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ABSTRACT

Weather forecasts from numerical weather prediction models play a central role in solar energy forecasting, where a
cascade of physics-based models is used in a model chain approach to convert forecasts of solar irradiance to solar power
production. Ensemble simulations from such weather models aim to quantify uncertainty in the future development of the
weather, and can be used to propagate this uncertainty through the model chain to generate probabilistic solar energy
predictions. However, ensemble prediction systems are known to exhibit systematic errors, and thus require post-processing
to obtain accurate and reliable probabilistic forecasts. The overarching aim of our study is to systematically evaluate
different strategies to apply post-processing in model chain approaches with a specific focus on solar energy: not applying
any post-processing at all; post-processing only the irradiance predictions before the conversion; post-processing only the
solar power predictions obtained from the model chain; or applying post-processing in both steps. In a case study based on
a benchmark dataset for the Jacumba solar plant in the U.S., we develop statistical and machine learning methods for post-
processing ensemble predictions of global horizontal irradiance (GHI) and solar power generation. Further, we propose a
neural-network-based model for direct solar power forecasting that bypasses the model chain. Our results indicate that post-
processing substantially improves the solar power generation forecasts, in particular when post-processing is applied to the
power predictions. The machine learning methods for post-processing slightly outperform the statistical methods, and the
direct forecasting approach performs comparably to the post-processing strategies.
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Article Highlights:

¢ Post-processing substantially improves solar power forecasts, particularly, when the post-processing is applied to the
power predictions.

¢ Whether or not the GHI forecasts are post-processed before using them as input to the model chain plays an almost
negligible role.

¢ Post-processing methods for GHI and photovoltaic power should make use of the hour of the day, either as a predictor or
by utilizing separate models.

* A neural-network-based, direct forecasting model that bypasses the model chain performs comparably to the best post-
processing strategy.

1. Introduction

Reducing greenhouse gas emissions and mitigating cli-
mate change requires a rapid transition towards renewable
energy (Van der Meer et al., 2018). In addition to wind

¢ This paper is a contribution to the special topic on Solar Energy
Meteorology.
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energy, photovoltaic (PV) solar power plays a pivotal role,
with decreasing prices and increasing installed capacity in
numerous countries. For example, PV power covered 12%
of the gross electricity consumption in Germany on average
in 2023, and temporarily more than two thirds of the electric-
ity demand on sunny days (Fraunhofer Institute for Solar
Energy Systems, 2024). In light of the volatile nature of
renewable energy generation and its increasing importance,
accurate and reliable forecasts of power generation from
those sources are paramount for managing the electrical
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grid and to balance demand and supply (Gottwalt et al.,
2017; Appino et al., 2018). A key development in the
energy forecasting literature over recent years has been the
transition from single-valued deterministic to probabilistic
forecasts (Gneiting and Katzfuss, 2014; Haupt et al., 2019;
Yang, 2019; Yang and van der Meer, 2021; Gneiting et al.,
2023a), which allow for uncertainty quantification and can
be issued in the form of probability distributions, quantiles,
or prediction intervals (Lauret et al., 2019; Gneiting et al.,
2023b).

Evidently, weather forecasts from numerical weather pre-
diction (NWP) models are among the most important inputs
to models for PV power forecasting. A widely used strategy
is the conversion of global horizontal irradiance (GHI) fore-
casts from an NWP system to PV power forecasts via a
model chain, potentially using predictions of other meteoro-
logical variables as additional inputs (Roberts et al., 2017;
Mayer and Yang, 2022; Yang et al., 2024). The conversion
models typically use several meteorological variables such
as GHI, temperature, and wind speed as inputs, and require
several calculation steps, hence the term “model chain”,
with individual models for the solar position, the separation
of beam and diffuse irradiance, the shading loss, the PV per-
formance, and other aspects (Yang et al., 2019; Wang et al.,
2022). A variety of possible conversion models or compo-
nents for individual processes exist and can be utilized to
quantify forecast uncertainty by generating an ensemble of
model chains (Mayer and Groéf, 2021; Mayer and Yang,
2022; Yang et al., 2024). Further, NWP models are typically
run in ensemble mode by generating multiple simulation
runs from varying initial conditions and/or changes to the
model physics. This process yields a probabilistic forecast
in the form of an ensemble, the members of which can be
used as inputs to a model chain to generate an ensemble pre-
diction of PV power (Wang et al.,, 2022). Ensembles of
model chains can also be combined with ensemble forecasts
from an NWP model to improve the uncertainty estimate
(Mayer and Yang, 2023).

In the meteorological literature there is broad evidence
that NWP ensemble predictions of various weather variables
show systematic errors, which require correction to obtain
accurate and reliable probabilistic forecasts. This correction
process is called post-processing, for which an overview of
common methods and recent developments can be found in
Vannitsem et al. (2021). Most post-processing methods are
statistical or machine learning (ML)-based distributional
regression models where calibrated probabilistic forecasts

GHI™2w -pyraw
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are obtained in the form of parametric probability distribu-
tions, quantiles, or corrected ensemble predictions. One of
the most popular post-processing methods is the ensemble
model output statistics (EMOS; Gneiting et al., 2005)
approach, where the forecast takes the form of a parametric
distribution, the parameters of which are modelled as func-
tions of summary statistics of the ensemble predictions. A
recent focus of the post-processing literature has been the
use of modern ML methods such as random forests (Taillardat
et al., 2016) or neural networks (NNs; Rasp and Lerch,
2018), which allow for incorporating additional meteorologi-
cal variables beyond the variable of interest as inputs, and
have shown substantial improvements in predictive perfor-
mance over classical statistical approaches such as EMOS
[see, for example, Vannitsem et al. (2021) and Haupt et al.
(2021) for overviews, and Demaeyer et al. (2023) for a bench-
marking framework].

Statistical and ML-based post-processing methods have
also been developed for the purpose of solar energy forecast-
ing, most prominently for post-processing solarirradiance pre-
dictions from NWP models (e.g., Bakker et al., 2019; Le
Gal La Salle et al., 2020; Yang and Gueymard, 2020; Yagli
et al., 2020; Schulz et al., 2021; Yang and van der Meer,
2021; Baran and Baran, 2024; Song et al., 2024). Since similar
post-processing methods can in principle be applied to the
PV power predictions obtained as an output of the model
chain, this allows for various ways of employing post-process-
ing within probabilistic ~GHI-to-power conversion
approaches utilizing model chains (Wang et al., 2022). As
noted in related work on wind energy by Phipps et al. (2022),
four different strategies are possible: not applying any post-
processing at all and using the raw, unprocessed ensemble pre-
dictions obtained as outputs of the model chain (which we
will denote by GHI®W-PV™W); applying post-processing
only to the GHI predictions before the conversion (GHIPP-
PV@w): applying post-processing only to the PV power fore-
casts obtained from the model chain conversion (GHI"W-
PVrp); or applying post-processing in both steps (GHIPP-
PVrp). Figure 1 provides a schematic overview of the different
strategies. Using data-driven conversion models and statisti-
cal post-processing methods, Phipps et al. (2022) found in
their study on wind energy that applying post-processing to
the power forecasts is crucial to obtain accurate and reliable
probabilistic forecasts.

The contributions of our work are threefold. First, we sys-
tematically evaluate the different strategies to assess the
prospects of applying post-processing in model chain
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Fig. 1. Schematic illustration of the different strategies for applying post-
processing methods within a model chain approach for PV power prediction.



FEBRUARY 2025

approaches with a focus on solar energy, thus extending the
work of Phipps et al. (2022). Theocharides et al. (2020) stud-
ied a similar question for deterministic forecasts, and we
thus extend their work to probabilistic forecasts. Second, we
propose NN-based post-processing methods for GHI and
PV power forecasts, and systematically compare their perfor-
mance to EMOS methods. Third, we compare the different
strategies to an NN-based direct probabilistic PV power fore-
casting model, which uses the meteorological variables as
inputs and produces probabilistic forecasts of PV power as
its output without applying a model chain for the intermediate
conversion step. Our study is based on a benchmark dataset
for solar power forecasting (Wang et al., 2022) that comprises
weather forecast and PV power observation data for a solar
plant in the U.S.

The remainder of the article is organized as follows. Sec-
tion 2 describes the benchmark dataset and additional data col-
lection and pre-processing steps. Section 3 introduces the
methods used for GHI and PV power post-processing and
the models for the conversion from GHI to PV power.
Results for the case study are presented in section 4, followed
by a concluding discussion in section 5. Python code with
implementations of all models to reproduce the results is avail-
able at https://github.com/HoratN/pp-modelchain.

2. Data

Our study is based on hourly data for the Jacumba
Solar Project in southern California, U.S., covering the
years 2017 to 2020. It comprises four different components,
which will be introduced below. Three of these components
are taken from Wang et al. (2022)2. For developing post-pro-
cessing models, we use the data from 30 July 2017 to the
end of 2019 as training data and the year 2020 as test data.

2.1. Weather predictions

The weather predictions include ensemble forecasts of
GHI from the European Centre for Medium-Range Weather
Forecasts (ECMWF), as well as deterministic predictions of
additional weather variables from ECMWF's high-resolution
(HRES) model. The GHI ensemble forecasts have 50 mem-
bers and are initialized daily at 0000 UTC with a lead time
of 24 hours. They contain hourly GHI averages in W m™2
and are time-stamped at the full hour marking the end of the
averaging period. For the conversion from GHI to PV
power we use a model chain approach that also takes tempera-
ture (°C) and wind speed (m s~!) as inputs. Those variables
will also be used as additional inputs to the NN-based post-
processing models proposed in section 3. These forecasts con-
tain instantaneous values at the end of the hour and therefore
do not perfectly align with the remaining datasets. Note that
HRES predictions of additional weather variables are avail-
able in the original dataset; however, here, we follow Wang
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et al. (2022) and restrict our attention to variables that are
directly used within the model chain.

2.2. GHI observations

For the purpose of GHI post-processing, we require addi-
tional verifying data that can be used as ground truth observa-
tions. This observational dataset thus is the only part of the
data used in our study that is not based on Wang et al.
(2022). For this purpose, we use satellite-based GHI esti-
mates, which we downloaded from the website of the
National Solar Radiation Database (NSRDB; Sengupta et
al., 2018)® and which contain hourly irradiance values in
W m~2 for the location of the Jacumba solar plant (36.62°N,
116.13°W). We presume that the time stamps, e.g., [2017-
01-01 00:30 UTC], correspond to the middle of the hourly
averaging windows. To ensure consistency with the other
datasets (i.e., the weather predictions and the PV power output
observations), we therefore adjust the time stamps to the
end of the averaging windows, resulting in [2017-01-01
01:00 UTC] for the previous example. Note that for the
remainder of the article we refer to the satellite-based GHI
estimates (and also the simulated PV power output introduced
below) as “observational” data since they will be used as
“best estimates” of the truth.

2.3. PV power output observations

Simulated hourly PV power output of the Jacumba
solar plant in MW was published by the Lawrence Berkeley
National Laboratory (Lawrence Berkeley National Lab.
(2021); plant ID: 60947). The dataset contains PV power esti-
mates computed with the System Advisor Model (SAM) by
the National Renewable Energy Laboratory. The first avail-
able PV power data are recorded for 0000 UTC 30 July
2017 when the Jacumba solar project was put into opera-
tion. Since the data contain hourly PV values that are
stamped at the beginning of the hour®, we change the time
stamp to the end of the averaging window to be consistent
with the remaining datasets.

Note that these adjustments of the time stamps deviate
from Wang et al. (2022); however, we found them to be help-
ful to better align the GHI and PV power observations. To
illustrate this, Fig. 2 shows an exemplary day from all parts
of the data for 21 January 2020. Due to the time stamp adjust-
ments, the PV and GHI observations are well aligned in
time and also match the diurnal cycle present in the ensemble
GHI forecasts and the clear-sky GHI estimates. Note that
here and in the remainder of the article, the hour of the day
will always refer to the local time at the Jacumba solar plant
in UTC-7h time.

3. Methods

Here, we briefly introduce relevant forecast evaluation
methods used in our study, followed by descriptions of the
model chain, and the different methods we propose for post-

2 The data are available at https://github.com/wentingwang94/probabilistic-solar-forecasting

b https://nsrdb.nrel.gov/

¢ As detailed in the user guide available at https://live-etabiblio.pantheonsite.io/sites/default/files/user_guide_for_data_file.pdf
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Fig. 2. Visualization of exemplary GHI ensemble predictions, GHI
observations, and PV power observations at the Jacumba solar plant on
21 January 2020. Note that the PV power estimates are scaled by a factor of
50 to allow for a straightforward visual comparison with the GHI datasets,
and that the clear-sky GHI values are included here for visualization purposes

only.

processing the GHI and PV power forecasts, as well as the
direct forecasting approach. Note that all implementation
details are also available in the code provided in the replica-
tion code at https://github.com/HoratN/pp-modelchain.
Results for the different strategies to apply post-processing
within the model chain approach will be presented in
section 4 below.

3.1. Forecast evaluation

Here, we provide a brief overview of the evaluation met-
rics employed, and refer to Lauret et al. (2019) for a
detailed overview specifically tailored to probabilistic solar
forecasts, as well as Gneiting et al. (2023a, section 4). It has
now been widely accepted that probabilistic forecasts
should be as sharp as possible, subject to being calibrated
(Gneiting and Katzfuss, 2014). Calibration refers to the statis-
tical consistency between the forecast distribution and the
observation and essentially indicates whether the observation
behaves like a random draw from the forecast distribution.
To assess calibration, we use the histograms of the probability
integral transform (PIT) F(y), where F' denotes the cumula-
tive distribution function (CDF) of a probabilistic forecast,
and y denotes the realizing observation. If the probabilistic
forecast is calibrated, the PIT histogram should follow a uni-
form distribution and systematic deviations from uniformity
can be used to identify misspecifications of the forecast distri-
butions [see Gneiting et al. (2007) for details]. Note that cen-
sored forecast distributions with point masses in one or multi-
ple points require adaptations to the calculation of the PIT
value to account for the jumps in the forecast CDF. Here,
we utilize the randomized PITs proposed in Czado et al.
(2009). For probabilistic forecasts given in the form of an
ensemble, verification rank histograms provide an analogous
tool for visual calibration assessment. Thereby, the rank of
the realizing observation when pooled with the ensemble pre-
dictions should be uniformly distributed. We further calculate
the coverage and width of central prediction intervals (PIs)
with nominal level (m—1)/(m+ 1), where m is the size of
the raw ensemble, which is 50 in our case. For a calibrated
forecast, the coverage should be close to the nominal value,

and the shorter the prediction interval, the sharper the fore-
cast.

Further, proper scoring rules (Gneiting and Raftery,
2007) enable a simultaneous assessment of calibration and
sharpness. The most widely used proper scoring rule in the
meteorological literature is the continuous ranked probability
score (CRPS; Matheson and Winkler, 1976),

CRPS(F,y) = f (F(z)-I{y < z})*dz, (D

where F is a forecast CDF with a finite first moment, I is
the indicator function, and y is the observation. Closed-form
analytical expressions of the integral in Eq. (1) are available
for a variety of parametric distributions, including the cen-
sored normal distributions we use below [see Jordan et al.
(2019) for details].

To evaluate the accuracy of deterministic forecasts
derived from the predictive distributions, we further consider
the mean absolute error (MAE) given by

ln
MAE(F,y) = - med _ .| 2
(F.y) n;m vil @)

where x;“ed denotes the median of the forecast distribution F
and y; the observation, and »n is the number of test samples,
and the mean bias

: [Eal
Bias(F.y) = - Zx i 3
where X; is the mean value of the forecast distribution F.
We utilize Diebold—Mariano (DM) tests of equal predic-
tive performance (Diebold and Mariano, 1995) to assess the
statistical significance of score differences. Thereby, we con-
duct pairwise tests for each combination of two models, sepa-
rately for all lead times. The test statistic of the DM test is
given by

F
= Nn—"—", “
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where =+ 3" [S(Fiy) =S GiyF.

Thereby, S denotes the scoring function, and §¥ and
§G denote the corresponding mean scores for a fixed lead
time for the two models’ forecast distributions / and G and
a corresponding test dataset of size n. Under the null hypothe-
sis of equal predictive performance, the distribution of ¢
approximately follows a standard Gaussian distribution.
Note that here we assume independent forecast errors follow-
ing Gneiting and Katzfuss (2014). In section 4 we present
results of the DM test for the daylight hours from 0600 to
2000 local time (local time=UTC-7 hours) for a significance
level of a = 0.05.

3.2. Model chain

We employ a model chain approach to obtain ensemble
forecasts of PV power and apply the model chain separately
to each ensemble member. Since our main aim is not to find
the best possible model chain configuration, but to study the
role of post-processing in this context, we directly take the
model chain setup from Wang et al. (2022) and implement
it using code provided by the authors. It combines different
component models (Erbs et al., 1982; Reindl et al., 1990;
King et al., 2004; Reda and Andreas, 2004) to build the
model chain [see Wang et al. (2022) for details]. Similar to
Wang et al. (2022), we move the time stamp to the middle
of the averaging period for applying the model chain, since
the model chain also makes use of the time information for
the estimation of the PV power output.

3.3. Ensemble model output statistics

As noted in the introduction, the EMOS approach pro-
posed by Gneiting et al. (2005) is one of the most widely
used post-processing methods in research and operations,
and will serve as a baseline method for our comparisons.
Phipps et al. (2022) applied EMOS to wind speed and wind
power forecasts in a similar setting, albeit using data-driven
conversion models. The EMOS approach relies on modelling
the conditional distribution of the target variable Y, i.e.,
GHI or PV power in our case, given an ensemble of predic-
tions xi, ..., X, of the target variable via a parametric probabil-
ity distribution F, with parameters # € R?, i.e.,

YIX],...,)CmNFg, (5)

where 6 = g(xy,...,Xx,) with a link function g that connects
the distribution parameters with the ensemble prediction, typi-
cally via summary statistics such as the ensemble mean
=13 x or the ensemble variance var(x)= - 37,
(x; — X)*. The choice of the parametric distribution F, plays
a pivotal role in implementing EMOS models, and numerous
extensions of the original normal-distribution-based EMOS
model of Gneiting et al. (2005) from temperature and surface
pressure to other meteorological variables have been pro-
posed (e.g., in Thorarinsdottir and Gneiting, 2010; Lerch
and Thorarinsdottir, 2013; Messner et al., 2014; Scheuerer,
2014; Baran and Lerch, 2015, 2016).

The EMOS models we apply here are based on censored
normal distributions. For modelling GHI, several studies
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(e.g., Yang, 2020; Yagli et al., 2020; Le Gal La Salle et al.,
2020) have used forecast distributions truncated at zero,
where the probability mass of the negative values is redis-
tributed to the positive values. Here, we follow Schulz et al.
(2021) who proposed to instead use censored forecast distribu-
tions for GHI, where the probability mass of the negative val-
ues is added to zero as a point mass. This has the advantage
that the same distribution can be used for all hours of the
day, even during the night, when the GHI ensemble forecasts
only contain zeros (Schulz et al., 2021). In contrast to
Schulz et al. (2021) who applied a censored logistic distribu-
tion for GHI post-processing, we use a censored normal distri-
bution. For GHI, we use a normal distribution that is left-cen-
sored at zero, and for PV power we use a doubly censored nor-
mal distribution with point masses at zero and 20 to restrict
the output to the possible PV power production range in the
dataset. The EMOS models for GHI and PV power both
link the censored normal distributions (i.e., the location
parameter ¢ and the scale parameter o) to the corresponding
ensemble forecasts of the target variable via

(6)

(X1 X)) =a+bX;
{a’z(xl,...,xm) =c+dvar(x).

The EMOS parameters a,b € R and c,d € Ry are esti-
mated by minimizing the mean CRPS over a training
dataset. For formal definitions of the censored normal distribu-
tion and analytical formulas for computing the CRPS in
closed form, see Jordan et al. (2019).

We consider two EMOS variants for both GHI and PV
power. As a simple baseline, we train an EMOS model on
data from all hours of the day by pooling all available training
data into a single training dataset. This EMOS model thus
applies the same correction to forecasts for every hour of
the day and is not able to correct for hour-dependent errors,
such as an underestimation of the PV production in the morn-
ing and an overestimation in the evening. To account for
such diurnal variations, we further train separate EMOS mod-
els for every hour of the day, and refer to this approach as
“EMOS hourly”. By estimating separate sets of EMOS param-
eters for all hours of the day, these models thus have the
advantage of being able to correct daytime-specific structures
in the errors of the ensemble predictions, including systematic
differences between day and night. A potential disadvantage
of the EMOS hourly approach is that less training data are
available for training the individual models. Lerch and
Baran (2017) proposed alternative similarity-based estima-
tion procedures for EMOS models that might be an interesting
alternative for future studies.

3.4. Neural network methods for post-processing

Rasp and Lerch (2018) first proposed the use of NNs
for probabilistic post-processing. The NN approach extends
the EMOS framework by replacing the link function g with
an NN, which connects the input predictors (e.g., summary
statistics from the NWP ensemble) and the distribution param-
eters 6, which are obtained as the output of the NN. The
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main advantages are that the NN enables the use of arbitrary
input predictors, including ensemble predictions of other
meteorological variables and exogeneous information, as
well as the ability to flexibly model nonlinear dependencies
between the inputs and the distribution parameters, which
are learned in a data-driven way. Rasp and Lerch (2018) pro-
posed a fully connected, feed-forward NN architecture, the
parameters of which are optimized using the CRPS as a loss
function. NN models for post-processing have been found
to provide state-of-the-art predictive performance in many
applications, and have been extended in various directions,
including the use of alternative representations of the forecast
distributions obtained as output of the NN (Bremnes, 2020;
Schulz and Lerch, 2022; Song et al., 2024), or the use of
more advanced NN architectures such as convolutional NNs
that enable the incorporation of spatial information
(Scheuerer et al., 2020; Veldkamp et al., 2021; Chapman et
al., 2022; Horat and Lerch, 2024).

We consider two different variants of NN models for
post-processing, which both use the ensemble prediction of
GHI (i.e., the mean and standard deviation of the ECMWF
ensemble) and deterministic forecasts of 2-m temperature
and wind speed as inputs, but differ in the way they account
for diurnal variations and treat the hour of the day. Analogous
to the EMOS hourly model, we consider an NN model vari-
ant, where we train separate NN models for each hour of the
day by using the corresponding subset of the training data
only. This approach will be referred to as “NN hourly”. As
an alternative that more efficiently uses all available data,
we further consider an NN model that is trained based on all
available data comprising all hours of the day. To account
for diurnal effects and differences over the different hours
of the day, we provide the hour of the day information to
the NN via embeddings, following a similar approach used
by Rasp and Lerch (2018) to incorporate information about
weather stations. Embeddings were originally proposed in nat-
ural language processing (Mikolov et al., 2013) and map cate-
gorical information to higher-dimensional latent representa-
tions in the form of vectors in R”. Rasp and Lerch (2018)
used embeddings to incorporate information about the identi-
fier of a weather station into an NN model for post-process-
ing, which was then jointly trained over data from all loca-
tions, but made locally adaptive by using the latent representa-
tion obtained via the embeddings as additional inputs. Here,
we follow a similar strategy and learn an embedding of the
hour of the day to enable the NN model to learn how to
exploit diurnal patterns in the input predictorsd. We will
refer to this model as the “NN” post-processing method®. In
both NN approaches, we use a normal distribution that is
left-censored at zero for GHI and a doubly censored normal
distribution with point masses in zero and 20 for PV power
as in the EMOS models, and estimate the weights of the NN
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by optimizing the CRPS as a loss function.

The NN architectures consist of two dense layers with
256 nodes each with ReLLU activation functions, followed
by one output layer with two nodes for the two distribution
parameters. For the location parameter we use a linear activa-
tion, and employ a softplus activation function for the scale
parameter to ensure positivity. For the NN with embeddings
of the hour of the day, we concatenate the input forecasts
with the output of the embedding layer that maps the hour
of the day to a two-dimensional vector. Further, for GHI
post-processing we replace the softplus activation function
by a ReLU activation and add a small constant, i.e.,
ReLU(x) + 1073, to improve numerical stability during train-
ing in light of point masses at zero during the night and occa-
sional large outliers in the deviations between predicted and
observed GHI during the day. All NN models are trained
using the Adam optimizer (Kingma and Ba, 2015) with a
learning rate of 0.01 and early stopping, for which we use
20% of the training data as validation data, and restore the
best weights from the previous epochs. For the hourly models
we use a batch size of 256 and a patience of 5 epochs during
the night hours (2300-0500 local time) and 30 epochs for
the remaining hours to reduce the sensitivity to outliers during
the day. On average, the models are trained for around 50 to
150 epochs, which is below the predefined maximum number
of epochs. For the NN models with embeddings, we use a
patience of 10 and a batch size of 1000, and train them for
50 epochs (however, the early stopping always terminates
the training before reaching this limit). For both NN
approaches we standardize the predictors. It is important to
note that for the hourly NN model, the standardization is
done separately for each hour and exclusively based on data
from the specific hour. To account for the stochasticity of
the training process, we repeat the model training 10 times
for all NN models, and use the average of the distribution
parameters from the 10 runs to obtain the final predictions.

3.5. Direct forecasting model

As an alternative to the model chain approach with post-
processing, we further consider a direct forecasting method,
where we use an NN to predict the PV power output
directly from the available weather inputs, without the conver-
sion via the model chain. For this purpose, we utilize the
same NN model architectures as for post-processing the PV
power forecasts. One particular advantage of the direct fore-
casting models is that they do not require any intricate
domain knowledge or information about the specifications
of the solar plant of interest. However, they require a training
dataset of past weather predictions and corresponding PV
power production to enable the model development, which
is not the case for model chain approaches, at least if no
post-processing is applied.

dNote that the use of embeddings ignores the temporal ordering of the hours of the day. A potential alternative for future research could
be model architectures that directly use the difference of the hour of the day from the hour, where the maximum GHI value can be

expected to be observed, as an input.

¢However, note that in contrast to the baseline EMOS model, despite the lack of an “hourly” in the model name, this approach utilizes the

hour of the day information.
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4. Results

The results for the case study are presented in two
parts. Section 4.1 focuses on the results of post-processing
the GHI forecasts using EMOS or NN approaches. Then, sec-
tion 4.2 evaluates the different strategies for employing post-
processing methods in the model chain approach, and pro-
vides a comparison to the direct forecasting approach.

4.1. GHI post-processing

Figure 3 shows exemplary ECMWF ensemble forecasts
of GHI along with corresponding observations. The observa-
tions often lie outside of the ensemble range, hence indicating
that the ensemble spread is too small in the raw forecasts.
Post-processing methods can increase the spread and
thereby aim to improve calibration, as exemplified by the
EMOS hourly forecasts illustrated in Fig. 3 alongside the
ECMWF ensemble. While there is considerable day-to-day
variability in the forecast uncertainty, the post-processed pre-
diction bands typically entirely encompass those of the raw
forecasts.

Table 1 presents evaluation scores for the ECMWF
ensemble forecasts and all considered post-processing
approaches. Results for pairwise tests of equal predictive per-
formance to assess the statistical significance of the
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observed CRPS differences are provided in Table 2. As
expected, post-processing shows substantial improvements
over the raw ensemble forecasts; for example, of up to 25%
in terms of the mean CRPS and around 18% in terms of the
MAE. Clear improvements are also achieved in terms of cov-
erage of central prediction intervals. While the raw
ECMWF ensemble predictions provide the sharpest forecasts
with the shortest prediction intervals, they lack calibration
since on average, only 31.1% of the daylight observations
lie within the 96.1% prediction interval. By contrast, all
post-processing methods provide better calibrated forecasts
and achieve coverages close to the nominal level, with sub-
stantially wider prediction intervals.

All post-processing methods perform more or less
equally well, with the hourly approaches achieving slightly
better scores than the methods trained on data from the
entire day. With the exception of the EMOS approach, all
methods significantly outperform the raw ECMWF predic-
tions at most daylight hours. The NN approaches outperform
the EMOS variants slightly, even though the relative differ-
ences between NN hourly and EMOS hourly are less than
1% in terms of the mean CRPS. Similar conclusions apply
to the other evaluation metrics. The observed CRPS differ-
ences between the NN approaches and EMOS hourly tend
to be significant in favor of the NN variants for twice the day-
light hours than vice versa (see Table 2). The differences
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Fig. 3. Exemplary probabilistic GHI forecasts based on the ECMWF ensemble and the EMOS hourly post-
processing approach for dates in January 2020. The coloured areas indicate central prediction intervals. The lines

show the ensemble median.

Table 1. Mean values of various evaluation metrics for GHI forecasts from the raw ECMWF ensemble and all considered post-
processing methods, averaged over all 24 hours of the day and all days in the test dataset. For the PI coverage and the PI width, averages
across daylight hours, i.e., from 6:00-20:00 local time, are also shown. PI coverage and width are computed for central prediction
intervals with the nominal coverage of the raw ensemble, i.e., (m—1)/(m+1) for m = 50, which is approximately 96.1%. The best methods

are indicated in bold.

CRPS MAE PI Cover. PI Cover. daytime PI Width PI Width daytime
ECMWF 14.676 17.337 57.0 31.1 28.0 447
EMOS 11.510 14.851 91.3 86.2 68.2 105.7
EMOS hourly 11.080 14.282 95.4 92.5 65.8 105.2
NN 11.262 14.725 94.0 90.4 66.4 106.3
NN hourly 11.046 14.473 94.8 91.6 64.4 103.0




304

between the two NN models are not significant in terms of
CRPS for most daylight hours.

In contrast to other applications of NN methods for
post-processing, the improvements achieved by the NN mod-
els over the EMOS approaches are on a notably smaller
scale. However, they are in line with previous findings indicat-
ing that the main advantage of using NN methods for post-
processing is the efficient use of additional input information
(Rasp and Lerch, 2018). The additional inputs available to
the NN models here likely do not provide substantial predic-
tive information about GHI, and the main advantage of the
NN approaches over the EMOS models thus might be given
by the potential to learn nonlinear link functions [see also
Demaeyer et al. (2023) for related results].

Figure 4 shows the evolution of various evaluation met-
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rics over the course of the day. As expected, all evaluation
metrics show a strong dependence on the time of the day,
and the CRPS, bias and width of the prediction intervals are
almost zero for all methods during night time. During night
time, all forecasts coincide at zero, which prevents a proper
computation of coverage and PI width, since the coverage
equals one for all levels, and the corresponding PI width is
always zero. The CRPS curves of all forecasts show a maxi-
mum at around hour 14, and the curves for almost all post-pro-
cessing methods lie below the CRPS curve of the raw ensem-
ble for almost all hours of the day. The only notable exception
is the NN model at hour 20, which likely corresponds to
numerical stability issues in the parameter estimation as this
outlier is also present in the bias and coverage curves.f Inter-
estingly, the CRPS curves for EMOS, i.e., the only post-pro-

Table 2. Statistical significance of the CRPS differences between the different post-processing methods for GHI and the corresponding
ECMWEF forecasts. The values indicate the number of daylight hours, from a total of 15, for which the model in the row performs
significantly better than the model in the column in terms of CRPS. The significance is computed with pairwise two-sided DM tests at a

significance level of a = 0.05, as detailed in section 3.1.

ECMWF EMOS EMOS hourly NN NN hourly
ECMWF - 7 0 0 0
EMOS 8 - 0 1 1
EMOS hourly 14 12 - 4 4
NN 14 11 8 - 2
NN hourly 14 9 7 1 -
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Fig. 4. Hourly values of the CRPS (a), and the bias (b) of the mean forecast, as well as the coverage
(c) and width (d) of 96.1% prediction intervals for the GHI forecasts. All values are averaged over
the test dataset.

f A more detailed investigation suggests that this might be due to notable violations from the distributional assumptions, indicated by heavily
skewed histograms of the GHI observations at this hour with most observations at 0, but a long tail with values up to 50. While such distri-
butions might be challenging to model with a censored normal distribution in general, the estimation of the NN models seems to show par-
ticular difficulties in converging to reasonable parameter estimates. Non-parametric methods such as Bernstein Quantile Networks
(Bremnes, 2020; Gneiting et al., 2023a) or quantile regression (Song et al., 2024) could provide a possible remedy by also allowing for
non-symmetric and non-normal distributions. For example, Gneiting et al. (2023a) showed examples comparing NN learning distributional
parameters and BQN methods and reported better CRPS scores for the BQN method than for the parametric NN approaches for GHI due
to the enhanced flexibility of the BQN method.
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cessing model that does not use information about the hours
of the day, closely follows the CRPS curves of the other
post-processing models except for hours around midday,
where the model shows a larger CRPS. The MAE curves
look almost identical to those of the CRPS and thus are omit-
ted here. All post-processing models show a slightly positive
bias with a maximum around midday. Since the raw ensemble
shows a negative bias throughout the day, the sign (but not
the magnitude) of the bias changes due to post-processing.
The NN approaches show smaller biases during most of the
day, while the bias structure of the EMOS model reveals
that the same bias correction is applied to all hours of the
day and the model is unable to learn hour-dependent error
characteristics. However, given the magnitude of the bias of
all methods, the improvements in terms of the CRPS largely
stem from an improved calibration of the forecasts. This
also becomes evident from the coverage and width of the pre-
diction intervals from the different methods. Not surpris-
ingly, the raw ensemble forecasts produce the shortest predic-
tion intervals and thus the sharpest forecasts throughout the
day; however, they fail to achieve a coverage close to the
nominal value. All post-processing methods yield substan-
tially wider prediction intervals and a better coverage.
Again, the EMOS model shows a slightly worse performance
than all other methods that use predictive information about
the hour of the day. In terms of the prediction interval
width, it is interesting to note that the hourly EMOS and
NN methods yield slightly sharper forecasts than their corre-
sponding more general counterparts. A closer inspection of
the performance of the EMOS model during night time indi-

ECMWF EMOS

EMOS hourly NN
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cates that neither the bias nor the prediction interval width is
exactly zero. This approach thus fails to appropriately
model the GHI values during night times as a point mass in
Zero.

To further assess the calibration of the probabilistic fore-
casts, Fig. 5 shows verification rank and PIT histograms of
all approaches for selected hours of the day. The raw
ECMWEF ensemble forecasts of GHI are clearly underdisper-
sive and lack calibration, as indicated by the U-shaped verifi-
cation rank histograms. The PIT histograms of all post-pro-
cessed forecasts are notably closer to the desired uniform dis-
tribution, and thus indicate that these forecasts are better cali-
brated. The EMOS hourly and the two NN approaches show
the best calibration. By contrast, the EMOS model jointly esti-
mated over all hours of the day produces less well calibrated
forecasts and a clear bias in the form of an overestimation
of the GHI values at hour 10, and an underestimation at
hour 18, respectively.

4.2. PV power forecasts

Here, we first present the results for the different strate-
gies of applying post-processing in a model chain approach,
and then compare them to a direct forecasting model.

4.2.1.

Table 3 shows mean CRPS values for all combinations
of strategies for applying post-processing and post-processing
methods. All combinations improve the PV power forecasts
compared to using the model chain approach without any

Post-processing in the model chain approach

NN hourly
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Fig. 5. Verification rank histogram of the ECMWEF ensemble forecasts and PIT histograms for all considered post-processing

methods for GHI for hours 10, 14, and 18.
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Table 3. Mean CRPS values for probabilistic PV power forecasts obtained from the considered post-processing strategies using different
post-processing methods. Note that in the GHIPP-PVrr strategy, the same post-processing method is applied in both steps. All CRPS
values are averaged over all hours of the day. The model chain approach without any post-processing (GHI*V-PV™W%) achieves a CRPS of

around 0.689. The best methods are indicated in bold.

Strategy EMOS EMOS hourly NN NN hourly
GHIpp-pVraw 0.676 0.651 0.639 0.644
GHI™w-PVpp 0.564 0.305 0.294 0.309
GHIpr-PVPP 0.573 0.306 0.294 0.308

post-processing, but the magnitude of the improvements dif-
fers substantially across methods and strategies. Applying
post-processing only to the GHI forecasts in the GHIPP-
PVraw strategy leads to the smallest improvements of at
most around 7% in terms of the mean CRPS. For all post-pro-
cessing methods, applying post-processing to the PV power
forecasts obtained from the model chain appears to be the
most crucial step, as the GHI"*V-PVPP and GHIPP-PVPP strate-
gies achieve almost identical mean CRPS values for all post-
processing methods, and improvements over the raw model
chain forecasts of up to around 57%. The GHIPP-PVPP and
GHIv-PVrp strategies (excluding EMOS) are significantly
better than the GHIPP-PV™V strategy for many of the daylight
hours (not shown).

In terms of the different post-processing methods, the
EMOS model jointly estimated for all hours of the day per-
forms substantially worse than all others. The best overall
CRPS values for all strategies are achieved by the NN
model that uses the hour of the day information via embed-
dings. The improvements over the hourly models for GHIPP-
PVPP and GHI™-PVPP are significant for one third of all day-
light hours. In contrast to the GHI forecasting task, where
this model performed worse than the two hourly
approaches, it thus might be more beneficial for PV power
forecasting to utilize a NN with an increased training sample
size. The two hourly models, EMOS hourly and NN hourly,
achieve very similar CRPS values, with slightly better
scores for the simpler EMOS hourly model. However, for
most daylight hours the differences between EMOS hourly
and NN hourly are not significant, neither for the GHIPP-
PVPP nor the GHI®W-PVPP strategy. As discussed in the
results for the GHI predictions, the benefits of using an NN
approach here might again be limited by the information con-
tent of the additional predictors available to the NNs. Fur-
ther, the EMOS model is notably simpler to tune, with
fewer hyperparameters and optimization settings that need
to be chosen.

To assess the diurnal variability of the forecast errors,
Fig. 6 shows hourly values of the mean CRPS and bias for
all combinations of strategies and post-processing methods.
Note that the figure also contains results for the direct fore-
casts, which we will discuss below. Both the model chain
approach based on the raw ECMWF ensemble predictions
without any post-processing, as well as the GHIPP-PV™W
strategy, independent of the post-processing method, show
substantially larger forecast errors with a pronounced diurn-

al cycle. The largest forecast errors occur during the early
morning and late afternoon hours, whereas the CRPS during
midday is comparable to that of the other strategies and post-
processing methods. A similar behaviour, albeit with
smaller errors in the morning, but larger errors in the after-
noon, can be observed for the EMOS approach estimated
jointly over all hours of the day in the two remaining strategies
(GHI"*¥-PVPP and GHIPP-PVPP). The main explanation for
these observations is likely the behaviour of the bias, which
is notably larger than it was for the GHI forecasts when com-
pared to the magnitude of the CRPS. The less well performing
strategies and methods (i.e., the raw model chain without
post-processing, the GHIPP-PV™Y strategy, and all non-
hourly EMOS variants) show substantially larger biases that
change the sign from positive (i.e., overestimation) in the
morning to negative (i.e., underestimation) in the afternoon.
Not surprisingly, the EMOS model that is jointly estimated
over all hours of the day is not able to account for these day-
time-specific variations in the bias. All other combination,
where post-processing is applied to the PV power forecasts
obtained as the output of the conversion model and informa-
tion about the hour of the day enters the model, achieve
notably smaller biases and lower CRPS values during the
whole day. The relative differences between these
approaches are only minor, with slightly increased biases of
the EMOS hourly forecasts during the afternoon.

Due to the large number of combinations of strategies
and methods, the following graphical illustrations and corre-
sponding discussions focus on results for the best-performing
strategy (GHIPP-PVPP) and/or method (NN). Figure 7 shows
exemplary probabilistic PV power forecasts and correspond-
ing observations for the model chain without any post-pro-
cessing and the GHIPP-PVPP strategy with the NN model
for post-processing for the same days as the GHI forecasts
in Fig. 3. A large variability in the forecast uncertainty can
be observed over the different days, which seems to be
directly connected to the forecast uncertainty of the corre-
sponding GHI predictions. As for GHI, post-processing here
substantially increases the width of the prediction intervals.

Figure 8 shows verification rank and PIT histograms
for the GHI™-PV™¥ and GHIPP-PVPP strategies and all con-
sidered post-processing methods. In light of the biases
observed in Fig. 6, it is not surprising that neither the model
chain without any post-processing nor the GHIPP-PVPP
strategy with EMOS post-processing show calibrated fore-
casts, but clearly notable biases, in particular during hours
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10 and 18. All other post-processing methods yield substan-
tially better calibrated forecasts with PIT histograms much
closer to uniformity.

4.2.2. Direct forecasting model

Table 4 shows various evaluation metrics for the NN-

based direct forecasting methods for PV power that do not uti-
lize a conversion from GHI to PV power via the model
chain. Results for corresponding pairwise DM tests of equal
predictive performance in terms of the CRPS are provided
in Table 5. Both the direct NN model jointly estimated for
all hours via embeddings and the hourly direct NN model
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show substantially better CRPS values than the model chain
approach without any post-processing. Pairwise DM tests
show that the NN models significantly improve the predic-
tions for most of the daylight hours. The mean CRPS values
achieved by the direct forecasting models are comparable to

=
=}

those of their GHIPP-PVPP counterparts, albeit slightly
worse. Revisiting Fig. 6, we note that the diurnal pattern of
the direct models is almost identical to that of the correspond-
ing GHIPP-PVPP model. The two approaches are also very
similar in terms of coverage and PI width. For the daylight
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Fig. 8. Verification rank histogram and PIT histograms for the raw forecasts (GHIV-PVrawv) and all considered post-processing
methods for PV power output within the GHIPP-PVrr approach for hours 10, 14, and 18.

Table 4. Mean CRPS values for probabilistic PV power forecasts obtained from the GHIPP-PVPP post-processing strategies using NN
methods in comparison to NN-based direct forecasting methods that do not utilize a conversion from GHI to PV power via the model
chain. Scores are averaged over all 24 hours of the day and all days in the test dataset. For the PI coverage and the PI width, averages
across daylight hours, i.e., from 6:00-20:00 local time, are also shown. PI coverage and width are computed for PIs with the nominal
coverage of the raw ensemble, i.e., (m—1)/(m+1) for m = 50, which is approximately 96.1%. The best methods are indicated in bold.

CRPS MAE PI Cover. PI Cover. daytime PI Width PI Width daytime
GHIraw PV raw 0.698 0.768 65.4 44.7 0.686 1.098
GHIrr-PVrr NN 0.294 0.397 97.5 96.0 1.808 2.894
GHIrr-PVer NN hourly 0.308 0.413 97.8 96.4 2.773 4.320
Direct NN 0.298 0.409 97.9 96.7 1.841 2.944
Direct NN hourly 0.314 0.422 96.1 93.8 2.535 4.048

Table 5. Statistical significance of the CRPS differences for the methods listed in Table 4. The values indicate the number of daylight
hours, from a total of 15, for which the model in the row performs significantly better than the model in the column in terms of CRPS.
The significance is computed with pairwise two-sided DM tests at a significance level of a = 0.05, as detailed in section 3.1.

GHImv-PVaw  GHIP-PVee NN

GHIrp-PVrr NN hourly Direct NN Direct NN hourly

GHIraw-pVraw - 0
GHIrr-PVre NN 13 -
GHIPr-PVrr NN hourly 11 3
Direct NN 13 4
Direct NN hourly 10 4

1 0 0
4 6 6
- 5 4
5 - 4
3 4 -
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hours, all NN approaches achieve a coverage that is very
close to the nominal coverage of 96.1%. However, the
hourly models have prediction intervals that are up to 50%
wider than the models estimated on data from all hours of
the day. An investigation of the width of the prediction inter-
vals for every hour of the day (not shown) reveals that the
PIs for 13:00 and 14:00 local time are extremely wide, reach-
ing up to 18 MW. As discussed above, we assume that for
these hours, the assumption of a doubly censored normal dis-
tribution is violated since the distribution of the observed
PV power is heavily skewed.

5. Discussion and conclusions

We have systematically compared different strategies
for employing post-processing to improve probabilistic PV
power forecasts within a model chain approach, where
weather predictions are converted to PV power via a cascade
of physics-based models. In a case study for a solar plant in
the U.S. based on data from Wang et al. (2022), we develop
statistical and ML methods for post-processing GHI and PV
power forecasts. We find that post-processing leads to sub-
stantial improvements when applied to the PV power fore-
casts that are obtained as the output of the model chain, in
line with findings from Phipps et al. (2022) in the context of
wind energy prediction. Whether or not the GHI forecasts
are post-processed before using them as input to the model
chain plays an almost negligible role for most post-processing
methods.

In terms of the performance of the different post-process-
ing approaches, the use of the hour of the day is of central
importance when building a model, either via utilizing sepa-
rate models for each hour of the day, or by including the tem-
poral information as input to an NN model, in our case via
embeddings. Comparing classical EMOS and modern NN-
based models for post-processing, we find that in contrast to
various recent studies on other weather variables, the use of
NN here only leads to minor improvements. A likely expla-
nation of this finding is that the additional input information
that was available to the NN models carries too little predic-
tive information to be effectively utilized, since we
restricted our attention to those meteorological variables
that also served as an input to the model chain (i.e., determin-
istic temperature and wind speed predictions).

We have further proposed an NN model for directly pre-
dicting PV power output from the weather information with-
out using a model chain for the intermediate conversion of
GHI to PV power. This direct forecasting model showed
almost competitive forecast performance with the best combi-
nation of post-processing strategy and method in the model
chain setting, but comes with the advantage of being generally
applicable without requiring specific knowledge about the
individual solar plant's design and technical specifications.
However, estimating a direct forecasting model of course
requires past weather predictions and PV power observations
as training data, which is not necessary for a model chain
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approach, at least if no post-processing is applied. Regarding
the practical implementation of the considered forecasting
methods, both the direct as well as the post-processing
approach likely constitute viable options and the best choice
for a particular application will depend on the specific knowl-
edge about technical specifications and the data availability.
An interesting question for future research might be
whether there are differences in terms of the requirements
on the amount of available past data to achieve similar predic-
tive performance in both approaches.

Our study provides several avenues for further model
development and analysis. Perhaps most importantly, it only
constitutes a first step towards a more systematic analysis
and comparison of the different strategies and post-processing
methods, since we only used data from a single solar plant
and a single model chain approach. Repeating the analysis
on a more comprehensive dataset with multiple locations
and potentially an ensemble of model chains (Mayer and
Yang, 2022) would not only provide a more comprehensive
comparison, but would also allow for addressing interesting
methodological questions, e.g., how to effectively develop
NN model architectures for multiple sites, or how to post-pro-
cess multi-model ensembles in this setting.

Another natural starting point for future research are
ways to further improve our NN models for post-processing
and direct PV power prediction. Instead of learning distribu-
tion parameters with the NNs, non-parametric methods
would allow for non-symmetric and non-normal distributions
of the target variable and could provide a better fit for the
heavily skewed distributions of GHI and PV power during
midday, early morning or late evening hours [see Bremnes
(2020), Schulz and Lerch (2022), and Gneiting et al.
(2023a) for examples]. Further, using deterministic predic-
tions of more weather variables from the data available in
Wang et al. (2022) as inputs to the NN models might lead to
improvements. Note that we only post-processed the GHI pre-
dictions, but not the other inputs to the model chain and the
NN models. If observations for those variables were avail-
able, post-processed forecasts might further improve the per-
formance of the GHI to PV power conversion via the model
chain. In all of these developments, it would furthermore be
interesting to consider additional aspects of forecast quality
beyond statistical evaluation metrics, such as economic
aspects (Van der Meer et al., 2018; Gneiting et al., 2023b).

Finally, over the past few years, there have been rapid
developments in Al-based data-driven weather models such
as Pangu-Weather (Bi et al., 2023), GraphCast (Lam et al.,
2023) or AIFS (Lang et al., 2024). Since those models have
been demonstrated to outperform classical physics-based
NWP models on a variety of prediction tasks, investigating
whether they could also replace NWP models as inputs for
solar energy prediction might be an interesting question for
future research. The use of post-processing methods investi-
gated in our article might play an important role in this con-
text, since these Al weather models likely exhibit different
systematic error characteristics, and model chains adapted
to physics-based inputs thus might not work as well. Fur-
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ther, many currently available models do not provide relevant
outputs like GHI" and are limited to deterministic predictions
only. They thus require additional steps for quantifying fore-
cast uncertainties, which are particularly relevant in applica-
tions such as solar energy prediction (Biilte et al., 2024).
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