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ABSTRACT
The increasing integration of solar power requires highly accurate intra-hour solar irradiance forecasts. This study aims to sig-

nificantly improve intra-hour solar irradiance forecasts by developing and evaluating a blending approach that integrates distinct

forecast sources. Our methodology involves extending the horizon of an All-sky imager (ASI) data-driven transformer-based

model up to 1 h ahead. The outputs of this ASI model are blended with a Heliosat-3-based satellite forecast and a persistence

forecast via linear regression as well as with distinct advanced machine learning algorithms. We assess the hybrid system’s per-

formance across varying sky conditions and analyze the impact of temporal aggregation schemes and the effective spatial coverage

of a single ASI installation. Results demonstrate that this integrated multisource hybrid approach provides substantial benefits by

reducing the overall root mean squared error and mean absolute error over the standalone satellite forecast by 13.6% and 17.0%,

respectively. This is attributed to the complementary strengths of the individual models: ASI excels under dynamic conditions,

satellite offers broader spatial coverage, and persistence provides a robust baseline for the immediate future. Furthermore, the

strong generalization capability of the ASI model is shown through its effective performance across climatically distinct sites

(training in southern Spain and validation in northern Germany).

1 | Introduction

Accurate intra-hour solar irradiance forecasts are essential for
the seamless integration of solar energy into power grids [1].
The intermittent nature of solar resources increases reliance
on costly reserves and reduces grid efficiency [2]. Advanced fore-
casting methods enable grid operators to anticipate these varia-
bilities, optimize plant performance, improve plant and grid
stability, and minimize operating costs, thereby supporting the
wider deployment of renewable energy systems [3].

Improved local solar irradiance forecasts optimized for high
accuracy within the area of commercial PV power plants can

be achieved by combining satellite-based forecasts with comple-
mentary forecasts derived from ground-based observations such
as All-Sky Imagers (ASIs) and/or radiometers. Satellite-based
solar irradiance forecasting harnesses geostationary satellite
imagery. These forecasts offer broad spatial coverage and can pre-
dict cloud movement patterns on a large scale, but they are lim-
ited by their temporal and spatial resolution, typically on the
order of 1–5 km and 5–15min [4]. Satellites like Meteosat
Second Generation (MSG) and GOES provide continuous multi-
spectral data. These are processed using methods such as the
Heliosat-3 semiempirical approach, which derives a cloud index
from visible band radiances to estimate ground-level Global
Horizontal Irradiance (GHI) supported by clear-sky models
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accounting for atmospheric and terrain factors [5]. Cloud motion
vectors (CMVs), extracted via optical flow or phase correlation
techniques from sequential cloud index images, enable forecast-
ing of future cloud fields [6]. Increasingly, deep learning models,
including Convolutional Neural Networks (CNNs) and UNet
architectures, directly learn complex spatio-temporal cloud
dynamics from raw imagery, improving accuracy for intra-hour
to short-term (up to 6 h) forecasts compared to traditional CMV
methods [7].

Radiometer-based ground observations of solar irradiance pro-
vide high temporal resolution and measurements, but they
exhibit limited spatial coverage and do not capture future
changes, such as upcoming cloud movements [3]. These systems,
in the best case equipped with pyranometers or pyrheliometers,
can deliver precise measurements of GHI, diffuse horizontal irra-
diance (DHI), and direct normal irradiance (DNI) at sub-minute
intervals, enabling detailed monitoring of local irradiance condi-
tions [8]. Forecasting based on radiometer data often relies on
statistical or machine learning models, such as autoregressive
integrated moving average (ARIMA) or neural networks, which
use historical time-series data to predict short-term irradiance-
fluctuations [9]. However, their point-specific nature restricts
spatial representativeness, and their inability to directly observe
clouddynamics limitsforecast horizons [3].

ASIs provide high-resolution images of the sky, allowing for
detailed cloud observation, yet they are limited by their field
of view and thus forecast horizon [4]. ASI-based forecasting sys-
tems are often paired with ground measurements and typically
provide forecast horizons of 10–20min ahead [10]. These systems
typically operate by detecting and tracking cloud structures in
images, employing techniques such as CMV extraction to fore-
cast cloud trajectories and their impact on solar radiation [11].
Advanced image processing methods, including cloud segmenta-
tion and characterization [12], are applied to quantify cloud prop-
erties like opacity and coverage [11]. Increasingly, machine
learning and deep learning algorithms, such as CNNs and recur-
rent neural networks (RNNs), are utilized to model complex rela-
tionships between sky images and future GHI or to directly
predict future sky conditions [12]. These systems integrate pro-
jected cloud positions and characteristics to accurately estimate
future solar irradiance at specific ground locations. Purely data-
driven approaches provide forecasts for the ASI’s direct location
[13], whereas multicameraphysics-based models can generateir-
radiance maps [14].

This study presents a significant advancement in intra-hour solar
forecasting by enhancing a data-driven ASI model [15]. The
model is based on a time-series [16] and vision transformer
[17] and generates multistep forecasts with lead times (LTs) at
1 min intervals and updates every 30 s, and is originally designed
for a 20 min horizon. We trained a new model which achieves a
forecast horizon of up to 1 h and combined its outputs with a
satellite-based forecasts, which uses the Heliosat-3 method
[18]. These satellite forecasts produce multistep forecasts with
15 min intervals between LTs at a 15 min update rate. The blend-
ing process employs a linear-regression approach, divided into
three tasks: homogenization, regression, and prediction [19].
Additionally, a persistence model is incorporated into the blend-
ing framework, enhancing robustness, particularly for very short

lead times where its performance is often competitive. The com-
bined forecast is referred to as the ‘blended forecast’ hereafter.

This research aims to demonstrate the combined strengths of dif-
ferent forecasting approaches and quantify their performance,
while also identifying potential limitations. Thus, this research
conducts a comprehensive evaluation of the proposed hybrid
forecasting system. The performance of the system is analyzed
under varying sky conditions, from clear to partly cloudy to over-
cast, to characterize its robustness.

We also investigate the impact of temporal aggregation schemes
on forecast accuracy. Furthermore, the spatial influence of a sin-
gle ASI installation is investigated, assessing the effective cover-
age of its forecast benefits. This includes evaluating how the
accuracy of a hybrid forecast, relying on an ASI, changes with
increasing distance from that sensor. This analysis aims to
showcase the practical coverage within which a single ASI
can provide an advantage. Finally, the study benchmarks the
linear-regression blending approach against more advanced
machine learning algorithms.

When integrating satellite and ASI data into blended forecasts,
previous studies on similar approaches did observe some
improvements [20]. Employed linear regression and random for-
est algorithms to combine multiple forecast sources, including
low- and high-resolution satellite models, smart persistence,
and ASI-based predictions. Their results showed reductions in
root mean squared error (RMSE) and mean absolute error
(MAE) of approximately 10–20% relative to the individual com-
ponent models. However, these improvements were not statisti-
cally significant compared to simpler blends that used only
satellite and persistence forecasts. This finding suggested that,
under their experimental setup, the inclusion of ASI data pro-
vided only marginal additional benefit for irradiance nowcasting.

Subsequent work by Straub et al. [21] introduced a novel
ASI-based forecasting approach built around a sequence of
image-processing steps including a machine learning model that
estimates pixel-wise clear-sky indices. This ASI model was then
linearly blended with Heliosat-based satellite forecasts and per-
sistence forecasts. The authors reported clear benefits of hybrid-
ization. Building on this, the same group, systematically
evaluated a range of more advanced blending algorithms, includ-
ing gradient boosting regression, extremely randomized trees,
random forest, k-nearest neighbors, Lasso, and a feed-forward
neural network [22]. Among these, only Lasso and gradient
boosting achieved modest RMSE improvements relative to the
simpler linear-regression blend, indicating that higher model
complexity did not necessarily translate into substantially better
performance. Both studies [21, 22] were limited to a 15 min fore-
cast horizon and relied on an ASI system requiring external
cloud-base-height measurements from a ceilometer. Moreover,
neither study explicitly examined whether incorporating
ASI data provides a statistically significant advantage over
satellite–persistence hybrids.

These previous efforts collectively highlight the potential of
blended ASI–satellite–persistence approaches but also reveal
key open questions. In particular, the impact of modern, fully
data-driven ASI architectures [10].
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Building upon these developments, this research investigates the
benefits of integrating data-driven ASI forecasts into a hybrid
forecast with a horizon up to 60 min ahead. Such a hybrid fore-
cast is expected to preserve the high temporal resolution charac-
teristic of ASI systems. Furthermore, a key objective involves
exploring the generalization capabilities of the ASI model across
diverse geographic locations and varying climate conditions. The
ASI model was originally trained in Spain which is classified as a
desert climate under the Köppen climate classification, while the
site in Germany used in this study falls under a temperate oce-
anic climate [23].

The objective of this study is not to advocate for the uncondi-
tional use of blended forecasts, but to examine their benefits
and limitations across a range of operationally relevant condi-
tions. By evaluating performance under varying sky states, tem-
poral aggregation schemes, and spatial contexts, as well as testing
generalization across climates, we aim to highlight both the
potential and current bottlenecks of blended approaches.
Forecast improvements are reported using standard error metrics
(RMSE, MAE), including formal statistical significance testing.
The emphasis is instead placed on the consistency and robustness
of observed patterns, which provide practical insights for
deployment.

2 | Used Datasets

Blended forecasts were developed and validated at the OLDON
test site in northwestern Germany (53°8´46.96´´N, 8°13´2.41´´E).
This site is part of the unique Eye2Sky ASI cloud monitoring
network, which consists of 29 ASIs, 12 irradiance measurement
stations, and 8 ceilometers distributed across an area of approxi-
mately 10,000 km2 [24]. Section 6.4 uses three additional Eye2Sky
network sites to evaluate the performance of blended forecasts at
locations distant from the ground stations used. Table 1 illus-
trates all the sites that were used, their geographic coordinates
positions and the distance to the main site, OLDON. Figure 1
shows a sky image for each site.

All four sites are equipped with rotating shadowband irradi-
ometers (RSI) that measure GHI, DNI, and DHI [26]. The
device uses a fast pyranometer with a small, motorized shad-
owband that swiftly moves across the detector. This enables

the RSI to measure GHI when the detector is unshaded and
DHI when it is shaded. DNI is then derived from these meas-
urements and the sun’s position. When appropriate calibration
and correction functions are applied, accuracies in the range of
2.5–4% for GHI and 3–9% for DNI are obtained with RSIs (stan-
dard uncertainty, 1σ) [27]. A comprehensive evaluation of the
site-specific uncertainties of the RSIs in Oldenburg was con-
ducted in [28].

The dataset used in this study spans July and August 2020.
Data from July are reserved for regression/training tasks
(50373 datapoints), while data from August are used only
for validation (45,163 datapoints). Only timestamps with a
sun elevation angle ≥10° are considered. The average irradi-
ance for the 2 months is given in Table 2. August 2020 was
notably sunnier, with higher average DNI and GHI but lower
DHI. Detailed information on the irradiance distribution can
be found in Appendix A1.

To evaluate forecast accuracy under various conditions, each
timestamp is classified based on its DNI variability, as described
in ref. [29]. This procedure originally distinguishes between eight
distinct conditions, ranging from clear sky (class 1) to overcast
(class 8), including six classes representing intermediate sky con-
ditions, characterized by a distinct sky index and various variabil-
ity indicators. For this work, these eight classes are consolidated
into three overall bundled classes due to the low population of
some original classes, which would otherwise lead to statistically
insignificant results. Table 3 provides an overview of the original
and bundled classes. Roughly, the bundled classes can be distin-
guished by high, intermediate, and low clear sky index. A
detailed description of the original classification procedure, its
corresponding variability indices, and thresholds can be found
in ref. [29].

Figure 2 shows the present distribution of DNI variability clas-
ses at the OLDON site for the periods under consideration.
Both months show a share of around 25% for bundled class
2, which describes partly cloudy weather with a mainly inter-
mediate clear sky index and a high to intermediate variability.
July was clearly the cloudier month, with only around 9% of
observations in the clear-sky-conditions bundled class 1, com-
pared to around 27% in August. Cloudy bundled class 3 condi-
tions were the most common for both months, accounting for
around 65% of July and 48% of August. This comes as no sur-
prise, as this part of Germany is considered to have a temperate
oceanic climate, which is often characterized by high cloud
coverage, according to the Köppen climate classification
[23]. The distribution of variability classes demonstrates that
the dataset encompasses a wide range of diverse and complex
conditions, including various cloud and irradiance scenarios. A
more detailed analysis of the prevailing atmospheric conditions
is provided in Appendix A1 (Meteorological Information on the
Data Set Used). The appendix includes histograms of the solar
irradiance components (DNI, GHI, DHI), air mass, Linke tur-
bidity, and cloud coverage. Additionally, keograms derived
from sky images are presented for each day. Given this diversity
and complexity, the dataset is considered highly suitable for
benchmarking different forecasting models against one
another.

TABLE 1 | The geographic coordinates of the used sites and the

distance to the main site, OLDON.

Site tag
Geographic
coordinates

Distance to
OLDON (km)

Elevation
(m)

OLDON 53°8 046.96 00N,
8°13 02.41 00E

0.00 20

OLCLO 53° 6 042.96 00N,
8°12’33.35 00E

3.86 14

OLUOL 53° 9 012.53 00N, 8°
9 042.92 00E

3.79 15

OLJET 53° 7 013.38 00N, 8°
5 044.95 00E

8.63 4

Solar RRL, 2025 3 of 24

 2367198x, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/solr.202500486 by D

tsch Z
entrum

 F. L
uft-U

. R
aum

 Fahrt In D
. H

elm
holtz G

em
ein., W

iley O
nline L

ibrary on [01/12/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



3 | Used Forecasting Models

This work uses three distinct forecasting models: a satellite-based
model (Section 3.1), an ASI-based model (Section 3.2), and a per-
sistence baseline model (Section 3.3).

3.1 | Satellite Forecast

The satellite-based forecast model [18] utilizes geostationary
Meteosat Second Generation (MSG) images. This method pro-
vides Europe-wide coverage with a spatial resolution of�2 km
(for northwest Germany) and a temporal resolution and update
interval of 15 min.

The model processes raw satellite imagery through a series of
techniques to produce spatially resolved forecasts. The forecast-
ing process starts with receiving raw satellite images from the
MSG platform. These undergo radiometric correction and geo-
metric rectification using Eumetsat’s calibration routines [30].
Next, Cloud Index (CI) images are derived using methods from
[18]. The CI is a measure of the cloudiness within a satellite pixel,
summarizing cloud thickness and cloud cover. The cloud index is
related to the average atmospheric transmissivity of the pixel to
solar radiation.

To capture cloud dynamics, the model analyzes consecutive CI
images to compute cloud motion vectors using block matching
techniques. These vectors represent the displacement of cloud

FIGURE 1 | Sky images with horizon and obstacle mask for the sites OLDON, OLCLO, OLUOL, and OLJET [25].

TABLE 2 | Average GHI, DHI, and DNI values for July and August 2020 taken from OLDON, considering only sun elevation angles ≥10°.

GHIa DHI DNI

July August July August July August

Mean (W/m2) 321.7 358.1 192.1 166.7 209.9 323.5
aData from July have been used for training, August for validation.

TABLE 3 | Brief description of DNI variability classes.

Original classes Bundled classes Sky conditions Clear sky index Variability

1 1 Mostly clear sky Very high clear sky index Low variability

2 Almost clear sky High clear sky index Low variability

3 2 Partly cloudy High/intermediate clear sky index Intermediate variability

4 Partly cloudy Intermediate clear sky index High variability

5 Partly cloudy Intermediate clear sky index Intermediate variability

6 Partly cloudy Intermediate/low clear sky index High variability

7 3 Almost overcast Low clear sky index Intermediate variability

8 Mostly overcast Very low clear sky index Low variability

FIGURE 2 | Distribution of DNI bundled variability classes at

OLDON.
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formations over time. By extrapolating along these vectors, the
model generates predicted CI images, accounting for advective
cloud movement to represent future sky conditions dynamically.

The predicted CI images are then converted into solar irradiance
values by using their relation to the clear sky index (k), as
described in [18]. The clear sky index is the ratio of GHI to
the GHI under theoretical clear-sky conditions (GHIcs). The
GHIcs are calculated using the clear sky model [31], which incor-
porates climatological turbidity values from [32] to account for
the effect of atmospheric aerosol and water vapor on clear-sky
transmission. This multistep process yields pixel-level GHI
forecasts.

In operational satellite-based forecasts, an adaptation of the clear
sky model to recent observations is often conducted to reduce
mean bias error (MBE). This step is not included in the baseline
satellite forecast. Here, the adjustment to ground observations is
conducted in the result Section 6 as the Satellite+Persistence
approach. This work does not specifically evaluate the effect
of high aerosol optical depth (AOD). Corresponding AOD eval-
uations are performed here [33].

3.2 | ASI Forecast

The ASI model, as described in ref. [15], is a deep learning
model trained end-to-end to produce multistep solar irradi-
ance forecasts without explicitly modeling physical processes
such as cloud dynamics or transmittance. It employs a dual-
branch transformer architecture to process both sky images
and timeseries data, including historical irradiance measure-
ments (GHI, DNI, DHI) and sun position data (elevation
and azimuth), to predict scalar GHI and DNI values for lead
times typically ranging from 1 to 20 min. The first branch uses
an architecture from ref. [16] to process 30 min sequences of
time-series data. This process extracts temporal patterns and
generates feature representation vectors. The second branch
utilizes the TimeSformer architecture [17], which applies a
spatio-temporal attention mechanism to analyze 5 min
sequences of ASI images, capturing cloud movement and
behavior. These feature vectors from both branches are
concatenated and fed into a multilayer perceptron to generate
multistep forecasts for all lead times at once. The model has
been trained on a comprehensive dataset from southern
Spain (37°5 038.04 00N, 2°21’32.40 00W), consisting of over 3 mil-
lion ASI images collected between 2015 and 2021 under diverse
weather and irradiance conditions [15]. The dataset was
filtered specifically to ensure balanced occurrences of clear
skies, partial cloudiness, and overcast conditions. By
training both branches in parallel without pretraining,
the model optimizes the interplay between image and times-
eries data, ensuring robust feature extraction and forecast
accuracy across varying atmospheric conditions. For this
work, the model was retrained to derive multistep forecasts
with a horizon up to 60 min ahead. The comprehensive
dataset from southern Spain was used once again for this
purpose [15]. In operational practices, it is often meaningful
to correct ASI forecasts with recent ground observations,
which is presented by the ASI + persistence forecast (see
Appendix A2).

3.3 | Persistence Forecast

The ground-based persistence approach utilizes a state-of-the-art
scaled persistence method that inherently accounts for changes
in solar position [1]. This method’s core principle involves calcu-
lating a clear-sky index from real-time irradiance measurements.
To achieve this, the Ineichen clear-sky model is employed [34].
Crucially, the Linke turbidity values required by the Ineichen
model are derived dynamically from local DNI measurements,
providing a site-specific atmospheric turbidity input. This entire
process, including the clear-sky model and clear-sky index calcu-
lation, uses the PVlib implementation [35].

The derived clear-sky index then becomes the persisting magni-
tude, effectively propagating the current cloud conditions while
accurately reflecting the expected irradiance under clear skies.
This method uses both GHI and DNI measurements as input,
and the target value for the used persistence forecasts is GHI.
The generated forecasts have the same temporal resolution
and update rate as the ASI model. Despite its relative simplicity,
scaled persistence, particularly for very short-term forecast hori-
zons, often provides a robust baseline and can even outperform
more complex models due to its direct reliance on recent
observations.

4 | Approaches used to Combine Forecasts

For effective multisource data blending, a crucial preprocessing
step involves the homogenization of GHI forecasts from individ-
ual sources to a consistent temporal resolution and forecast hori-
zon, as well as a standardized update frequency. This process
primarily focuses on aligning the satellite forecasts with the tar-
get ASI forecast characteristics with an update rate of 30 s and a
forecast horizon of 1 h, consisting of 60 lead times at 1 min inter-
vals. First, bilinear interpolation is applied to each required site
on the GHI satellite map. Notably, each Oldenburg site is situated
within a distinct pixel of the map. Second, within each issued
satellite forecast, temporal interpolation is applied across the lead
times. Third, to address the coarser update rate of the satellite
forecasts and align them with the desired higher frequency, a
forecast forwarding mechanism is implemented. For each
new, high-frequency timestamp for which a satellite forecast is
not available, the most recent existing satellite forecast is reused.
This involves selecting and re-indexing the appropriate lead-time
predictions from this older forecast by effectively shifting its
entire sequence of lead-time values. For example, a prediction
LT2 of a forecast issued at time T0 can serve as the LT1 prediction
for a new forecast instance at T0+ 1min. This forwarding strat-
egy is combined with linear interpolation for any remaining gaps.
Crucially, throughout this entire homogenization process, all
interpolation and forwarding steps are strictly performed on fore-
casts already available at each given forecast instance, thereby
preventing any use of future information that would compromise
the integrity of real-time forecasting.

This study investigates four distinct approaches to combine indi-
vidual forecasting systems. The primary method is linear regres-
sion (LR), which is detailed in Section 4.1. This approach is used
for all evaluations in Sections 6.1–6.4. Additionally, three
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machine learning approaches are assessed: XGBoost
(Section 4.2), long short-term memory network (LSTM)
(Section 4.3), and transformer (Section 4.4). The results of a
benchmark comparing the distinct approaches are presented
in Section 6.5.

Each approach employs an ensemble of models, where individual
models are tailored to specific lead times. This specialization ena-
bles each model to capture the unique temporal dynamics of its
designated forecast horizon. The data preprocessing involves pre-
paring time-series sequences for the machine learning models.
For each lead time, the models are provided the comprising fore-
casts from three distinct systems (satellite-based, ASI-based, and
persistence) and relevant solar position information (azimuth
and elevation). These raw features, along with the target GHI
reference values, are then scaled using standard scaler for each
individual lead time column. This method transforms the data by
subtracting its mean and dividing by its standard deviation,
resulting in a distribution with a mean of zero and a standard
deviation of one. The models then perform internal feature
extraction from these scaled inputs. This data, organized as
time-aware sequences with a duration of 15 min, is then pre-
sented as a flattened vector. This enables the models to learn
a mapping from this comprehensive context to the target GHI
reference values, effectively creating a merged and optimized
forecast.

All machine learning models were configured to predict contin-
uous values. For the deep learning models (LSTM and trans-
former), optimization was performed using MSE as the loss
function. For XGBoost, the RMSE was used as the primary eval-
uation metric during optimization. To optimize model perfor-
mance, hyperparameter tuning was conducted using Optuna,
an open-source framework for efficient hyperparameter optimi-
zation [36]. Optuna ran 50 trials, systematically evaluating hyper-
parameter combinations to minimize forecasting errors. Deep
learning models were trained for up to 75 epochs, with early stop-
ping applied to prevent overfitting.

Optimization, training, and inference were conducted on two
NVIDIA GeForce RTX 3090 GPUs utilizing multiprocessing par-
allelization. For the machine learning models, individual lead-
time models are bundled in a single ensemble of models. This
unified ensemble of models streamlines deployment by function-
ing as a cohesive single model during inference. The computa-
tional requirements for inference are minimal. Inference for a
single timestamp takes less than 1 s on a standard CPU, tested

on an Intel Xeon Silver 4215R CPU @ 3.20 GHz with 16 cores.
This negligible computational overhead enables seamless inte-
gration with the existing hardware infrastructure of ASI systems,
requiring no additional high-performance hardware and ensur-
ing high practicality for operational deployment.

4.1 | Linear Regression

GHI forecasts are used as features, while GHI ground observa-
tions serve as targets in the linear regression model. For each
forecast lead time k (LTk), the model is fitted independently
to predict the ground truth GHI, using the forecast values from

N sources (~Fn). The model is defined as

dGHI=
XN
n= 1

an ⋅~Fn + b

where an represents the scalar weight for forecast source n, and b
is the scalar bias correction term. The model parameters (an and
b) are determined by minimizing the RMSE between the pre-
dicted GHI and the ground observations

min
an , b

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
M

XM
i= 1

XN
n= 1

an ⋅ Fn,i + b−GHIi

 !
2

LTk

vuut
whereM is the number of observations, Fn,i is the i-th value from
forecast source n, and GHIi is the corresponding ground obser-
vation at lead time k. The optimization is performed using the
‘trust-constr’ method from SciPy’s minimize function [37], with
constraints ensuring that the weights an ∈ ½0, 1� and their sum
satisfy 0.9 ≤

P
N
n= 1 an ≤ 1.1. The bias term b is constrained to

the range −200 to 200W/m2.

The weights determined for the two combined systems,
Satellite+Persistence and Satellite+ASI+ Persistence, are shown
in Figure 3. For the Satellite+Persistence syem, ground persis-
tence initially holds a stronger weight, dominating up to LT9.
This indicates that for shorter forecast horizons, ground-based
data offers greater reliability. Beyond LT9, a significant shift
occurs; the satellite forecast becomes increasingly dominant,
with its weights stabilizing between 70% and 80%.
Simultaneously, the bias correction term exhibits a rise until
LT15, suggesting that initial systematic errors become more pro-
nounced and require greater adjustment over time. After LT15,

FIGURE 3 | Derived weights and bias term used for the two combinations Satellite+Persistence (left) and Satellite+ASI+ Persistence (right) dis-

cretized over lead times. The values have been derived by linear regression with data from July 2020 (OLDON).
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the bias correction stabilizes in the range of 7–10 W/m2. This sta-
bilization implies that a correction is consistently needed for lon-
ger lead times. However, the systematic biases also become
stable, allowing for more reliable and consistent adjustments.

In the case of the Satellite+ASI+ Persistence system, the persis-
tence forecast is initially given a very high weighting. This drops
rapidly to almost 0% by LT5 and remains negligible until LT22. In
contrast, the ASI forecast exhibits almost inverse behavior, rap-
idly gaining prominence and overtaking the persistence forecast
between LT2 and LT3. It then reaches a dominant weight of over
90% at LT5. This emphasizes the critical role of the ASI for very
short-term forecasts. Subsequently, the ASI’s weight decreases
continuously, stabilizing at around 19% by LT60. Meanwhile,
the satellite-based forecast, starting near 0%, steadily increases
its influence, surpassing the ASI forecast at LT19. After LT20,
its curve flattens, stabilizing at around 63%, thereby establishing
satellite data as the primary contributor for longer lead times.
Interestingly, persistence shows a resurgence after LT22, reach-
ing around 16% at LT60. The bias correction term starts at around
−1.8 W/m2 but rapidly decreases to a strong negative value of
approximately −19W/m2 at LT5. Thereafter, its magnitude
decreases steadily, eventually moving towards 0W/m2 at
LT60, which suggests a diminishing bias over the forecast
horizon.

4.2 | XGBoost

The core of this approach is an ensemble of XGBoost models, a
gradient boosting framework known for its efficiency and perfor-
mance in structured data prediction tasks [38].

The tuned hyperparameters of the XGBoost model are listed in
Table 4. These parameters control crucial aspects of the boosting
process. n_estimators determines the number of boosting rounds,
max_depth limits the complexity of individual trees, and learnin-
g_rate scales the contribution of each tree. Additionally, subsam-
ple and colsample_bytree control the proportion of training
instances and features used for building each tree, respectively,
helping to reduce variance. min_child_weight specifies the mini-
mum sum of instance weight required in a child node, influenc-
ing the tree’s structure, while gamma determines the minimum
loss reduction needed to make a further partition on a leaf node.

4.3 | LSTM

LSTMs are a type of RNN particularly well-suited for processing
sequential data, making them a natural fit for time-series fore-
casting tasks [39]. LSTMs inherently process a sequence of past
observations to make a future prediction.

The tuned hyperparameters are presented in Table 5. These
include num_layers, which determines the depth of the LSTM
network, hidden_dim, specifying the number of memory units
in each LSTM layer, and dropout, a regularization technique
to prevent overfitting by randomly omitting a fraction of neurons
during training. The learning_rate controls the step size during
model weight updates, and batch_size defines the number of sam-
ples processed before the model’s weights are updated.

4.4 | Transformer

The transformer model represents a deep learning architecture
based on the self-attention mechanism, which has demonstrated
significant success in sequential data processing [40]. Unlike
recurrent networks like LSTMs, transformers process sequences
in parallel, allowing them to capture long-range dependencies
more efficiently.

To prepare the inputs, a linear input embedding layer first trans-
forms the raw features into a higher-dimensional space. A
Positional Encoding layer is then applied to infuse the trans-
former model with information about the order or position of
the elements within the sequence, as transformers inherently
lack this sequential understanding. The transformer then uses
its encoder layers, composed of multihead self-attention mecha-
nisms and feed-forward networks, to learn complex relationships
and interdependencies across the historical input features.

The optimized hyperparameters are detailed in Table 6. Key
parameters include d_model, which defines the dimensionality
of the input and output of the attention layers and the feed-
forward networks, nhead, which represents the number of
attention heads in the multihead attention mechanism, and
num_encoder_layers, which determines the number of stacked
encoder layers in the transformer architecture. dim_feedforward
specifies the size of the hidden layer in the feed-forward net-
works, and dropout is used for regularization. The learning_rate
controls the optimization step size, while batch_size dictates the
number of samples processed per training iteration.TABLE 4 | Used hyperparameter ranges on XGBoost for the

optimization of the training process.

Parameter
Hyperparameter

ranges
Used tuned
parameters

n_estimators [50, 500] 158

max_depth [3, 10] 3

learning_rate [0.01, 0.3] 0.1837

subsample [0.5, 1.0] 0.9062

colsample_bytree [0.5, 1.0] 0.9884

min_child_weight [1, 10] 1

gamma [0, 5] 0.9297

TABLE 5 | Used hyperparameter ranges on LSTM for optimization

of the training process.

Parameter
Hyperparameter

ranges
Used tuned
parameters

num_layers [1, 3] 2

dropout [0.1, 0.5] 0.2465

hidden_dim [16, 256] 183

learning_rate [1e−4, 1e−2] 0.0002591

batch_size [16, 32, 64, 128] 64
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5 | Used Error Metrics

The validation uses conventional error metrics, including RMSE,
MAE, and MBE, as well as skill scores based on RMSE and MAE,
with persistence serving as the baseline [10]:

RMSE=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1=n

Xn
i= 1

ŷi − yið Þ2
s

MAE= 1=n
Xn
i= 1

jŷi − yij

MBE= 1=n
Xn
i= 1

ŷi − yi

SS= 1−
Smodel

Sbenchmark

where ŷ is the predicted irradiance and y the corresponding mea-
sured irradiance. The skill score is defined as SS. S represents a
suitable metric, such as RMSE or MAE.

6 | Results

This section presents the benchmark results. Section 6.1 provides
an overview of the general findings. Section 6.2 assesses the
impact of varying irradiance conditions, while Section 6.3 exam-
ines the effects of temporal aggregation. Section 6.4 analyzes spa-
tial influences. Section 6.1–6.4 consider only linear regression to
combine the distinct sources. Section 6.5 evaluates the perfor-
mance of different merging methods.

6.1 | General Benchmark Forecasts

Figure 4 illustrates the error metrics and skill scores of the eval-
uated forecast systems over the lead times, while Table 7 presents
their aggregated results. For this aggregation analysis, the fore-
cast horizon is divided into five distinct lead time (LT) ranges.
Four of these cover individual quarters of the total horizon, while
the fifth spans the entire range from LT1 to LT60. The average
error metrics and their corresponding standard deviations for
these ranges are listed. If aggregated metrics for multiple lead
times are specified directly in the main text, the standard devia-
tion across those lead times is always provided.

The persistence forecast serves as a fundamental baseline. As
anticipated, it exhibits the highest overall RMSE (160.6 ±
28.2 W/m2) and MAE (106.0 ± 24.0 W/m2), with its accuracy rap-
idly degrading beyond the very shortest lead times. However, it
maintains a consistently very small slightly positive MBE (2.0 ±
1.1 W/m2). The small bias observed in persistence is expected due
to its fundamental nature, indicating it lacks any inherent sys-
tematic tendency to consistently over- or under-predict GHI.

Individual advanced forecasts present complementary character-
istics. The ASI forecast demonstrates high accuracy for very
short lead times (LT1−15), achieving the lowest RMSE (99.5 ±
17.5 W/m2) and MAE (58.8 ± 11.0 W/m2) in this range, coupled
with strong positive skill scores. For longer LTs, the ASI system con-
tinues to outperform the satellite system in terms of RMSE up to

TABLE 6 | Used hyperparameter ranges on transformer for

optimization of the training process.

Parameter
Hyperparameter

ranges
Used tuned
parameters

d_model [16, 256] 32

n_head — 4

num_encoder_layers [1, 4] 2

dropout [0.1, 0.5] 0.2188

learning_rate [1e−4, 1e−2] 0.002386

batch_size [16, 32, 64, 128] 64

dim_feedforward [64, 1024] 166

FIGURE 4 | Error metrics and skill scores over lead time. In terms of skill scores, some of the lower LTs for the ASI and satellite forecasts have been

cropped. This is done to improve the readability of the skill scores.
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LT32 and in terms of MAE up to LT43. Beyond these lead times, the
satellite system very slightly outperforms the ASI system.

The ASI forecast exhibits a constantly increasing positive MBE,
ranging from around 6 W/m2 at LT1 to approximately 36 W/m2

at LT60, averaging 23.4 ± 9.1 W/m2 overall. As described in
Section 3.2, the ASI model was trained using data from a loca-
tion in southern Spain and applied directly to a location in
northern Germany without local training. At the training loca-
tion in Spain, the ASI system exhibits a barely noticeable MBE
[15]. This contrast to the significant positive MBE in Germany
may indicate weaknesses in generalization for sites with nota-
bly different ambient conditions, mainly due to differences in
aerosol and cloud-type characteristics. The site in southern
Spain features lower Linke turbidity and predominantly cumu-
lus and cirrus clouds [15, 41], while Germany exhibits higher
turbidity and more frequent stratocumulus and nimbostratus
clouds (see Appendix A1). Section 6.2 discusses the influence
of different conditions on the forecast in more detail. To miti-
gate the inherent bias of the ASI forecasting model, a hybrid
ASI + Persistence approach was also developed. This combina-
tion is practical, as both models rely on local irradiance time
series data as input, allowing for straightforward integration.
The results of this state-of-the-art [15] ASI + Persistence hybrid
model are presented in Appendix A2 (see Figures A5, A6). The
ASI + Persistence hybrid dramatically reduces the MBE. Over
the full 60 min horizon, this hybrid achieves an overall nega-
tive bias (−3.43 ± 5.2 W/m2). This substantial bias reduction
suggests that the integration with the persistence component
effectively counteracts ASI’s inherent tendency to over-predict,
leading to a more centered and balanced forecast.

Conversely, the satellite forecast offers greater stability at longer
LTs. While the satellite component gains dominance in the optimal

combined forecast structure around LT19 (see weights in

Section 4.1), its standalone error performance in terms of RMSE

andMAE as already stated overtakes that of ASI at much later lead

times. The overall MAE Skill Score is negative (−0.06± 0.42W/m2).

This negative skill is primarily driven by its performance in the

very short lead times LT1−15, where the MAE Skill Score is
−0.24 ± 0.81 W/m2. However, beyond LT15, the satellite’s MAE
Skill Score becomes positive, reaching values up to around 0.1.

The integration of distinct forecasts yields significant perfor-
mance enhancements. The Satellite+Persistence system shows
a general improvement in accuracy, with lower overall RMSE
(127.8 ± 14.3 W/m2) and MAE (81.2 ± 13.4 W/m2) than either
individual component. Notably, its MBE is substantially reduced
(−4.3 ± 1.0 W/m2) compared to standalone satellite. This reflects
previously found results and therefore, the state-of-the-art in
satellite-based forecasting.

The Satellite+ASI+ Persistence system, however, consistently
emerges as the strongest performer across all lead times and met-
rics. It achieves the lowest overall RMSE (120.7 ± 16.8 W/m2) and
MAE (76.6 ± 14.0 W/m2), alongside the highest overall RMSE
(0.24 ± 0.04) andMAE (0.17 ± 0.03) skill scores. Maximum values
of 0.27 (RMSE skill score at LT20) and 0.19 (MAE skill score at
LT54) are achieved. This superior accuracy is underpinned by its
bias mitigation, with its MBE consistently remaining closest to
zero across all lead times.

The analysis of standard deviations across lead times offers
insight into the plausibility and consistency of the model’s per-
formance. The low standard deviations for RMSE, MAE, and par-
ticularly MBE in the Satellite+ASI+ Persistence system indicate
not only superior average accuracy but also a high degree of plau-
sibility and consistency in its performance. This means the errors
are less volatile across different lead times, providing a more reli-
able and trustworthy forecast. This synergistic effect, leveraging
complementary strengths (short-term from ASI, longer-term
from satellite, and baseline from persistence) and balancing
inherent biases, is crucial for developing high-quality GHI
forecasts.

To confirm statistical significance, Wilcoxon signed-rank
tests [42] were conducted on RMSE values across all lead times,
with results listed in Table 8. All approaches significantly

TABLE 7 | Average ± standard deviation of error metrics over different LT ranges.

a

aThe color coding evaluates each row separately and ranges from dark green (best outcome) to dark red (worst outcome).
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outperformed the Persistence. The hybrid models also outper-
formed the individual Satellite and ASI system.

The impact of the satellite’s enhanced resolution and update fre-
quency is also examined. For this purpose, only the forecasts
available at the issue times of the satellite system are utilized.
The analysis reveals no significant differences in the results.
The skill scores and overall tendencies of the different forecasting
systems are comparable. The corresponding plots are provided in
Appendix A3.

To provide context for the results discussed in this work, a com-
parison is made with the findings of Straub et al. [21]. It should be
noted that such comparisons are generally constrained by differ-
ences in the ambient conditions of the datasets employed. These
differences may considerably influence the performance of mod-
els. The skill score of a model may vary notably depending on the
distribution of variable and less variable conditions within the
datasets chosen. Thus, comparisons should focus on identifying
general trends. Figure 5 presents a comparison of the RMSE-
based skill score from this evaluation with that reported by
Straub et al. [21]. Given that their forecast extends only to a
15 min horizon, this comparison is similarly limited to that hori-
zon. Both studies utilize the Heliosat method, relying on MSG
data for satellite-based forecasting. Nevertheless, ref. [21] reports
significantly higher skill score than this study. On the other hand,
the ASI system in this study achieves a significantly higher skill
score than that in ref. [21]. As noted in the introduction, the two
studies use fundamentally different ASI model implementations.

For hybrid systems, the skill scores appear broadly similar
between the two studies. Although the methodology for satellite
forecasting is identical, the varying skill scores highlight the dif-
ficulties involved in comparing results from different datasets.
Nevertheless, general trends in hybrid forecasting systems
remain consistent between the studies.

6.2 | Influence of Prevailing Sky Conditions

The analysis of forecast system performance under distinct sky
conditions provides a more granular understanding of their
strengths and limitations. The classification approach of sky con-
ditions into three-bundled classes is explained in Section 2.
Figure 6 presents the error metrics and corresponding skill
scores, discretized by the distinct classes. Tables with aggregated
results are provided in Appendix A4. This also includes results
from Wilcoxon signed-rank tests, which confirm statistical
significance.

6.2.1 | Bundled Class 1 - Mostly/Almost Clear Sky with
Low Variability

Under the highly clear and low-variability conditions of bundled
class 1, RMSE and MAE values are generally the lowest across all
systems, as expected for easier forecasting scenarios. The persis-
tence model, in particular, demonstrates low errors in the lead
time range LT1–15, with an RMSE of 19.0± 4.4W/m2 and
MAE of 7.9± 2.4W/m2. However, its performance rapidly

TABLE 8 | Wilcoxon signed-rank test results based on paired RMSE values.

Persistencea Satellite ASI
Satellite+
Persistence Satellite+ASI+ Persistence

Persistence — — <0.001 −20.8
W/m2

<0.001 −28.7
W/m2

<0.001 −32.8 W/m2 <0.001 −39.9 W/m2

Satellite — — — — 0.023 −7.9 W/
m2

<0.001 −12 W/m2 <0.001 −19.1 W/m2

ASI — — — — — — 0.005 −4.1 W/m2 <0.001 −11.2 W/m2

Satellite +
Persistence

— — — — — — — — <0.001 −7.1 W/m2

aThe first value in each cell represents the p-value, while the second represents the mean RMSE difference. The system indicated in the rows is always subtracted
from the system indicated in the columns of the matrix to calculate the differences.

FIGURE 5 | RMSE-based skill score over lead time. A comparison of this work with that of Straub et al. [21]. Some of the lower LTs for the satellite

forecasts have been cropped. This is done to improve the readability of the skill scores.
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degrades thereafter, with RMSE jumping significantly. This
behavior is not visible for MAE. This disparity of good MAE
but higher RMSE for longer LTs illustrates nicely how some out-
liers are strongly penalized by RMSE but have a limited effect on
MAE. Consequently, the overall RMSE for persistence increases
to 58.1± 10.4W/m2, while the MAE remains relatively lower at
23.4± 10.7W/m2. This underscores how, under highly stable
clear-sky conditions, a simple persistence model can be very dif-
ficult to outperform in terms of MAE. Additionally, persistence
maintains a small positive MBE.

The ASI model shows the best overall performance in terms of
RMSE, achieving 35.6± 7.2W/m2 and yielding the highest
RMSE-based skill score (�0.39). It also performs best in MAE,
with a value of 20.2± 3.9W/m2 and a corresponding skill score
of�0.14. Notably, ASI exhibits a negative overall MBE
(−12.5± 2.0W/m2), which is a significant contrast to its overall
positive MBE seen across all conditions.

The satellite forecast performs poorly in bundled class 1. Its over-
all RMSE (59.2± 3.0W/m2) is on par with persistence, resulting
in a slightly negative RMSE skill score. Its MAE is significantly
worse at 36.5 ± 1.3W/m2, and it shows a low negative MBE
(−5.0± 1.6W/m2).

The Satellite+Persistence hybrid outperforms persistence in
terms of overall RMSE (46.3 ± 11.3W/m2), but not in MAE
(27.8± 7.3W/m2). Similarly, the Satellite+ASI+ Persistence
hybrid system ranks as the second-best performer in terms of
RMSE (42.7± 9.6W/m2), yet its MAE (25.6 ± 5.5W/m2) remains
somewhat higher than that of persistence. However, it does out-
perform persistence in terms of MAE after LT34.

These results highlight that, under highly stable and clear-sky
conditions, the simplicity of the persistence model makes it a
robust baseline for forecasting the immediate future. This is espe-
cially true when the model’s performance is evaluated using
MAE. This can be attributed to the inherent nature of persis-
tence, which, by not introducing additional variability. In con-
trast, more complex models optimized through least squares
tend to learn an averaged response to variability. While beneficial
for dynamic scenarios, this can introduce a degree of average var-
iability even into highly stable clear-sky conditions.

6.2.2 | Bundled Class 2 - Intermediate Clear Sky Index
Conditions (Partly Cloudy with Intermediate/High
Variability)

These partly cloudy conditions represent the most challenging
forecasting scenario, as evidenced by the highest RMSE and
MAE values across all systems compared to other classes.
Persistence, in particular, shows an increase in errors compared
to bundled class 1, with its RMSE (220.9 ± 19.7 W/m2) and MAE
(155.5 ± 19.7 W/m2) being several times higher than in clear-sky
conditions. This surge in error highlights persistence’s inability
in handling conditions with significant variability.

The Satellite+ASI+ Persistence hybrid system consistently deliv-
ers extremely strong performance, achieving the lowest RMSE
(173.8 ± 17.8W/m2) and the highest RMSE skill score (0.213).

In terms of RMSE, the ASI forecast is nearly on par with the
Satellite+ASI+ Persistence hybrid, showing only a slightly
higher overall RMSE of 174.0± 17.0W/m2. In terms of MAE,
the ASI forecast slightly outperforms the hybrid system, with

FIGURE 6 | Error metrics and skill scores over lead time discretized in the three variability conditions high clear sky index (bundled class1),

intermediate clear sky index (bundled class2), and low clear sky index (bundled class3). In terms of skill scores, some of the lower LTs for the

ASI and satellite forecasts have been cropped. This is done to improve the readability of the skill scores.
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a lower MAE of 125.1 ± 14.0 W/m2 and a corresponding higher
MAE skill score of�0.20, compared to the hybrid’s MAE of
127.8± 16.5 W/m2 and skill score of�0.18.

In terms of bias, the satellite forecast displays a very large
negative overall MBE (−44.3 ± 1.4 W/m2), indicating significant
under-prediction. In contrast, the ASI forecast maintains a
positive MBE (12.8 ± 5.4 W/m2), consistent with its general
tendency. Despite these opposing tendencies, the Satellite+
ASI+ Persistence hybrid still exhibits a significant negative
MBE (−17.8 ± 14.2 W/m2), suggesting that the large negative bias
of the satellite component strongly influences the combined out-
put under these specific conditions.

6.2.3 | Bundled Class 3 - Low Clear Sky Index
Conditions (Mostly/Almost Overcast with Intermediate/
Low Variability)

In predominantly overcast conditions, RMSE and MAE values
are generally intermediate compared to the other classes.
Notably, for lead times greater than LT20, the satellite-based fore-
casts often demonstrate a clear advantage over the ASI forecasts.
The Satellite+ASI+ Persistence hybrid system exhibits the best
overall performance, achieving the lowest error magnitudes
(RMSE: 112.4± 21.4 W/m2 and MAE: 76.1± 17.5 W/m2) and
the highest skill scores (RMSE: �0.28 and MAE: �0.22).

Bias behavior in this class is particularly striking. The ASI fore-
cast exhibits an extremely large positive overall MBE (51.2 ±
22.4 W/m2), indicating substantial over-prediction under overcast
conditions. This considerable over-prediction directly impacts its
MAE performance, especially at longer lead times. For example,
while ASI’s MAE is 56.5 ± 13.1 W/m2 for LT1−15, it steadily
increases, reaching 122.2 ± 2.4 W/m2 for LT46−60. At these
higher lead times, ASI’s MAE actually surpasses that of persis-
tence (119.4 ± 2.2 W/m2) and is notably higher than the satellite
forecast (99.9 ± 1.3 W/m2) and the Satellite+ASI+ Persistence
hybrid (89.9 ± 1.3 W/m2). This degradation in performance
under overcast conditions is likely exacerbated by the fact that
the ASI model was trained on data from southern Spain (see
Section 3.2), a region characterized by a comparatively low fre-
quency of overcast sky conditions. While the model exhibits
strong generalization capabilities across varying conditions, its
direct application to northwest Germany, a region characterized
by significantly more frequent and prolonged overcast periods,
initially presents a systematic over-prediction. As noted in
Section 6.1, the pronounced MBE of the ASI system can be effec-
tively mitigated by combining it with persistence, which primar-
ily functions as a bias correction mechanism (see Appendix A2).

The satellite forecast has an overall negative MBE (−7.7 ±
5.3 W/m2). Due to ASI’s very large positive MBE, the
Satellite+ASI+ Persistence hybrid system still results in an over-
all positive MBE (11.6 ± 5.9 W/m2).

6.3 | Temporal Aggregation

To further evaluate the performance of GHI forecasts, a temporal
aggregation procedure was implemented to align forecast and
reference data over equivalent time windows. This approach is

particularly relevant for many solar energy applications that rely
on smoothed power values rather than instantaneous predictions
[43]. Shorter intervals (5–10min) support real-time inverter
control and ramp mitigation operations, while longer intervals
(15–30 min) align with energy market decisions, such as real-
time dispatch or back-up generator activation in hybrid systems.

For each forecast lead time (LT), both the GHI forecast and a
persistence forecast are aggregated over a specified historical
window of duration (W ). Consequently, the corresponding refer-
ence GHI observations are aggregated over the same window to
ensure identical time intervals for direct comparison. The aggre-
gation is performed using a sliding window keeping the temporal
resolution.

Let Ftissue, LT denotes the instantaneous forecast issued at time tissue
for a valid time of tissue +LT. Let Rtobs represents the instanta-
neous reference (observed) GHI at time t. For an aggregation
window of durationW ending at time t, the aggregated reference

value (R
―

t,W) is calculated as the mean of all instantaneous refer-
ence observations within the window ðt−W , t�:

R
―

t,W =
1
NR

XNR − 1

k= 0

Rt− k⋅ΔtR

here, NR is the number of reference observations in the window,
and ΔtR is the sampling interval of the reference data.

Similarly, the aggregated forecast value (F
―

t,W,L) for lead time (LT)
is computed by averaging instantaneous forecasts whose valid
times fall within the same window ðt−W, tÞ. The aggregated
forecast at valid time (t) is thus the mean of forecasts whose issue
times correspond to valid times within the aggregation window.

F
―

t,W,LT =
1
NF

XNF − 1

k= 0

F t−LT− k⋅ΔtFð Þ, LT

here, NF is the number of forecasts aggregated, and ΔtF is the
frequency with which the forecasts are issued. The term
(t−LT− k ⋅ ΔtF) represents the issue time of each instantaneous
forecast included in the sum, ensuring that its corresponding
valid time (ðt−LT−k ⋅ ΔtFÞ+LT) falls within the aggregation
window ðt−W, tÞ ending at t.

After temporal alignment, the error metrics are computed to
quantify forecast performance. In this work the aggregation win-
dowsW of 5, 10, 15, and 30min are used. The error metrics of this
analysis are shown in Figure 7. Furthermore, Appendix A5 con-
tains tables with averaged results, along with an additional
Figure A8 displaying the skill scores. A clear and consistent trend
observed across most models and error metrics is that temporal
aggregation universally reduces forecast errors as the aggregation
window increases. This confirms that averaging forecasts over
longer periods effectively smooths out short-term fluctuations
and noise, leading to more stable and accurate predictions in
terms of power.

The satellite system generally outperforms the persistence model
in overall RMSE. However, for shorter aggregation windows
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(5 and 10min) and lead times ≤15min (LT15), the persistence
model achieves lower RMSE than the satellite system. A similar
trend is observed for MAE, where persistence outperforms the
satellite system for lead times up to 30 min (LT30), depending
on the window size.

The ASI system consistently surpasses the persistence model,
exhibiting particularly strong performance for window sizes
up to 15min and lead times ≤LT15. For lead times >LT30, its
RMSE performance is occasionally weaker than the satellite sys-
tem, but its MAE performance remains comparable.

The Satellite+Persistence hybrid outperforms the persistence model
but is generally surpassed by the ASI system for lead times <LT30.

The Satellite+ASI+ Persistence hybrid delivers the lowest overall
RMSE and MAE across all aggregation levels, demonstrating
robust performance even with smoothed forecasts.

6.4 | Spatial Influence

This evaluation focuses on assessing the spatial transferability of
the Hybrid forecast derived from the OLDON site to three addi-
tional, nearby sites. The primary objective of this evaluation is to
understand the effective spatial coverage of a Hybrid forecast
based on a single ASI installation. This sheds light on the
practical considerations for large solar power plants, specifically
determining the distance at which the advantage of a central ASI
in a hybrid forecast diminishes, potentially necessitating the
installation of additional ASIs within the solar field to maintain
forecasting edge.

The three additional sites, OLCLO, OLUOL, and OLJET, are
equipped with reference GHI measurements, allowing for a com-
parison against site-specific satellite forecasts. The OLDON site,
conversely, serves as the base for the hybrid forecast, utilizing an
ASI and ground station data as input for its ASI component,
along with persistence and satellite data. The distances between
OLDON and these evaluation sites are given in Table 1.

Figure 8 shows the error metrics of this analysis over the lead times,
and Table 9 lists aggregated results over the entire lead time range.
For OLCLO and OLUOL, which are at similar distances from
OLDON (�3.8 km), the hybrid consistently shows lower RMSE
andMAE than the satellite-only forecast across nearly all lead times
(exception lead times <LT3 for RMSE). For OLCLO, it achieves a
reduction of about 9% in RMSE and 13% in MAE. For OLUOL, the
hybrid yields an overall reduction of about 4% in RMSE and 7% in
MAE. OLCLO is located south of OLDON, while OLUOL lies to the
west. The predominant cloud movement in this region is from west
to east. The lateral positioning of OLCLO relative to OLDON and
the primary cloud movement direction may partially explain its
superior performance, as ASI observations at OLDON are likely
more relevant to OLCLO than to OLUOL.

For OLJET (8.63 km distance), the RMSE of the satellite system is
slightly lower than that of the hybrid system for most lead times,
while the hybrid consistently achieves a lower MAE. Overall, the
satellite system outperforms the hybrid by approximately 1% in
RMSE, but the hybrid surpasses the satellite system by about 5%
in MAE.

This analysis suggests that even for large solar fields, a single ASI
can improve the overall forecast for the entire plant. However,

FIGURE 7 | Error metrics over lead time, considering different time windows for temporal aggregation. In terms of skill scores, some of the lower

LTs for the ASI and satellite forecasts have been cropped. This is done to improve the readability of the skill scores.
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accuracy decreases as the distance increases. Therefore, for very
large solar fields, installing additional ASIs may be necessary to
maintain significant improved accuracies across the entire area.

6.5 | Benchmark Approaches to Combine
Forecasts

Figure 9 and Table 10 show the evaluation of the hybrid forecast’s
performance when using different merging algorithms: LR,
XGBoost, LSTM, and transformer. The aim is to determine if
more advanced machine learning models can enhance the merg-
ing process compared to a standard linear regression.

All merging algorithms demonstrate positive skill scores across
most lead times, peaking between LT10 and LT15 before stabi-
lizing or slightly declining at longer horizons. For very short
lead times (<LT5 minutes), XGBoost, LSTM, and transformer
ramp up more quickly and maintain higher skill than LR, which
starts lower. Beyond this, LSTM and transformer sustain
slightly higher RMSE skill scores. Overall, XGBoost, LSTM
and transformer reduce RMSE by approximately 0.8%, 1.8%
and 1.1%, respectively.

For MAE skill, LR and LSTM are highly competitive, generally
maintaining slightly higher scores across most lead times, while
XGBoost and transformer exhibit lower MAE skill initially.
Overall, LR outperforms XGBoost, LSTM, and transformer in
MAE by approximately 3.4%, 0.6%, and 2.3%, respectively.

The evaluation of merging algorithms for the hybrid indicates no
single algorithm excels across all metrics (Table 10) Advanced
machine learning models, such as LSTM and transformer,
achieve slightly lower RMSE, especially at shorter lead times.
However, Linear Regression remains highly competitive, sur-
passing others in overall MAE and demonstrating the smallest
bias. XGBoost consistently underperforms compared to the other
methods.

The analysis indicates that for the simple merging task, the added
complexity of advanced machine learning models yields modest
RMSE improvements, while the simpler LR model remains

TABLE 9 | Average ± standard deviation of error metrics of error

metrics over the entire range from LT1 to LT60.

Error metric  

Hybrid  

OLDON@ 

OLCLO 

Satellite 

OLCLO 

Hybrid  

OLDON@ 

OLUOL 

Satellite 

OLUOL 

Hybrid  

OLDON@ 

OLJET 

Satellite 

OLJET 

RMSE 

 [W/m²] ↓ 
126.8  139.4  140.2  146.3  137.1  135.4  

MAE 

 [W/m²] ↓ 
79.2  92.0  88.9  95.5  85.7  90.2  

MBE  

[W/m²] ↓ 
9.0  -4.7  -11.3  -25.5  4.8  -7.4  

a

aThe color coding evaluates each row and site pair separately and ranges from
dark green (best outcome) to dark red (worst outcome).

FIGURE 9 | Skill scores over lead time based on different models used

to merge the individual forecasts.

FIGURE 8 | Error metrics over lead time. The red metrics represent the errors of the merged forecasts derived from the OLDON site and validated at

the OLCLO, OLUOL, or OLJET sites. The corresponding error metrics for the satellite forecasts, derived for and validated at the sites OLCLO, OLUOL,

and OLJET, are shown in green.

TABLE 10 | Average ± standard deviation of error metrics

over the entire range from LT1 to LT60.

Error metric LR XGBoost LSTM
Transfor-

mer

RMSE

[W/m²] ↓

121.8 120.8 119.7 120.4

MAE

[W/m²] ↓

77.6 80.3 78.1 79.5

MBE 

[W/m²] ↓

-1.7 -5.5 -2.8 -1.8

Skill Score

(RMSE) ↑

0.24 0.25 0.26 0.26

Skill Score

(MAE) ↑

0.17 0.14 0.17 0.15

a

aThe color coding evaluates each row separately and ranges from dark
green (best outcome) to dark red (worst outcome).
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highly effective, particularly for minimizing MAE. Deep learning
models, especially the transformer, may benefit from larger train-
ing datasets. Furthermore, additional features could further
improve such deep learning models. However, these findings
align with similar studies, which suggest that outperforming
LR in this straightforward task is challenging [22].

7 | Conclusion

This study presents the development and validation of a data-
driven forecasting methodology that effectively blends satellite
forecasts with ground-based ASI and persistence forecasts. It
quantifies the performance benefits of this integrated approach
and characterizes the generalization capabilities of the underly-
ing ASI model.

A key finding concerns the generalization performance of the
ASI system. The ASI model, trained on a dataset from southern
Spain (desert climate), demonstrated operational capability when
deployed in northwest Germany, a region exhibiting a temperate
oceanic climate with significantly different cloud cover charac-
teristics. The ASI system maintained positive skill scores for both
RMSE and MAE in the German validation environment, affirm-
ing its cross-climatic applicability. This climatic transfer of the
ASI system introduced a positive bias, which can be compensated
for by combining ASI with persistence.

Furthermore, this study demonstrates that local solar irradiance
forecasts derived from satellite data are significantly enhanced
when combined with the ASI model.

The individual forecasting components possess complementary
characteristics, ASI exhibits superior performance at very short
lead times, satellite data provide greater stability for longer fore-
cast horizons, and persistence serves as a fundamental baseline.
The hybrid model utilizes the respective advantages, which are
reflected in the performance of the Satellite+ASI+ Persistence
hybrid system. It consistently exhibited optimal performance
across all evaluated lead times and metrics, yielding statistically
significant improvements over each individual component.
Crucially, the hybrid provides forecasts with the high temporal
resolution of the ASI system, encompassing both its update rate
and the number of leads. But the hybridization process, which
optimizes based on metrics like RMSE or MSE, inherently leads
to a partially smoothed performance curve.

This superior performance is evidenced by the lowest overall
RMSE (120.7 ± 16.8 W/m2) and MAE (76.6 ± 14.0 W/m2), along-
side the highest skill scores for RMSE (0.24 ± 0.04) and MAE
(0.17 ± 0.03), on average over the entire 60 min forecast horizon.
This corresponds to an approximate reduction of the RMSE by
13.6% and of the MAE by 17.0% for this particular location com-
pared to the satellite-only forecast, while at the same time
increasing the RMSE skill score by 0.14 and the MAE skill score
by 0.23. This enhancement is directly attributable to the effective
bias mitigation facilitated by the blending process and the stra-
tegic utilization of ASI’s granular, short-term cloud dynamics
alongside satellite data’s broader, longer-range cloud tracking
capabilities.

The analysis of forecast performance under varying sky condi-
tions confirms these conclusions. Under mainly clear sky con-
ditions, the persistence model demonstrated low errors in both
RMSE and MAE for very short lead times (LT1−15). However,
for the overall horizon, the ASI model exhibited superior
performance in both overall RMSE and MAE, achieving the
lowest values among all individual forecasting systems under
these conditions. The ASI model also demonstrated superior
performance under challenging partly cloudy conditions, where
it consistently delivered high skill. This strength significantly
benefited the blended hybrid system. The hybrid system’s
robust performance in these scenarios, including its consis-
tently low RMSE despite inherently high variability, directly
leveraged the ASI’s capabilities. Moreover, its ability to
effectively counteract the ASI’s inherent positive bias under pre-
dominantly overcast conditions further validates the blending
methodology.

Temporal aggregation analyses confirmed the consistent superior
performance of the Satellite+ASI+ Persistence hybrid, thereby
ensuring its applicability for various operational requirements
in solar energy.

Spatial analysis provided quantitative insights into the effective
spatial coverage of a single ASI installation within a hybrid fore-
casting framework. An ASI-based hybrid forecast offers perfor-
mance advantages that remain visible at distances of
approximately 4 km. This range is significant, as it encompasses
the spatial extension of the majority of existing utility-scale PV
plants/parks. However, while these benefits are still clearly
present at 4 km, their magnitude is reduced compared to fore-
casts made directly at the ASI’s location, and they begin to
diminish further beyond this range. This finding has direct
implications for the design and deployment of ASIs in solar
power plants. Multiple ASI installations may be required to sus-
tain optimal forecast accuracy across larger, more extensive
areas. In general, it is clear that the ASI offers benefits beyond
its immediate location. However, our specific quantitative find-
ings are dependent on the characteristics of the used dataset and
the site in question.

The comparison of merging algorithms showed that advanced
machine learning models like LSTM and transformer yielded
in some RMSE improvements, especially at shorter lead times.
However, the linear regression method demonstrated compara-
ble performance and even slightly superior performance in MAE.
This suggests that for this specific blending task, the increased
complexity of more sophisticated models may not translate into
substantial performance gains.

The strategic integration of satellite and data-driven ASI fore-
casts, complemented by persistence-based bias correction, repre-
sents an effective strategy for accurate intra-hour solar irradiance
forecasting. The demonstrated generalization capabilities of the
ASI model, coupled with the quantified performance enhance-
ments of the blended system, provide advanced forecast capabil-
ities. These advancements can contribute directly to optimizing
plant performance, enhancing grid stability, minimizing operat-
ing costs, and ultimately supporting more reliable deployment of
solar energy systems.
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However, the presented study did not analyze the accuracy of the
forecasts for the detection of short-term ramp events. Each par-
ticipating model inherently possesses characteristics which are
not ideal for ramp forecasting. In particular, persistence models,
by their very nature, are incapable of anticipating rapid changes,
thus missing ramp events by definition. Purely data-driven ASI
models as used in this work are extensively optimized for RMSE,
which typically results in smoother output curves, making sharp
ramp detections challenging [44]. Similarly, the satellite-based
forecast lacks the necessary temporal or spatial resolution
required for accurate identification of such transient events.
Furthermore, combining these models through approaches that
optimize RMSE or MSE tends to further smooth the combined
forecast curves, making short-term ramp event detection even
more difficult. For the accurate and timely detection of very
short-term ramp events, generative ASI models have been shown
to be more appropriate [45], and such approaches and their com-
bination with other forecasts will be studied in the future.

Yet, this combined forecast excels at providing accurate and sta-
ble prediction of the overall solar irradiance profile across all lead
times, a strength demonstrated by its low RMSE, MAE, and cor-
respondingly high skill scores. This makes it a valuable tool for
applications requiring accurate total energy yield estimations
over a given period.
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APPENDIX A1

Meteorological Information on the Dataset used

The distribution of solar irradiance components, air mass, Linke turbid-
ity, and cloud cover within the dataset is presented in Figure A1 and
Figure A2. Linke turbidity and clear-sky irradiance were calculated fol-
lowing the methodology outlined in [34]. Cloud cover was derived from
all-sky images using the procedure described in [46]. Additionally,
Figure A3 and Figure A4–A6 display keograms generated from all-sky
images at the OLDON site, illustrating the daily atmospheric conditions
throughout the dataset in an high resolution.
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FIGURE A1 | Distribution of solar irradiance, air mass, Linke turbidity, and cloud coverage at the OLDON site in July 2020.
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FIGURE A2 | Distribution of solar irradiance, air mass, Linke turbidity, and cloud coverage at the OLDON site in August 2020.

FIGURE A3 | Keograms based on all images in July 2020.

FIGURE A4 | Keograms based on all images in August 2020.
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APPENDIX A2

Combined ASI+Persistence Forecasts with Linear Regression

APPENDIX A3

Assessment of Forecast Performance at Operational Satellite
Update Frequency

For this evaluation, only the ASI and persistence forecasts available at the
time of issue of the satellite system are used. Additionally, only the lead
times provided by the satellite system are considered (Figure A7).

FIGURE A5 | Derived weights and bias term used for the combination ASI + Persistence discretized over lead times.

FIGURE A6 | Error metrics over lead time for the combination ASI+Persistence.
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APPENDIX A4

Averaged Metrics Concerning: Influence of Prevailing Sky
Conditions

See Tables A1–A6.

TABLE A2 | Wilcoxon signed-rank test results based on paired RMSE values under high clear sky index conditions (bundled class 1).

Bundled class 1 conditionsa

Persistence Satellite ASI Satellite+ Persistence Satellite+ASI+
Persistence

Persistence — — 0.757 0.9 W/m2 <0.001 −22.7 W/m2 <0.001 −11.9 W/m2 <0.001 −15.6 W/m2

Satellite — — — — <0.001 −23.6 W/m2 <0.001 −12.9 W/m2 <0.001 −16.5 W/m2

ASI — — — — — — <0.001 10.8 W/m2 <0.001 7.1 W/m2

Satellite+Persistence — — — — — — — — <0.001 −3.7 W/m2

aThe first value in each cell represents the p-value, while the second represents the mean RMSE difference. The system indicated in the rows is always subtracted
from the system indicated in the columns of the matrix to calculate the differences.

TABLE A1 | Average ± standard deviation of error metrics over different LT ranges under high clear sky index conditions (bundled class 1).

Error metric Used LT Satellite ASI
Satellite+ 

Persistence

Satellite+ASI+

Persistence
Persistence

RMSE

[W/m²] 

↓

LT1 to LT15 60.2 26.1 30.0 29.1 19.0

LT16 to LT30 56.5 32.5 48.8 42.5 58.1

LT31 to LT45 57.1 39.4 51.4 46.9 74.5

LT46 to LT60 62.9 44.3 55.1 52.2 81.5

LT1 to LT60 59.2 35.6 46.3 42.7 58.3

MAE

[W/m²] 

↓

LT1 to LT15 36.0 15.1 17.4 17.7 7.9

LT16 to LT30 35.6 18.4 30.4 26.4 20.9

LT31 to LT45 35.7 22.3 30.6 28.1 29.3

LT46 to LT60 38.5 24.9 32.7 30.3 35.4

LT1 to LT60 36.5 20.2 27.8 25.6 23.4

MBE 

[W/m²] 

↓

LT1 to LT15 -5.4 -10.9 2.5 -9.5 0.4

LT16 to LT30 -3.8 -10.8 2.6 -4.9 -9.6

LT31 to LT45 -3.6 -12.9 -0.5 -5.7 -15.2

LT46 to LT60 -7.1 -15.4 -6.9 -13.1 -19.7

LT1 to LT60 -5.0 -12.5 -0.6 -8.3 -11.0

a

aThe color coding evaluates each row separately and ranges from dark green (best outcome) to dark red (worst outcome).

FIGURE A7 | Error metrics and skill scores over lead time for operational satellite update frequency.
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TABLE A4 | Wilcoxon signed-rank test results based on paired RMSE values under intermediate clear sky index conditions (bundled class 2).

Bundled class 2 conditionsa

Persistence Satellite ASI Satellite+Persistence Satellite+ASI+
Persistence

Persistence — — <0.001 −24.2 W/m2 <0.001 −46.9 W/m2 <0.001 −37.2 W/m2 <0.001 −47.1 W/m2

Satellite — — — — <0.001 −22.7 W/m2 <0.001 −13 W/m2 <0.001 −22.9 W/m2

ASI — — — — — — <0.001 9.7 W/m2 0.324 −0.3 W/m2

Satellite+Persistence — — — — — — — — <0.001 −9.9 W/m2

aThe first value in each cell represents the p-value, while the second represents the mean RMSE difference. The system indicated in the rows is always subtracted
from the system indicated in the columns of the matrix to calculate the differences.

TABLE A5 | Average ± standard deviation of error metrics over different LT ranges under low clear sky index conditions (bundled class 3).

a

aThe color coding evaluates each row separately and ranges from dark green (best outcome) to dark red (worst outcome).

TABLE A3 | Average± standard deviation of error metrics over different LT ranges under intermediate clear sky index conditions (bundled class 2).

a

aThe color coding evaluates each row separately and ranges from dark green (best outcome) to dark red (worst outcome).
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APPENDIX A5

Averaged Metrics Concerning: Temporal Aggregation

See Tables A7–A10 and Figure A8.

TABLE A7 | Average ± standard deviation of error metrics over different LT ranges, considering a 5 min time window for temporal aggregation.

a

aThe color coding evaluates each row separately and ranges from dark green (best outcome) to dark red (worst outcome).

TABLE A6 | Wilcoxon signed-rank test results based on paired RMSE values under low clear sky index conditions (bundled class 3).

Bundled class 3 conditionsa

Persistence Satellite ASI Satellite+ Persistence Satellite+ASI+
Persistence

Persistence — — <0.001 −24.4 W/m2 <0.001 −19.5 W/m2 <0.001 −37.9 W/m2 <0.001 −44.5 W/m2

Satellite — — — — 0.069 4.9 W/m2 <0.001 −13.6 W/m2 <0.001 −20.1 W/m2

ASI — — — — — — <0.001 −18.4 W/m2 <0.001 −25 W/m2

Satellite+Persistence — — — — — — — — <0.001 −6.55 W/m2

aThe first value in each cell represents the p-value, while the second represents the mean RMSE difference. The system indicated in the rows is always subtracted
from the system indicated in the columns of the matrix to calculate the differences.

TABLE A8 | Average± standard deviation of error metrics over different LT ranges, considering a 10 min time window for temporal aggregation.

a

aThe color coding evaluates each row separately and ranges from dark green (best outcome) to dark red (worst outcome).
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TABLE A9 | Average± standard deviation of error metrics over different LT ranges, considering a 15 min time window for temporal aggregation.

a

aThe color coding evaluates each row separately and ranges from dark green (best outcome) to dark red (worst outcome).

TABLE A10 | Average± standard deviation of error metrics over different LT ranges, considering a 30 min time window for temporal aggregation.

a

aThe color coding evaluates each row separately and ranges from dark green (best outcome) to dark red (worst outcome).

FIGUREA8 | Skill scores over lead time, considering different time windows for temporal aggregation. In terms of skill scores, some of the lower LTs

for the ASI and satellite forecasts have been cropped. This is done to improve the readability of the skill scores.
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