12 depicts a bird's eye view of these plants.

Figure 2.12.: Aerial view of the PS10 in the front and Plantar Solar 20 (PS20) in the back (left) [69], and the
ISEGS (right) [70].

The picture on the left shows the circular �eld layout of the two plants PS10 and PS20. The
right image shows the system ISEGS. The ISEGS is made up of a total of three separate,
circular �elds with a surrounding angle of 360°. Table 2.1 gives technical information about
the respective power plants.

Table 2.1.: Technical data of the PS10 and ISEGS, data from [1, 71, 72].

Fact PS10 ISEGS

Number of heliostats 624 173,500
Heliostat mirror area (m²) 120 15
Area of heliostat �eld (m²) 4 75,000 2,600,000
Generating capacity (MW)5 11 377
Installation costs (Mio. C) 35 2200

4The area of the heliostat �eld of the PS10 corresponds to approximately 10 soccer �elds, the area of the ISEGS
even approximately 347 soccer �elds [73].

5At full load, the PS10 can produce as much energy in one hour as �ve single-person households consume in ap-
proximately one year. The ISEGS can produce as much energy in one hour as 180 single-person households
consume in approximately one year [74].
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As can be gathered from Tab. 2.1, SPT systems do not only offer �exibility in terms of de-
signing the heliostat �eld but also in terms of the heliostat design itself. Most of the heliostat
�elds around the world use heliostats with a rectangular surface design, but a pentagonal
design is also possible [1, 75–77]. The range of possible heliostat sizes extends from very
small heliostats (approximately 1 m²) to large heliostats (approximately 180 m²). However, it
is noticeable that medium-sized heliostats (60-100 m²) are not in use [75], which can be jus-
ti�ed by the trade-off between the performance of a heliostat and its costs. Large heliostats
generally have a lower irradiance concentration ratio than small heliostats, but have lower
costs per square meter [75, 77, 78]. Furthermore, the optimal dimensions of a heliostat are
in�uenced by the operating and environmental conditions [79].
Heliostats are a major cost driver for SPT plants (see Tab. 2.1) [3, 5, 78], and their pre-
cise alignment is a key factor for a high plant ef�ciency [5, 6, 75]. Precisely focusing the
heliostats' re�ected solar irradiance onto the receiver achieves high concentration ratios and
temperatures and, thus, high ef�ciency [1, 4]. Regular condition monitoring of the heliostat
�eld is therefore essential to ensure an ef�cient and reliable plant operation [6]. The following
chapter thus addresses potential sources of errors in heliostats and their monitoring.

2.2.4. Heliostat Calibration

This chapter is divided into three sections. The �rst section explains the necessity for heliostat
control. The second section analyses state-of-the-art methods for heliostat calibration. The
last section focuses on using DL methods in this �eld.

2.2.4.1. Importance of Heliostat Calibration

Heliostats are a core element of a SPT plant and their precise alignment is essential to opti-
mize the plant's ef�ciency [4–7]. However, many reasons can cause misalignment, like wind
loads, a tilt of the heliostats' pedestal, or non-level terrain [12, 80]. There are several math-
ematical methods for analyzing the alignment accuracy of the heliostats. The calculation of
the tracking, slope and canting errors are the most relevant ones [8, 75, 78]. These errors are
de�ned as follows:

• The tracking error of a heliostat is de�ned as the deviation of the actual re�ective sur-
face orientation from the desired orientation [6]. The orientation is given by the normal
vector of the re�ective surface, called the optical axis [78].

• The slope error of a heliostat is de�ned as the difference between the desired design
shape of the re�ective surface at a certain point and the actual one [78]. The error is
measured as the difference between the local normal vector at a given point and the
optical axis of the heliostat [10].
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• The canting error describes a systematic deviation of an entire mirror facet from its
intended orientation. Since canting introduces a uniform bias across the facet, it is
�rst determined as the average of the pointwise slope errors and then subtracted from
the measured slope error values. In this way, the actual local deviations of the mirror
surface are isolated [8].

The heliostat re�ects incident solar irradiance based on the law of re�ection. The angle of
incidence equals the angle of re�ection [81]. In other words, the angle of the incident radiation
is mirrored on the (local) normal vector. This principle is illustrated in Fig. 2.13. In the case
of correct alignment, the heliostat normal vector corresponds to the angle bisector between
the vector of the incident solar radiation and the vector from the heliostat to the receiver. A
minimal deviation of the heliostat alignment can signi�cantly impact the solar focus on the
receiver. For a heliostat at a distance of one km from the tower, a tracking error of one mrad
- which equals 0.0057° - causes a deviation of around two meters between the desired aim
point of the solar focus and the actual one [6]. As a result, the incident radiation on the helio-
stat is partially or entirely not re�ected onto the receiver. This effect is called spillage [4, 80].
Besides reducing the power production of the SPT plant, the uneven focusing of the sunlight
on the receiver can cause hotspots, which can cause damage [78, 80]. To reduce spillage
and the risk of receiver damages, the angular accuracy should be in the range of 0.1 to 0.3
mrad [6].

Figure 2.13.: Re�ection of solar irradiance from a heliostat onto the receiver by law of re�ection. Orange lines
illustrate solar irradiance, a blue dashed line illustrates the optical axis of the heliostat. Illustration based on
[82].

Heliostat control and calibration are necessary to ensure highly accurate heliostat alignment.
Heliostat control refers to adjusting certain parameters, such as the drive positions (see Fig.
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2.11), to obtain a desired heliostat orientation in which the incident solar radiation is re�ected
on the right target point on the receiver. Differences between the desired heliostat orientation
given to the control system and the actual orientation are measured and compensated during
heliostat calibration [6].

2.2.4.2. State-of-the-art Heliostat Calibration Methods

After the necessity of heliostat calibration was motivated, this section will cover state-of-the-art
heliostat calibration methods. In a detailed study, Sattler et al. [6] review about 30 heliostat
calibration and tracking control methods and categorize them into �ve groups. The gen-
eral working principles of the control methods in these categories are explained in Appendix
A.3. At this point, only one calibration method will be focused on in more detail, namely the
camera-target method. Although the method was already developed in 1984 by Stone [83], it
remains the most commonly used method in operating CSP plants. During a calibration, one
heliostat is moved in such a way that the irradiance is pointing towards a white Lambertian
target screen. The solar focus position on the target is then captured by a camera on the
ground and compared to a reference position by using conventional image processing soft-
ware. The identi�ed difference between the actual and desired position of the re�ection is
used to adjust the heliostat's orientation in the heliostat control system. For a full calibration,
this procedure has to be done for different sun positions [6, 83].

Although the camera-target-method has a suf�ciently high accuracy, it has three signi�cant
weaknesses. First, the measurement depends on the sun because a speci�c heliostat orien-
tation can only be calibrated with a speci�c sun position. Second, calibrating each heliostat
one after another makes the calibration method time-consuming, which is especially a prob-
lem for large SPT plants. Third, the calibration is only possible if the tower and target are
fully constructed. This circumstance prevents the heliostats from being calibrated during the
construction phase [10].

A brief look at other calibration methods is provided in Appendix A.3. It can be stated that
newly developed methods compete against the camera-target method in terms of measure-
ment time and accuracy. However, if methods provide a suf�ciently high accuracy, they suffer
from a high measurement time [6, 8]. The reasons include individual calibrations [84, 85], the
necessity of attaching markers or other sensors on each heliostat manually [86, 87] or apply-
ing solutions that must be �tted to the current heliostat �eld [88, 89]. Another major drawback
of the majority of the respective methods is their applied approach of placing the camera
and additional devices at a �xed position. As a result, the number of possible orientations
for a heliostat that the camera can see is restricted. Furthermore, in scenarios where the
camera is mounted on the tower [5, 85, 90], the mounting height must be suf�cient to ensure
that heliostats in the rear rows of the �eld are also visible. Additionally, it can be dif�cult to
detect high-resolution re�ections in the heliostat mirrors if the heliostat is far away from the
tower [11]. For these reasons, the use of unmanned aerial vehicles (UAVs), or drones, is a
promising alternative and has become a prominent �eld of research in recent years. Images
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taken by UAVs can supply a higher variation of camera positions and angles and can thereby
reduce the distance between the camera and a heliostat. Two optical measurement meth-
ods are brie�y introduced below before discussing approaches to using UAVs for heliostat
monitoring.

• Photogrammetry is a general method for deriving an object's 3D shape and location
based on one or more 2D images of this object. Part of the photogrammetric pro-
cess is the image acquisition, image measurement, and object reconstruction based
on physical models and mathematical formulas. For high-precision reconstruction, ap-
propriate measurement systems are necessary. Moreover, photogrammetry allows for
the calculation of the camera pose from known reference points. The pose includes the
position and orientation [91].

• De�ectometry comprises methods to gain information about the shape and conditions
of re�ective surfaces by analyzing the re�ected image of known objects. By analyzing
the distortions (de�ections) occurring in the re�ected image, it is possible to obtain
information about the surface properties, such as curvatures or defects [92].

These two methods form the basis for various research projects on the calibration of heliostats
using UAV-based image acquisition. Building on these measurement principles, the studies in
[8–11] present different approaches that utilize UAV-based imagery to accurately determine
the orientation of heliostats. These approaches are summarized in Fig. 2.14 and explained
in the following. Images are taken by a camera-equipped UAV. Conventional computer vision
(CV) methods are used to process the images and derive the heliostat facet corner points
from these images. By applying methods of the �eld of photogrammetry, the camera pose for
every image and the approximate heliostat's optical axis for every heliostat on these images
are calculated. Different approaches from the �eld of de�ectometry are used to calculate the
local normal vectors on the mirror surface for a heliostat at a certain point. Mitchell et al. [8]
use the re�ection of the tower. Jessen et al. [9] and Krauth et al. [10] use the re�ection of a
light emitting diode (LED)-equipped drone. Yellowhair et al. [11] use the re�ection of a neigh-
boring heliostat. By taking the average of the derived local normal vectors, the optical axis
of each heliostat can then be calculated. Finally, the tracking and slope errors are derived,
as explained above. Based on the measured errors, the heliostats' mirror surfaces can be
adjusted to optimize the re�ected solar irradiance onto the tower. This process step is shown
in Fig. 2.14 with a dashed arrow to indicate that further intermediate steps are necessary at
this point.

In all of the discussed approaches, the heliostat edge and corner detection is based on con-
ventional image processing techniques, which have limitations and lack robustness6. For a
heliostat pointing towards the ground due to a malfunction, its mirror surface is dif�cult to
see from the air. Re�ections of other objects (such as clouds or heliostats), varying lighting
conditions or damaged and soiled mirrors in�uence the measurement negatively [8, 13]. Fur-
thermore, the application of conventional image processing techniques requires prior knowl-
edge of the heliostat's orientation within the image. The prior knowledge is needed since

6A separate research of selected conventional image processing techniques is provided in Appendix A.2.
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Figure 2.14.: Heliostat calibration process based on [8–11]. Note that the canting error is also derived in [8, 11].

conventional edge and corner detection algorithms are typically optimized to identify features
aligned with prede�ned directions, such as horizontal or vertical edges (see Appendix A.2).
Consequently, the images often need to be orthogonalized to improve detection accuracy [91].
Moreover, many traditional approaches rely on so-called search windows or regions, within
which speci�c image features such as corners or edges are searched for. These regions
must be manually de�ned, introducing additional assumptions about the heliostat orientation
and potential sources of error (see [12]). Overall, the tasks of orthogonalization and search
window de�nition create a bottleneck in terms of the processing speed, which limits the ap-
plicability of the methods to commercial-scale power plants [13]. From the reasons stated,
the integration of DL methods into the calibration process is currently being investigated. DL
methods have already proven their wide range of use cases (see Chapter 2.1) and their „su-
periority over conventional image processing techniques in many domains." [13]. Therefore,
the following section provides an overview of current approaches in this sub�eld.

2.2.4.3. Application of DL Methods in the Heliostat Calibration Process

Carballo et al. [16] use a computer vision (CV) approach to detect the sun, the tower target
area and heliostats on images taken by cameras positioned at the heliostat mirror surfaces.
Based on the gained information, the tracking error is calculated and the heliostat orienta-
tion is adjusted. The procedure is investigated for several available pretrained models. Liu
et al. [17] use a CNN to obtain pixel-accurate segmentation masks of heliostats in the solar
�eld. The CNN is supposed to enable robustness against two factors. Firstly, the images
show varying lighting and soiling conditions. Secondly, the size of the heliostats varies in
the images due to variable distances from the capturing camera. The results of the instance
segmentation are used to estimate the optical axis of each heliostat by means of a not further
speci�ed algorithm. Although the results of Carballo et al. [16] show promising results, they
rely on a �xed camera position. Kesseli et al. [12] use a combined DL and CV approach. In
a �rst step, segmentation masks of PTCs are obtained using instance segmentation models.
In the following, two distinct CV methods are used to detect the corner points of each PTC.
Subsequently, the surface slope and offset of the absorber tube are computed. Even though
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the images of the solar �eld are taken by a camera-equipped UAV, this approach still relies
on conventional image processing techniques. Xu et al. [18] developed a NN-architecture to
detect heliostats in images. Results show an effective heliostat detection even with dif�cult
lighting conditions. Nevertheless, the disadvantage of this approach is using a camera po-
sitioned at a �xed location. Broda et al. [13] propose model training with synthetic training
data to overcome the problems of unbalanced and insuf�ciently large datasets. Preliminary
results from testing the DL model with synthetic and real-world data demonstrate the plausi-
bility of the approach. However, there is room for improvement regarding the application of
real-world data. Also, the synthetic and real-world images are taken by an airborne camera.
In a subsequent work by Broda et al., the in�uence of various parameters used to generate
synthetic training images on the model's performance when applied to real-world data is an-
alyzed [19]. Key parameters include ground texture, lighting conditions, heliostat soiling, and
the placement and orientation of objects within the scene. The model is trained to detect
heliostats along with their four outer mirror corners. With a suitable combination of simulation
parameters, the results demonstrate good transferability from synthetic to real-world scenar-
ios. Furthermore, the transferability of the results to other heliostat geometries is examined.
In this case, however, the existing model must be retrained with the image data of the new
geometry. As a qualitative analysis shows, the model cannot fully identify all heliostats and
their four outer corners. Therefore, further work is recommended to improve transferability. In
the following, Tab. 2.2 sums up the related work in the �eld of applying DL methods in the
heliostat calibration process.

Table 2.2.: Overview of state-of-the-art literature covering DL-methods in the heliostat detection.

Author Kesseli et al.
[12]

Broda et al.
[13, 19]

Carballo et al.
[16]

Liu et al.
[17]

Xu et al.
[18]

Fixed camera position 7 7 3 3 3

Conventional image pro-
cessing techniques

(3 ) 7 7 7 7

More than one heliostat
geometry involved

7 (3 ) 7 7 7

Model Architecture Mask R-CNN Mask R-CNN
CenterNet

SSD MobileNet7

SSD Inception8

Mask R-CNN

Mask R-CNN YOLO

As was elaborated, only [12, 13, 19] deal with a UAV and airborne image generation. How-
ever, [12] uses conventional image processing techniques that lack robustness and process-
ing speed. Furthermore, it must be particularly emphasized that only [19] consider more than
one heliostat geometry for the model used.

7See source [93] for more information
8See source [94] for more information
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Intermediate results

Chapter 2.2 initially looks at the fundamentals of the CSP technologies. CSP comprises four
technologies, whereby the SPT technology is focused in this thesis. It has been shown that
the dimensioning of a heliostat �eld and the individual heliostats is �exible within certain lim-
its. However, what all the SPT systems have in common is that continuous and highly precise
monitoring of the alignment of the heliostats is necessary to ensure high system ef�ciency.
Although it is already outdated, the camera-target method is widely used for heliostat calibra-
tion. Even though a high level of research is being carried out in this �eld, there is no other
generally accepted method suitable for practical use regarding processing speed and accu-
racy. Using drones equipped with high-resolution cameras and optical measuring methods
shows improvements in process speed and accuracy. However, using conventional image
processing methods for the initial detection of heliostats still remains a weak point. Conse-
quently, the entire calibration process becomes prone to errors in dif�cult lighting conditions,
unfavorable positions of the camera concerning the heliostat or soiling. Recent research is
therefore investigating the use of DL methods as part of the calibration process. Neverthe-
less, existing approaches either combine DL methods with conventional approaches or use a
�xed camera, which is inferior to drone technology. All approaches, except for [19], focus only
on detecting heliostats with one de�ned geometry. This focus implies a signi�cant limitation
for the application range because the heliostat geometry can vary with each plant. To detect
heliostats with a second geometry, [19] trains an existing model with a further geometry. The
evaluation shows promising results but also formulates a need for further investigation of the
model transferability to other heliostat geometries and therefore other SPT plants.

Building on the work of Broda et al. [13, 19], this master's thesis is therefore dedicated
to developing a geometry-agnostic DL model that can detect heliostats of different
geometries on aerial images without additional training. This method would then be
capable of detecting heliostats on all types of SPT systems.
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3. Methodology

This thesis directly continues on the results of [13, 19]. Referring to Chapter 2.2.4.3, Broda
et al. [19] examine the model performance by training and testing their detection model for
one mirror geometry. Further, the model performance is analyzed when testing on another
geometry. However, this investigation is carried out qualitatively and based on retraining. Un-
der these conditions, the test results do not allow well-founded statements about the model's
transferability to different heliostat geometries [19]. Therefore, this work aims to develop
a geometry-agnostic DL model for detecting heliostats in SPT plants. The detection task
includes the prediction of the heliostat bounding boxes as well as all heliostat keypoints. In
particular, the developed geometry-agnostic model could recognize different heliostat geome-
tries without having to be explicitly trained on each. As a result, the model could be applied
to a large number of SPT plants.

Chapter 3 covers the steps of the methodology applied to develop a geometry-agnostic DL
model to detect heliostats in SPT plants. As shown in Fig. 3.1, the designed methodology
consists of �ve consecutive steps. A separate subchapter in this chapter is dedicated to the
steps of synthetic data generation, data pre-processing and cluster-based model training.
The evaluation of the results achieved by model training, testing and post-processing is done
separately in the following chapter. The procedure is therefore only roughly outlined here.
The model is trained with synthetic data due to the limited availability of real, labeled data. As
a preparatory task, the synthetic data undergoes pre-processing to ensure compatibility with
the further training pipeline. The model architecture developed by Broda et al. [19] is used for
model training. The training is based on an iterative clustering approach. Various training and
testing procedures are implemented and compared to ensure optimal results. In the model
post-processing stage, an algorithm is proposed to further enhance model performance by
applying geometric constraints to re�ne the keypoint predictions. In the following, section 3.1
begins by describing the model architecture.

Figure 3.1.: Underlying methodology for developing a geometry-agnostic deep learning model in this thesis.
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3.1. Model Architecture

This section provides a detailed overview of the architecture of the DL model employed in this
work. The model was developed in preliminary work, which can be read in detail in [13, 19].
In the further course, the focus is on the model components used and how they interact.

The DL model is designed to detect heliostats and their mirror facet corner points. In the fol-
lowing, the mirror facet corner points are called keypoints. These two tasks can be executed
simultaneously, but also function independently of one another. The fundamental structure
of the model is based on an encoder-decoder architecture. The encoder is a ResNet with
50 layers, called ResNet50, which was pretrained on ImageNet9 [56]. Similar to U-Net [41],
skip connections are employed between the encoder and the decoder. Adapted from Center-
Net [96], the model generates a heatmap in which each prediction corresponds to a location
within the image's pixel-based coordinate system. It predicts both the center of the heliostat's
bounding box and the positions of its keypoints. The output stride of the model, de�ned as
the ratio between the input image and output heatmap resolution, is set to two. Thereby,
the resulting heatmap has only half the resolution of the input image. Thus, a prediction on
the heatmap does not directly correspond to a speci�c pixel in the input image. By applying
sub-pixel regression, the coarse heatmap predictions are re�ned by estimating their precise
positions in the original image space.

Combining an encoder-decoder structure with skip connections and implementing a ResNet50
enables the prediction of high-resolution features. Instead of relying on region proposals (see
[22]), the prediction of the bounding box center, along with subsequent regression of its size,
accelerates the object detection [53]. Another advantage of this architecture is its �exibility.
The encoder can be easily exchanged for an even faster CNN such as MobileNet. Theoreti-
cally, this exchange enables real-time applications with a drone [19]. The model architecture
is shown in Fig. 3.2. Within each encoder layer and within each decoder stage, the convo-
lutional layers have the same number of kernels and the same kernel size. For a detailed
description, reference is made to [19].

Minimizing the multi-task loss is the primary objective for the model training [44]. The multi-
task loss is derived as the weighted sum of the losses of the individual model tasks. Keypoint
detection involves predicting a keypoint heatmap and regressing the corresponding pixel off-
set. In object detection, the center of the bounding box is predicted by means of a heatmap,
the bounding box size and the corresponding bounding box pixel offset. The focal loss is used
for predictions on the heatmap [97] and the smooth l1 loss for the regressions.10

9Learned features can be transferred to new datasets. The transfer results in a reduction of computing time and
data required for training. Furthermore, the model's performance increases compared to one that has been
trained from scratch. In particular, the features of early layers (e.g., corners and edges) are well transferable.
However, the transferability decreases with increasing differences between source and target objects [95].

10A detailed description of the individual loss functions can be found in Appendix A.1.
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