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Concentrated Solar Technologies (CST) systems, particularly central tower configurations with heliostat fields,
play a critical role in the renewable energy landscape. By focusing sunlight from thousands of heliostats
onto a central receiver, these systems generate high-temperature heat, which serves as a key resource for
dispatchable power generation and industrial processes. Accurate receiver-level flux prediction, which depends
on precise heliostat characterization, is essential for optimizing efficiency and operational control. However,
existing characterization methods face trade-offs between accuracy and scalability, limiting their practicality
for large-scale deployment.

To overcome these limitations, this study introduces a fully data-driven framework that unifies heliostat
characterization and flux prediction, leveraging operational data from standard calibration procedures.
Expanding upon previous work that employed StyleGAN for beam-characterization-based predictions, this
approach advances the methodology to achieve accurate receiver-level flux predictions. While the prior
method demonstrated a proof of concept for a unified data-driven approach, it remained constrained to
flux predictions on the calibration target itself. This study introduces key innovations, including aim point
generalization strategies and a novel receiver projection technique, effectively bridging the gap between
beam-characterization-based heliostat characterization and accurate receiver-level flux predictions.

The proposed Transformer-based architecture achieves receiver-level focal spot prediction errors below
12%, exceeding the accuracy of state-of-the-art deflectometry-enhanced ray tracing. By relying exclusively on
standard calibration images, the method remains both cost-efficient and scalable, offering a practical solution
for large-scale CST applications.
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1. Introduction influences the receiver’s thermal performance, where adherence to
thermal thresholds is essential to prevent damage and maintain dura-
bility. However, achieving uniform energy absorption under dynamic

solar conditions remains a considerable challenge.

Concentrated Solar Technology (CST) systems, particularly solar
power tower plants, are a cornerstone of sustainable energy production,
offering the unique advantage of dispatchable power generation and
solar fuel production [1,2]. These systems employ extensive heliostat
fields to track the sun and concentrate sunlight onto a central receiver,
where solar energy is converted into high-temperature thermal energy.

1.1. Challenges in flux prediction

This energy plays a critical role in electricity generation, industrial
processes, and thermal storage, solidifying CST’s importance within the
renewable energy landscape.

Achieving an optimal flux density distribution on the receiver
surface is paramount for ensuring operational efficiency, safety, and
the longevity of the receiver. The spatially distributed flux significantly
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The flux density on a CST receiver arises from the superposition of
individual flux distributions emitted by each heliostat. Accurate control
of this distribution necessitates precise prediction of focal spot shapes,
which are influenced by heliostat-specific mirror errors. Capturing
these errors requires additional measurements to characterize helio-
stat properties. While deflectometry and photogrammetry are known
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for their high accuracy in this regard, their lack of robustness, high
cost, and limited scalability render them impractical for application in
large-scale heliostat fields.

Recent advancements have shifted the focus toward leveraging
operational data, such as calibration target images, for heliostat char-
acterization and focal spot prediction. These Beam Characterization
methods eliminate the need for extensive additional measurements by
utilizing existing operational data [3-6]. However, existing approaches
are constrained by the limited information available in focal spots
derived from calibration images, which makes it challenging to infer
heliostat surface details with the precision achievable by more direct
measurement methods.

1.2. Proposed approach

Building upon the prior work of Kuhl et al. [7], which demonstrated
a proof of concept for addressing information loss through a unified
purely data-driven framework for heliostat characterization and flux
prediction, this study extends and refines the approach to tackle practi-
cal implementation challenges. The proposed methodology introduces
key advancements:

» Generalization Across Aim Points: Two strategies support gen-
eralization across varying aimpoints: reparametrization aligns in-
put conditions to enhance learning, while artificial data extends
the input range, enabling accurate predictions for unseen aim
points.

Projection to Receiver Surfaces: A novel algorithm projects
heliostat flux distributions from flat aperture planes onto arbitrary
receiver surfaces, including cavity reactors.

Transformer-Based Architecture: The initial StyleGAN archi-
tecture is replaced with a transformer-based encoder-decoder
structure, offering practical advantages in scalability, robustness,
and achieving higher prediction accuracy.

These advancements bridge the gap between calibration target data
and receiver-level predictions in a fully data-driven manner. By lever-
aging a transformer-based architecture, the proposed method achieves
robust and accurate flux predictions that surpass the performance of
deflectometry-enhanced ray tracing—currently considered the most
accurate state-of-the-art approach. Unlike deflectometry, our method
remains scalable and practical by relying solely on calibration target
images for heliostat characterization. In future applications, the in-
creased predictive accuracy and robustness of the proposed method
support more advanced aim point optimization strategies within CST
plant operations. Improved control over flux distribution is expected
to reduce localized flux peaks, enhance spatial uniformity across the
receiver surface, and thereby contribute to higher thermal efficiency
and reduced material stress.

2. State of the art
2.1. Camera-target calibration process

Our approach utilizes images acquired through the camera-target
method, first introduced by Stone [8]. This process involves shifting
the focal spot of a heliostat onto a Lambertian target located beneath
the receiver. A strategically placed camera within the heliostat field
captures the light reflected off the target, using the captured image
to identify the focal spot’s centroid. This information is crucial for
adjusting a heliostat alignment model, enabling it to predict the focal
spot’s location based on the heliostat’s actuator motor positions and
the sun position. Recognized as a fundamental procedure in power
plant operations for calibrating heliostats alignment models [9], its
effectiveness has been validated in various studies, including work
by Smith and Ho [10], Guangyu and Zhongkun [11] or Pargmann et al.
[12].
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2.2. Predicting heliostat focal spots

Accurately predicting the shape or distribution of heliostat focal
spots is critical for optimizing aimpoint distributions and compensating
for mirror imperfections such as canting errors, facet misalignments or
mirror deformations. Traditional methods for focal spot computation,
including Convolution Methods and Monte Carlo Ray Tracing, have
been widely used in solar power tower systems.

Convolution methods simulate a heliostat’s focal spot by approxi-
mating its flux distribution through the superposition of error cones,
representing scattering effects from various error sources. These sources
are mathematically modeled and aggregated into a composite flux
distribution. While computationally efficient, such methods simplify
mirror imperfections, limiting accuracy [13,14].

Monte Carlo Ray Tracing offers a more detailed approach by sim-
ulating individual light rays interacting with heliostat surfaces. This
method can account for detailed surface deformations achieving high
accuracy in flux predictions [15-17]. However, it relies on precise
surface characterization using techniques like deflectometry or pho-
togrammetry. These heliostat characterization methods, while accurate,
are costly, time-intensive, and sensitive to environmental conditions,
limiting their scalability for large heliostat fields [18,19].

Beam Characterization methods provide a practical alternative by
leveraging the information contained in focal spot measurements rather
than direct surface characterization. These methods analyze the re-
flected focal spot to infer heliostat properties.

Basic shape approximation models use simplified convolution tech-
niques to fit Gaussian or similar distributions to measured focal spots.
While computationally efficient, these models often fail to capture
detailed distortions caused by mirror imperfections [20].

More advanced methods optimize facet alignment by fitting simu-
lated flux distributions to observed focal spots. Techniques like those
proposed by Sanchez-Gonzélez et al. [21] refine canting and alignment
parameters, achieving improved accuracy without requiring detailed
physical measurements.

The most recent approaches reconstruct detailed heliostat surface
deformations from focal spot measurements. For instance, Pargmann
et al. [6] employed differentiable ray tracing to optimize surface pa-
rameters based on calibration target images, achieving high accuracy.
However, this method is computationally intensive and less effective for
heliostats located far from the calibration target due to information loss
during beam concentration. Similarly, Martinez-Hernandez et al. [22]
proposed a movable target system to reduce information loss by posi-
tioning the target closer to the heliostat. While effective, this approach
requires additional equipment and increases operational complexity,
limiting its scalability.

Building on these methods, Kuhl et al. [7] demonstrated that the
inherent information loss in beam characterization can be addressed by
integrating heliostat characterization and flux prediction into a unified
framework. They employed a StyleGAN-based data-driven approach
that generalized focal spot predictions using data from the entire
heliostat field. While this approach achieved superior accuracy, it was
limited in practical application due to its restriction to the calibration
target and inability to predict receiver-level flux distributions.

Existing methods for heliostat characterization reveal a fundamental
trade-off between accuracy and scalability. Techniques such as deflec-
tometry and photogrammetry offer high accuracy by directly captur-
ing surface deformations, but they require extensive, time-consuming
measurements and are highly sensitive to environmental conditions,
limiting their feasibility in large-scale deployments. In contrast, beam
characterization methods leverage focal spot images for scalable in-
field application but may suffer from reduced accuracy due to infor-
mation loss during beam concentration. For some approaches, their
robustness can also diminish for heliostats located farther from the
calibration target.
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II. Prediction
sol

Field Model (G)

Superposition

YA Fluxes X

Fig. 1. Overview of the proposed data-driven methodology (Illustration adapted
from [7]). Observed target images I, captured during calibration, are processed into
relative flux distributions X using a UNet (U) as described by Kuhl et al. [23].
These flux distributions X, obtained under various sun positions §,, are utilized to
train a generalized heliostat model (G). The trained model predicts focal spots for
any given sun position S(t) and aim point Ap in the aperture plane of the receiver.
These predictions are subsequently projected onto the receiver surface, enabling the
aggregation of individual heliostat focal spots into the total flux density X q-

To address these challenges, this study builds upon the previ-
ously introduced StyleGAN-based framework by Kuhl et al. [7], which
demonstrated the feasibility of integrating heliostat characterization
and flux prediction into a unified data-driven approach. Expanding on
this foundation, we introduce a transformer-based architecture with
enhanced generalization capabilities. By incorporating strategies for
aim point extrapolation and receiver surface projection, the proposed
method bridges the gap between calibration target data and accurate
receiver-level flux prediction, offering a robust and scalable solution.

3. Method

The methodology, depicted in Fig. 1, outlines the progression from
raw image acquisition to receiver-level flux prediction. The chapter is
structured as follows:

» Translation of Raw Images to Flux Distributions (U): Raw
calibration images are transformed into relative flux distributions
using an image-to-image neural network, as introduced in Kuhl
et al. [23].

Generalizing Flux Prediction Model (G): A generalizing model
is trained on all focal spot measurements, enabling accurate pre-
dictions of focal spot shapes in the aperture plane under varying
conditions, including sun positions and aim points.

Projection and Superposition on the Receiver (P): Predicted
focal spots are scaled to absolute flux values using an efficiency
model, projected from the aperture plane to the receiver surface,
and aggregated into total flux distributions across receiver bins.

By introducing generalization across aim point conditions and em-
ploying a novel projection method, this approach facilitates fully data-
driven receiver-level flux prediction based solely on calibration im-
ages. The implementation of each step is elaborated in the subsequent
sections.

3.1. Translation of raw images to flux distributions

The initial step involves transforming raw calibration images into
precise relative flux distributions. This process employs the image-to-
image neural network proposed in Kuhl et al. [23], which facilitates
robust, automated flux derivation from calibration images while ac-
counting for background illumination and target reflectivity. The net-
work is based on a UNet architecture and serves as a preprocessing step
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Dataset
X.(H,, S, Ap))

Prediction
X(H;,S,Ap)

Input /

Conditions
S, Ap

— forward (Prediction) () learnable

<«-- backward (Learning) <> loss

Fig. 2. Encoder-Decoder Method. All calibration data for a heliostat H; are processed
by the encoder (E) to generate its latent representation H. This representation,
encapsulating the heliostat’s properties, is combined with input conditions — aim point
Ap and sun position S - and fed into the decoder (D). The decoder predicts the focal
spot for the specified heliostat under the given conditions.

for raw calibration target images. It is trained on artificially generated
data to separate each image into background and spatially resolved
relative flux distributions, while accounting for spatial variations in
target reflectivity. This design ensures consistent flux extraction across
varying illumination conditions and target inhomogeneities. The neural
network generates relative flux distributions scaled to a mean value of
0.1. This scaling emphasizes the generalizing model (G) on predicting
the shape of the flux distribution, independent of absolute energy
values, which are affected by external factors such as DNI and mirror
reflectivity. The conversion to absolute flux values is addressed in a
subsequent step.

3.2. Generalizing flux prediction model

This fully data-driven methodology advances from individual he-
liostat characterization to a comprehensive framework for generaliz-
ing flux predictions across the entire heliostat field. By incorporating
data from multiple heliostats into a single model, the network learns
shared patterns across the field, ensuring scalability and robustness.
This unified framework integrates heliostat characterization and flux
prediction, leveraging neural networks to directly model focal spot
variations under diverse conditions such as sun position and aim point
(see Fig. 2).

The framework consists of two core components: an encoder, analo-
gous to a Heliostat Characterization Technique, and a decoder, serving
as a Flux Prediction Method. The encoder translates focal spot mea-
surements into latent heliostat representations (H), while the decoder
utilizes these representations along with sun position S and aim point
Ap to generate focal spot predictions X. This process is mathematically
formalized as:

H; = E(X)), €8]
X =D(H,, S, Ap), @

where E denotes the encoder and D the decoder. This end-to-end
pipeline directly optimizes the target value — flux distributions —
ensuring high predictive accuracy for focal spot shapes.

Training the model on data from the entire heliostat field allows for
robust generalization across different heliostats and conditions. Signifi-
cant modifications to the transformer network have been implemented
to tailor it specifically for focal spot prediction. Further details on these
adjustments, including implementation and training procedures, are
outlined in Appendix.
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Fig. 3. Distribution of input conditions between training and prediction cases, repre-
sented as aim point Ap (left) and aim direction Ad (right). Training is performed on
targets T), and prediction on target T; (see Fig. 5).

3.2.1. Advancing encoding techniques for heliostat properties

This study transitions from the single-generator approach of Kuhl
et al. [7] to an encoder-decoder architecture, addressing operational
inefficiencies while enhancing accuracy and flexibility. In the earlier
StyleGAN-based method, heliostat properties (H) were represented as
latent vectors refined iteratively through backpropagation during train-
ing. While effective in capturing complex relationships, this approach
required retraining or fine-tuning for new calibration data, limiting
scalability in field operations.

The encoder—decoder methodology introduces an explicit encoder to
compute H directly from calibration images. During training, the en-
coder learns to encode heliostat properties in a single forward pass. This
allows new calibration points to be easily encoded without retraining,
significantly enhancing practical applicability in CST operations.

Additionally, the encoder-decoder structure demonstrates superior
focal spot prediction accuracy compared to the original StyleGAN
architecture, leveraging recent advancements in machine learning.

Moreover, the dedicated encoder enables targeted training strate-
gies, such as encoding heliostat properties from limited data or en-
hancing aim point extrapolation by strategically separating data ranges
for encoding and prediction. This structured approach improves the
model’s ability to generalize to previously unseen scenarios.

The transition to this architecture marks a significant advance-
ment, seamlessly integrating the flexibility and efficiency of trans-
former networks. This approach ensures scalable and accurate heliostat
flux predictions, effectively addressing the limitations of the earlier
StyleGAN-based approach.

3.3. Aim point extrapolation for generalized flux prediction

Accurate receiver-level flux prediction necessitates the ability to
generalize beyond the conditions observed during calibration. Since
aim points on calibration targets differ significantly from those on the
receiver, models trained solely on calibration data face inherent limi-
tations. To overcome this challenge, we introduce two complementary
strategies: reparametrization of input conditions and the integration of
artificial data.

Reparametrization approach. The aim point (Ap) of a heliostat is refor-
mulated into an aim direction (Ad), characterized by its azimuth and el-
evation angles and the vector’s length to the target. This reparametriza-
tion establishes a more general and invariant representation of aim
conditions, enhancing alignment between training and prediction input
spaces. As illustrated in Fig. 3, the reformulation reduces the likelihood
of encountering unseen input conditions during prediction by leverag-
ing the natural variations in aim directions present in the training data.
Furthermore, it captures the nuanced relationship between changes
in aim direction and resulting focal spot shapes, thereby facilitating
improved generalization. This approach allows the model to reliably
extend its predictions beyond the calibration target, aligning with
operational requirements.
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Artificial data for enhanced extrapolation. Artificial datasets, generated
through ray tracing and deflectometric measurements, can be incorpo-
rated into the training process when available. These datasets provide
highly realistic focal spot samples across an expanded range of input
conditions, including those beyond the calibration target. By broad-
ening the coverage of input conditions, artificial data significantly
enhances the model’s capability to generalize to unseen scenarios.
Moreover, the inclusion of controlled variability mitigates the risk of
overfitting to specific calibration target configurations. This strategy
also enables knowledge transfer from a small subset of heliostats with
deflectometrically measured properties to the entire heliostat field,
bolstering the model’s scalability and robustness.

The reparametrization approach provides a robust and invariant
representation of aim conditions, while artificial data, when avail-
able, extends the model’s ability to extrapolate effectively. Together,
these strategies address the challenges posed by the disparity between
calibration and receiver-level conditions.

3.4. Projection method for receiver-level flux prediction

A purely data-driven approach, trained exclusively on flat cali-
bration data, is inherently limited to predicting flux distributions on
flat surfaces. Extending this capability to complex receiver geometries
requires a projection technique that maps focal spot predictions from
the flat aperture plane to arbitrary receiver surfaces. To address this,
we developed a ray tracing-based method that samples rays directly
from the predicted flux distribution in the aperture plane.

Each ray is defined by its origin (the center of a pixel in the
aperture plane), its energy (calculated from the pixel’s flux value and
area), and its direction. While the primary beam direction, defined
as the vector connecting the heliostat and aim point, is known, the
lack of explicit information about heliostat canting, focusing properties,
mirror deformations, and facet orientations in a data-driven approach
complicates the precise calculation of ray directions. To overcome this
challenge, we integrate a lightweight convolutional neural network
(CNN), consisting of only three convolutional layers, into the pipeline,
designed to predict ray directions based on the focal spot shape:

D = CNN(X, d), 3)

where D is an array of 3D direction vectors corresponding to the
resolution of the input focal spot X, and d is the distance between
the heliostat and aim point, included as an additional input since it
influences the ray directions. The CNN is trained on simulated data
generated using a ray tracer and deflectometric measurements from a
small set of heliostats.

This approach enables the CNN to accurately learn how rays con-
verge or diverge based on the focal spot shape and distance, facilitating
the projection of any focal spot from the aperture plane onto complex
receiver geometries. While leveraging standard ray tracing principles,
the method significantly reduces computational complexity compared
to traditional ray tracing by starting with a pre-predicted flux distri-
bution, treated as a cross-section of the heliostat beam. The relatively
short distance between the aperture plane and the receiver surface
(e.g., 0-3 m) minimizes the required number of rays, achieving com-
parable accuracy with only approximately 0.1% of the rays used in
conventional ray tracing. For scenarios requiring higher precision or
resolution, such as intricate receiver designs, the focal spot image can
be upsampled to generate additional rays, further enhancing accuracy
while maintaining computational efficiency.

3.5. Intensity scaling to absolute flux values

Heliostat characterization and flux prediction methods primarily
aim to reconstruct the spatial shape and distribution of the focal spot.
Accordingly, the primary focus of this work is to evaluate and improve
the spatial accuracy of such relative flux predictions.



M. Kuhl et al.

a) Open Volumetric Receiver

58
Receiver
Focal Spot Surface
in Aperature
Plane /
™~ 56
54 7
52
Primary
Direction
3 1\\ 50
Y
—1
X -3 9 0 -2

Solar Energy 299 (2025) 113631

b) Cavity Reactor

58
Focal Spot
in Aperature 57
Plane
\ 56
55
N
54 Z
Reactor
Surface
53
/ 52
Primary
Direction 51
50
392 1
Cla2g 3 5 1 o0 -1 -2 -3
X

Fig. 4. Projection method: Translating focal spot predictions from the flat aperture plane to complex receiver geometries using a ray tracing-based approach.

However, for practical applications, it is necessary to convert these
relative distributions into absolute radiative flux values using an ef-
ficiency model. This efficiency model estimates the total energy flux
of the heliostat beam by incorporating key parameters such as Direct
Normal Irradiance (DNI), mirror reflectivity, and the effective mirror
area [23]. The resulting beam power serves as a scaling factor for the
normalized flux distribution. Once scaled, the absolute flux predictions
can be superposed across the heliostat field and used as input for
downstream applications involving receiver performance evaluation
and control system integration.

It is important to note that the efficiency model used to convert
relative flux predictions into absolute units (kW/m?) is independent of
the underlying flux prediction method—be it convolutional methods,
ray tracing, or the data-driven approach proposed in this work. As it
does not influence the spatial shape of the predicted distribution, it is
excluded from the core evaluation in this study.

3.6. Total error estimation in the data-driven pipeline

A complete end-to-end evaluation — from calibration target images
to flux distribution on the receiver surface — is not feasible in our
case. This limitation arises from the complex surface structure and
non-Lambertian properties of the receiver, which introduce measure-
ment uncertainties ranging from 10%-40% [24]. To ensure a reliable
assessment, we therefore decompose the pipeline into its individual
components, each of which can be evaluated accurately. We then
estimate the overall prediction error using a total error analysis.

The data-driven pipeline consists of multiple interconnected com-
ponents: the UNet framework (U) for translating raw images to flux
values, the Transformer network (G) for predicting focal spots in the
aperture plane, and the projection stage (P) for mapping focal spots
onto the receiver surface. To evaluate the pipeline’s overall reliabil-
ity, it is crucial to estimate the cumulative error across these stages,
accounting for both independent errors and their propagation.

The total error E,, is expressed as:

Eiotal =\ E3 + E3 + E3 +2.- Cov(Ey. Eg) +2 - Cov(Eg. Ep).

where Ey, Eg, and Ep denote the errors from the UNet, Transformer,
and projection stages, respectively. The covariance terms (Cov(Ey, Eg;),

Cov(Eg, Ep)) capture the dependencies between adjacent components,
ensuring a holistic error assessment.

To compute these covariances, Monte Carlo simulations are em-
ployed, introducing realistic perturbations at intermediate stages and
quantifying their effects on subsequent predictions. This approach as-
sumes Gaussian error distributions, first-order dependencies, and se-
quential error propagation, reflecting the modular structure of the
pipeline.

While this analysis focuses on the errors intrinsic to the helio-
stat flux prediction pipeline, external factors such as DNI variability
and mirror reflectivity — independent of the prediction method — are
excluded but must be considered in a comprehensive system-level
evaluation.

3.7. Dataset

The foundation of any data-driven approach, particularly in ma-
chine learning, lies in the quality and scope of the underlying dataset.
For this study, the objective is to predict focal spots X of various
heliostats H, under diverse sun positions S. This necessitates a com-
prehensive dataset encompassing a wide range of heliostat and solar
conditions.

Data collection and processing. The dataset is sourced from the calibra-
tion process conducted at the research power plant Solar Tower Jiilich
(STJ) [25]. Spanning the years 2022 and 2023, the calibration process
produced approximately 200,000 target images from approximately
1000 heliostats. Each image is labeled with its corresponding heliostat
ID H;, sun position S, and the derived aim point vector Xp. These raw
images are processed using the UNet framework [23] to derive relative
flux distributions X.

Each image is cropped to a resolution of 64 x 64 pixels, correspond-
ing to physical dimensions of 6 x 6 meters on the calibration target,
centering on the focal spot’s intensity. This cropping mitigates tracking
errors and ensures that the analysis remains unaffected by such errors.

Experimental setup. Fig. 5 illustrates the setup of the STJ, which fea-
tures two towers and three distinct Lambertian targets (7;_3). The
availability of multiple targets allows for rigorous evaluation of the
model’s aim point extrapolation capabilities. Specifically, the unique
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Fig. 5. Dataset overview and experimental setup: Left — Illustration of the two towers
and three Lambertian targets (7;_;) at the Solar Tower Jiilich (STJ). Right — Data
collection and processing pipeline for the encoder—decoder model.

two-tower configuration enables training the network on focal spots
observed at targets T, and T, from the left tower and testing its
predictions on target 75 of the second tower. This setup ensures the
evaluation of extrapolation over distances greater than those to the
receiver while maintaining the high measurement accuracy provided
by Lambertian targets, which would not be achievable on the receiver
surface due to its non-Lambertian properties.

Heliostat characteristics. While the proposed method is independent of
explicit physical modeling, a brief description of the heliostats at the
STJ power plant is provided for context. Each heliostat consists of four
non-focusing rectangular facets, each with an area of 1.92m?, canted
toward the receiver.

Supplementary simulated data. In addition to the calibration data, sup-
plementary simulated data is generated using a ray tracer enhanced
with deflectometric measurements. Due to the time-intensive nature of
deflectometry, this data is limited to 185 heliostats. These simulated
datasets serve two critical purposes. First, they provide a benchmark
for comparison, allowing direct evaluation against the most accurate
state-of-the-art flux prediction method. Second, it is tested whether they
can enhance the network’s capabilities by improving extrapolation to
aim point conditions not covered in the calibration data. Additionally,
the artificial data is utilized to train the CNN responsible for the
projection approach, enabling accurate mapping of flux distributions
onto complex receiver geometries.

4. Evaluation

This section evaluates the proposed methodology through a step-
wise analysis. We assess focal spot prediction accuracy, aim point
extrapolation, and receiver projection. A total error analysis combines
individual contributions, and robustness is evaluated under limited data
and rare conditions. These steps demonstrate the method’s accuracy
and practical viability.

Evaluation metrics. Accurate evaluation of focal spot predictions is
essential to validate the performance of the proposed data-driven
methodology. Both visual and quantitative metrics are employed to
assess the spatial accuracy of predicted flux distributions relative to
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Fig. 6. Comparison of focal spot predictions between measured ground truth,
deflectometry-based ray tracing, and the data-driven Transformer approach. Predictions
are shown for five heliostats (columns) at varying distances d. All focal spots are
normalized to the same energy flux.

ground truth measurements. Focal spot intensities are visualized using
a “hot” colormap, with all focal spots normalized to identical summed
pixel intensity, ensuring consistent energy representation. For quanti-
tative evaluation, a pixel-wise loss function L is defined to measure the
discrepancy between predicted (X) and ground truth (X) flux values:
Lzz;'lxitxil @
2 X

This loss function directly evaluates spatially resolved flux errors,
capturing proportional discrepancies while remaining invariant to im-
age resolution. By normalizing flux distributions, it ensures that pre-
dictions are compared on relative terms, unaffected by variations in
absolute intensity due to factors like DNI fluctuations or reflectivity
changes. This approach provides a robust and precise metric for assess-
ing the accuracy of focal spot predictions in flux modeling, emphasizing
spatial distribution over absolute magnitude.

4.1. Focal spot comparison

Fig. 6 visually compares focal spot predictions from the transformer
network and deflectometry based raytracing against ground truth flux
measurements obtained from the calibration target.

Raytracing enhanced with deflectometry achieves high accuracy in
predicting focal spot shapes and orientations, closely aligning with
ground truth measurements. Nonetheless, slight size discrepancies are
noted for some heliostats (H,_,), potentially arising from unaccounted
environmental factors or subtle mirror imperfections. Additionally, mi-
nor errors in focal spot shape and orientation are observed for heliostats
(Hy_s).

The data-driven Transformer approach demonstrates robust per-
formance in predicting focal spot size, shape and orientation, effec-
tively capturing variations across heliostats and distances. While highly
accurate, fine details, such as sharp edges visible in deflectometry-
based predictions, are less pronounced (H,). This difference may be
attributed to measurement constraints in the training data, such as
overexposure, which limit the prominence of these features.

In summary, for very close heliostats, deflectometry excels in re-
solving finer details for closest heliostats, while data-driven approaches
demonstrate greater robustness in accurately predicting focal spot size
and orientation across varying conditions.
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Fig. 7. Accuracy evaluation of the data-driven approach across various training and
prediction cases, for the entire field grouped by heliostat distance, compared to
deflectometry-based ray tracing.

4.2. Accuracy evaluation for aim point extrapolation

The accuracy of the data-driven approach is evaluated across the
entire heliostat field, with loss curves presented in Fig. 7 for varying
training and evaluation datasets.

Case 1 (solid violet line) serves as the baseline, with both training
and prediction performed on the same calibration target T,. Case 2
(dashed violet line) evaluates predictions on 75 using data exclusively
from T, introducing the challenge of aimpoint extrapolation to unseen
conditions. Case 3 includes a wider range of calibration data from T;
and T,, improving accuracy for closer heliostats (50-150 m) by lever-
aging greater aimpoint variability in the training data. Case 4 (dashed
blue line) incorporates artificial data, further enhancing extrapola-
tion capabilities for closer heliostats, though this effect diminishes for
distant heliostats (> 150 m).

All cases outperform the deflectometry-based prediction method
across all distances. The accuracy drop in Case 2 reflects the com-
plexity of predicting unseen aimpoints. Introducing variability in train-
ing data (Case 3) and artificial data (Case 4) enhances accuracy for
closer heliostats, as predicting aimpoint changes poses greater chal-
lenges for these heliostats. For heliostats at shorter distances, aimpoint
changes result in larger variations in incidence angle and focal length,
increasing the complexity of aimpoint extrapolation.

Notably, even the simplest model trained solely on data from a
single target (Case 2) consistently outperforms deflectometry-based
ray tracing, demonstrating the robustness and superiority of the data-
driven approach across the heliostat field.

4.3. Receiver projection evaluation

To evaluate the accuracy of the proposed projection approach, sim-
ulated data generated through ray tracing combined with deflectometry
measurements is utilized. While deflectometry measurements may not
perfectly align with measured focal spot data, the consistency within
the simulation itself ensures robust evaluation across various evaluation
planes and receiver surfaces.

Projection depth analysis. Projection errors were analyzed as a function
of depth along the primary direction between the heliostat and the
aimpoint. Focal spots were simulated at parallel planes beginning at
the aperture, and the projection method was applied to the focal spot
at the aperture plane. The resulting projections were then compared to
simulated focal spots at different depths.

The CNN-based projection approach was benchmarked against two
alternative assumptions for ray directions in the aperture plane: Par-
allel, where all rays align with the primary direction of the helio-
stat beam, and Angled, where each ray follows the connecting vector
between the heliostat and the pixel location.
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Fig. 8. Scatter plot of simulated heliostats showing the gradient of the depth loss curve
for each heliostat, along with trendlines for the different projection methods.

The analysis revealed that projection losses increased nearly linearly
with depth in the [0-5] m range for all heliostats. This linearity allows
the depth analysis to be characterized by a single gradient, representing
the percentage loss increase per meter for each heliostat. Fig. 8 illus-
trates these gradient values for heliostats located at varying distances
from the tower. The Parallel method demonstrated superior accuracy
for closer heliostats, where the beam remains predominantly parallel.
In contrast, the Angled method performed better for distant heliostats,
as the opening angle of the sun introduces greater beam divergence.
The CNN-based projection approach consistently outperformed both
methods across all distances, with error gradients ranging from 0.5%
per meter for close heliostats to 0.1% per meter for distant ones.
Overall, projection accuracy improved for all methods as the heliostat
distance increased (> 50 m).

Receiver surface evaluation. The CNN-based projection method was
further evaluated on the surface of two distinct receiver configurations
(as shown in Fig. 4): the open volumetric receiver (OVR) and a cavity
receiver. Flux distributions were simulated on both the aperture and
receiver surfaces using ray tracing with deflectometry measurements.
The projection method was applied to the focal spots at the aperture,
and the resulting receiver flux distributions were compared against the
simulated ground truth.

For the OVR, the mean deviation between the projected and sim-
ulated flux distributions across all heliostats was 2.59%. The cavity
receiver exhibited a slightly lower mean deviation of 2.36% (2.82%
when accounting for spillage). These deviations align with the per-
meter loss gradients observed in the projection depth analysis. De-
spite the cavity receiver requiring a longer projection distance, its
lower error can be attributed to the coarser resolution of its circular
mesh, which introduces minor simplifications in the projected flux
distribution.

These results validate the CNN-based projection method’s ability
to accurately project focal spot predictions onto complex receiver ge-
ometries, ensuring minimal error and broad applicability across diverse
receiver configurations.

4.4. Total error analysis

The total error E,,, provides a comprehensive assessment of the
pipeline, combining independent error contributions from each stage
with their propagation effects. Fig. 9 summarizes the key findings:

The proposed pipeline consistently achieves lower total error than
deflectometry-based methods, even under demanding conditions in-
cluding far aimpoint extrapolation and receiver projection. The highest
error contribution arises from focal spot predictions (Eg;), reflecting
the complexity of this task. In contrast, errors from the UNet (E;)
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Fig. 9. Total error estimation for the complete pipeline, combining aimpoint extrap-
olation and receiver projection. The bars represent the individual error contributions,
while the violet line indicate the total error of the data-driven pipeline. The dashed
line shows the error E; solely for comparison. Results are compared to the baseline
deflectometry method (black line).

and the projection stage (Ep) contribute minimally to the overall
error, demonstrating that inaccuracies do not amplify or propagate
significantly through the pipeline. The small covariance between stages
further confirms the robustness of the error model and validates the
assumption of first-order dependencies.

Overall, these results highlight the pipeline’s capability to pre-
dict highly accurate receiver-level flux distributions, outperforming the
most accurate state-of-the-art method -deflectometry-enhanced raytrac-
ing.

4.5. Robustness and generalization evaluation

The robustness of the data-driven methodology was analyzed under
conditions of scarce sun positions and limited training data. For edge-
of-distribution (EOD) cases, representing rare sun positions typically
encountered during early mornings or late evenings, the model ex-
hibited slightly elevated loss values due to the underrepresentation of
these conditions in the training data. Despite this, the accuracy degra-
dation remained controlled, and these cases were deemed operationally
insignificant due to their limited relevance in power plant operations.

The impact of dataset size on model performance was also assessed
to ensure scalability to large heliostat fields. Results revealed that as
few as five calibration images per heliostat are sufficient for effective
field-wide training, enabling high predictive accuracy. For individual
heliostats, even a single calibration image sufficed to achieve robust
predictions when combined with a comprehensive dataset from the
remaining heliostats. This highlights the model’s ability to leverage
shared information across the heliostat field, ensuring scalability and
adaptability with minimal data requirements.

5. Discussion

The proposed data-driven pipeline represents a significant advance-
ment in heliostat characterization and flux prediction, addressing criti-
cal limitations of traditional methodologies. By employing a transformer-
based encoder—decoder architecture, the approach achieves robust
generalization across diverse sun positions and aimpoints, ensuring
scalability and adaptability. The incorporation of reparametrization
strategies and artificial datasets further strengthens the model’s extrap-
olation capabilities, enabling precise predictions for previously unseen
aimpoints and conditions.

The projection methodology, supported by a CNN-based ray direc-
tion predictor, effectively maps focal spots from flat aperture planes
to complex receiver geometries with minimal error. This versatility

Solar Energy 299 (2025) 113631

ensures the applicability of the pipeline to a range of receiver con-
figurations, which is essential for CST systems. Although the method
was validated on a cavity receiver, the heliostat types typically used
with such configurations often differ from the non-focusing heliostats
investigated in this study. Thus, the accuracy of the projection approach
for focusing heliostats remains to be demonstrated and should be a
priority for future investigations.

Despite these accomplishments, the pipeline’s reliance on high-
quality calibration data underscores the critical role of accurate data
preprocessing. Errors introduced during calibration may propagate
throughout the pipeline, potentially impacting overall performance.
Addressing this dependency through enhanced calibration techniques
or robust preprocessing workflows is a key area for future improve-
ment.

6. Conclusion and outlook

This study introduces a groundbreaking approach to heliostat flux
prediction by integrating advanced machine learning techniques with
innovative projection methods. The unified pipeline bridges the gap
between calibration data and receiver-level flux predictions, deliv-
ering superior accuracy, scalability, and robustness. By leveraging
transformer-based architectures, reparametrization strategies, and ar-
tificial datasets, the method effectively tackles key challenges in aim-
point extrapolation and receiver projection.

Looking ahead, integrating this methodology into operational CSP
plants has the potential to significantly enhance efficiency, reduce
costs, and improve overall system reliability. Future research should
focus on the real-time deployment of the model, incorporating tracking
errors and aimpoint optimization algorithms. This integration would
allow for a comprehensive investigation into how heliostat focal spot
predictions impact the accuracy of the total superposed flux density on
the receiver.

The proposed framework provides a robust foundation for advanc-
ing CST technologies, with implications that extend to the broader
landscape of sustainable energy systems. By addressing longstanding
challenges in flux prediction, this work contributes to the ongoing
optimization and scalability of renewable energy solutions, aligning
with global efforts to achieve a more sustainable and energy-efficient
future.
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Appendix. Modified transformer architecture

The Transformer architecture, originally introduced by Vaswani
et al. [26], was adapted for heliostat flux prediction due to its strengths
in processing variable-length inputs and leveraging attention mecha-
nisms for weighting calibration data. These capabilities align well with
the task of predicting heliostat focal spots under varying solar and aim
point conditions. However, significant modifications were required to
tailor the architecture to the challenges of image-based flux prediction.

A.1. Architecture adaptations

Fig. A.10 illustrates the modified Transformer architecture, which
incorporates the following changes:

+ Integration with a Variational Autoencoder (VAE): A VAE [27]
preprocesses focal spot images into compact latent representa-
tions suitable for the Transformer encoder. The VAE encoder com-
presses input images into latent vectors, which are combined with
input conditions (e.g., sun position, aim point). The VAE decoder
reconstructs flux distributions from the Transformer’s predictions,
ensuring consistency between input and output spaces.

Input Condition Encoding: Positional encoding, typical for se-
quential tasks, was replaced by directly concatenating input con-
ditions (e.g., solar angles, aim point vectors) with latent represen-
tations. This ensures that input conditions guide the processing
and weighting of calibration data, aligning the architecture with
the spatial nature of the task.

Refinement of Attention Mechanisms: The encoder retains self-
attention to contextualize calibration data and identify relevant
features. The decoder uses cross-attention to directly link input
conditions with calibration data, while self-attention is excluded
to avoid unnecessary dependencies between predicted points,
reflecting the independence of focal spot predictions for different
conditions.

A.2. Training procedure

The Transformer architecture processes calibration data in an
encoder—decoder framework. Training involves dividing a heliostat’s
focal spot images into two subsets: one for encoding and another for
loss-based evaluation. The procedure is as follows:

1. The encoder processes calibration focal spots along with their
corresponding conditions (A}), §) of one heliostat, generating a
latent representation that encapsulates heliostat-specific proper-
ties.

2. The decoder utilizes this latent representation in combination
with the desired input conditions for prediction (e.g., sun po-
sition, aim point) to generate the corresponding focal spot pre-
diction.

3. A loss function is applied to the predicted flux distributions,
refining both the Transformer and VAE components to minimize
spatial discrepancies and enhance predictive accuracy.
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Fig. A.10. Overview of the modified Transformer architecture integrated with a
Variational Autoencoder (VAE). The VAE preprocesses focal spot images into latent
representations, which are then processed by the Transformer for flux prediction. This
architecture enables robust and accurate predictions by leveraging advanced attention
mechanisms and task-specific adaptations.

This structured training approach ensures that the model effectively
captures heliostat-specific variations while maintaining the flexibility
to generalize across different sun positions and aim points.

Regularization and Model Complexity. To reduce the risk of
overfitting, we incorporate a dropout rate of 0.1 across the Transformer
layers and VAE components. Additionally, we use a reduced architec-
ture with only four encoder and two decoder blocks, and a hidden layer
dimensionality of 64, which significantly lowers the number of train-
able parameters compared to standard Transformer configurations. The
model is trained with separate train/test splits per heliostat to ensure
generalization across different configurations. No data augmentation
was applied, as the model proved robust with the available data volume
and structure.

Data availability

All data used in this work, including focal spot images and the cor-
responding metadata, are available through the PAINT Database [28].
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The database can be accessed at https://paint-database.org/ and is
permanently archived under PID: https://hdl.handle.net/21.11152/
474a4blc-de93-4d4a-b33d-1d32d63baf4b.
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