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1 | INTRODUCTION

Ensemble forecasts, generated by combining multiple
model runs with varied initial conditions or configura-
tions, provide a probabilistic framework that captures fore-
cast uncertainty—an essential component for informed
decision-making across a wide range of applications.
Despite their advantages, these ensemble outputs often
require calibration to correct for systematic biases (e.g.,
Hamill & Colucci, 1997). Statistical post-processing aims
to produce calibrated forecasts that ensure consistency
between observations and predictions, thereby enhancing
probabilistic accuracy and overall reliability. This process
is particularly important in regions where accurate envi-
ronmental forecasts are critical for decision-making and
the management of infrastructure.

A wide range of statistical post-processing methods
has been developed to improve the calibration of ensem-
ble forecasts; for a comprehensive overview, we refer
the reader to Vannitsem et al. (2021). Among the most
prominent are ensemble model output statistics (EMOS;
Gneiting et al., 2005) and Bayesian model averaging
(Raftery et al., 2005), both of which link ensemble forecasts
to parametric predictive distributions and have been suc-
cessfully applied to various meteorological variables. More
recently, machine-learning approaches have received
increasing attention in this domain. Distributional regres-
sion networks (Rasp & Lerch, 2018), for instance, directly
map ensemble inputs to full predictive distributions
and have demonstrated improved performance com-
pared with traditional statistical methods across multiple
applications. More advanced architectures—such as
transformers, convolutional neural networks, genera-
tive adversarial networks, and distributional regression
U-Nets—have subsequently been applied to post-process
forecasts across a wide range of atmospheric variables
(e.g., Bouallegue et al., 2024; Dai & Hemri, 2021; Li
et al., 2022; Pic et al., 2025).

A widely recognized limitation of most post-processing
methods is that they are typically applied independently
for each forecast horizon, location, and variable, poten-
tially neglecting important dependencies across these
dimensions. Multivariate post-processing aims to recover
the dependence structure between different forecast
dimensions, often lost in univariate calibration. This
can be achieved using parametric approaches, such as
Gaussian copulas (Mdéller et al., 2013) or non-parametric
copula-based methods, which reconstruct coherent joint
predictive distributions without requiring a specific para-
metric form. These approaches are often termed two-step
methods: first, samples are generated from the calibrated
predictive distributions and then they are rearranged
according to a dependence template. Examples include

ensemble copula coupling (ECC; Schefzik et al., 2013)
and the Schaake shuffle (SSh; Clark et al., 2004).
Machine-learning-based approaches are increasingly
applied in multivariate post-processing as well. In partic-
ular, generative models have shown promise in producing
spatially coherent forecast scenarios, offering a flexible
alternative to traditional copula-based techniques by
directly learning complex dependency structures from
data (Chen et al., 2024).

Graph neural networks (GNNs) are an emerging
approach in machine learning, yet their application to the
post-processing of ensemble forecasts remains limited. A
major strength of GNNs is their ability to model spatial
dependencies, which is crucial for accurate meteorological
forecasting. Feik et al. (2024) employed a GNN to gener-
ate calibrated forecast distributions for 2-m temperature
predictions, and more recently Biilte et al. (2025) applied
GNNs to improve extreme rainfall forecasts.

In this study, we employ a GNN to post-process ensem-
ble forecasts, generating improved ensemble predictions
directly at the output layer rather than estimating the
parameters of the forecast distributions. Our focus is on
solar irradiance and visibility, but the method is fully
general and non-parametric, making it applicable to any
meteorological variable and flexible with respect to the
size of the post-processed ensemble. We investigate sev-
eral variants of the GNN trained with different loss func-
tions: one minimizing the continuous ranked probability
score (CRPS), and another trained on the energy score
(ES) following the approach of the conditional genera-
tive model by Chen et al. (2024). Our primary objective
is to evaluate whether a GNN trained with a composite
loss combining the ES and the variogram score (VS) can
deliver improved predictive performance by simultane-
ously preserving overall distributional accuracy and better
capturing spatial dependencies.

This article is organized as follows. Section 2 provides
a brief description of the solar irradiance and visibility
datasets studied. In Section 3 we review the univariate
and multivariate post-processing methods applied, as well
as the verification metrics used to evaluate forecast per-
formance. Section 4 presents the details of the model
implementations. The results of our two case studies are
reported in Section 5, and this is followed by a brief discus-
sion and concluding remarks in Section 6.

2 | DATA

The solar irradiance forecasts utilized here—also inves-
tigated by Baran et al. (2025)—were generated with the
Weather Research & Forecasting (WRF) model (version
4.4.2; Skamarock et al, 2019) for the year 2021. An
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eight-member ensemble was employed, with a 3km hor-
izontal resolution and 36 vertical levels, capturing the
key atmospheric layers. The model domain covers a wide
range of Chilean landscapes, from the Pacific coast to
the Andes. Observations, expressed in watts per square
meter, were obtained from the National Weather Service’s
monitoring network (https://climatologia.meteochile.gob
.cl/). After excluding stations with more than 10% missing
data, 18 stations in the Atacama and Coquimbo regions
(Figure 1a) remained for model training and evaluation.
All forecasts were initialized at 0000 UTC, with a 1hr
temporal resolution and a forecast horizon of 48 hr.

The second case study examines visibility forecasts
from the European Centre for Medium-Range Weather
Forecasts (ECMWF) at 30 SYNOP stations across Ger-
many, the Czech Republic, and Poland (Figure 1b) for
2020-2021. Forecasts were initialized daily at 0000 UTC,
with 20 lead times ranging from 6hr to 120 hr at 6hr
intervals. Each ensemble includes the operational con-
trol run with unperturbed initial conditions, together with
50 additional members produced by the ECMWF Inte-
grated Forecasting System, which are statistically indis-
tinguishable, and hence exchangeable. Although ECMWF
visibility forecasts are issued in 1 m increments and can
therefore be treated as continuous, SYNOP stations typ-
ically report observations in discrete categories specified
by World Meteorological Organization recommendations;
namely, “100 to 5000 m in steps of 100m, 6 to 30 km in
steps of 1km, and 35 to 70km in steps of 5km” (World
Meteorological Organization, 2018, section 9.1.2). Accord-
ingly, in Sections 5.2 and 5.4, the post-processed visibility
forecasts are evaluated with respect to these 84 categories.

Note that, in the present study, for all models consid-
ered, only ensemble forecasts corresponding to the target
variable were used as predictors, and forecasts of other
meteorological variables were not included.

3 | METHODS FOR
POST-PROCESSING AND FORECAST
EVALUATION

This section details the univariate post-processing mod-
els applied to the solar irradiance and visibility ensem-
ble forecasts. Section 3.1 describes the EMOS model
used for solar irradiance forecasts, along with a mul-
tilayer perceptron (MLP) originally proposed by Baran
et al. (2025). Section 3.2 describes the classifier employed
for visibility forecast post-processing. Though Lakatos and
Baran (2024) also applied an MLP to the raw forecasts, the
proportional odds logistic regression (POLR) model gener-
ally achieved better performance and is therefore adopted
here as the reference model.

3.1 | Univariate post-processing of solar
irradiance

When modeling solar irradiance, it is necessary to account
for its non-negativity and the frequent occurrence of zero
observations; in such cases, probability distributions that
assign a positive mass to zero are appropriate. Follow-
ing the approaches of Baran et al. (2025) and Schulz
etal. (2021), we employ the censored normal EMOS model,
which enables a proper probabilistic representation of
both positive and zero irradiance values.

For parameter estimation, we adopt the semi-local
EMOS approach of Lerch and Baran (2017), which clus-
ters stations with similar climatological and/or forecast
error characteristics. Within each cluster, all stations share
a common set of EMOS parameters, jointly estimated from
the data of the stations in that cluster. This methodology
facilitates more robust parameter estimation while pre-
serving local representativeness, in contrast to the global
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approach (Thorarinsdottir & Gneiting, 2010) that fits a
single parameter set to data from all stations, potentially
oversmoothing spatial variability.

Following the notation of Baran et al. (2025), let
G(x|u,0) := ®((x — u)/o), x € R, denote the cumulative
distribution function (CDF) of a Gaussian distribution
with mean y and standard deviation ¢ > 0, where @ is the
standard normal CDF. The CDF of a Gaussian distribution
with location y and scale o left-censored at zero is then

Gl o) 1= {G(xw,a),

0, x<0.

x>0,

This distribution assigns a probability mass of G;(0| u, o) at
zero and has a mean given by

c=so(2) veo(2)

where ¢ denotes the standard normal probability den-
sity function. Following Schulz et al. (2021), Baran and
Baran (2024), and Baran et al. (2025), the ensemble statis-
tics are linked to the parameters of the censored normal
distribution through
# =Yo+nf + r2pos o = exp(do + 61 10g S),

where yo, 71, 72, 60, 61 € R are model parameters, esti-
mated following the optimum score principle of Gneiting
and Raftery (2007), and p, and S? denote the proportion of
zero observations and the ensemble variance respectively,
defined as

K K
1 _ 2. _1 e
po.—Kél{fk—O}, S -—K_lé(fk 2,

wheref is the ensemble mean and 1{-} denotes the indi-
cator function.

An alternative to  conventional statistical
post-processing methods is the application of
machine-learning models that directly produce calibrated
ensemble forecasts. In this study, the MLP approach of
Baran et al. (2025) is adopted, in which the number of
output neurons is set equal to the target ensemble size.
The network is trained by minimizing the sample CRPS,
Equation (1), under the constraint that predicted solar
irradiance values are non-negative. This distribution-free,
data-driven framework allows flexible specification of
the ensemble size, provided sufficient training data are
available. To enable a fair comparison with the raw
WREF forecasts, eight-member ensembles are generated
for each prediction case. Previous experiments on the
Chilean dataset have demonstrated that this approach

outperforms the distributional regression network, which
instead predicts the location u and scale o parameters of
a left-censored normal distribution. In what follows, this
method is referred to as MLP.

3.2 | Univariate post-processing
of visibility

As mentioned in Section 1, visibility observations
reported by the World Meteorological Organization form
a discrete set of categories (World Meteorological Organi-
zation, 2018); as a result, the post-processing of visibility
forecasts can be viewed as a classification problem. Fol-
lowing Lakatos and Baran (2024), the calibration of
visibility ensemble forecasts is performed using POLR
(McCullagh, 1980), a widely used parametric method
for modeling ordinal response variables, which makes
it particularly well suited for the visibility observations
considered here, and thus serves as a powerful bench-
mark. The model specifies the conditional cumulative
distribution function of the observed visibility Y given an
M-dimensional feature vector x as

exp(L;i(x))
1+ exp(Li(x))’
LX) :=a; + X',
i=1,2,...,84,

P(Y <yilx) =

where a; € R and f € RM are model parameters satis-
fying a; < ay < - -+ < agq. Consequently, fitting a POLR
model to the visibility data requires estimating 84 + M
parameters. In the present work, we apply the local POLR
model, as also used by Lakatos and Baran (2024), for
the calibration of visibility forecasts. In their study, this
model provided the best predictive performance in terms
of univariate performance across various spatial selection
procedures, including semi-local and regional estimates
(briefly discussed in Section 3.1), where local indicates
that a separate model is fitted for each station based solely
on its own historical data.

3.3 | Multivariate post-processing
methods

To restore any potentially lost spatial dependencies, this
study considers two-step approaches for multivariate
post-processing as benchmark models. These benchmarks
generate multivariate samples by combining forecasts
that have been individually calibrated in a univariate
manner using an empirical copula. Several variants
exist depending on the strategy employed to define
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the dependence template for restoring the dependen-
cies. Extending the notation introduced in the previous

section, let
d (d) £(d) (d)
FO=(D0D, LD

denote a K-member ensemble forecast for station d
(d=1,2, ... ,D)at agiven time point and lead time.

The ECC (Schefzik et al, 2013) leverages the
rank-order structure of the raw ensemble forecasts, to
retain the intricate dependency patterns present within the
ensemble. Adopting the notation of Lakatos et al. (2023),
the steps of this iterative procedure can be summarized as
follows:

1. For each dimension d, generate a sample ?d) of size
K from the calibrated marginal predictive distribution,
arranged in ascending order.

2. Define permutations

ng = (74g(1), 7a(2), ... , m4(K))

of the set {1,2, ... ,K} corresponding to the rank
order of the raw ensemble forecasts f@, where
rqa(k) = rank(f,id)), with ties resolved randomly. The

d
ECC-calibrated sample}( : for dimension d is obtained
by rearranging the sample from step 1 according to z4;
that is,

k=1,2,...,K, d=1,2,...,D.

A further non-parametric approach for multivari-
ate post-processing examined here is the SSh (Clark
et al., 2004), which reconstructs dependence structures by
reordering calibrated univariate samples to match the rank
order of randomly selected historical observations of the
same size. Here, we limit the sample size to that of the raw
ensemble and apply the same sampling procedure for com-
parability with ECC; however, the method can generate
ensembles of arbitrary size given a sufficiently long histor-
ical record. In this study, for both case studies, we consider
the equidistant quantiles of the predictive distributions as
input for both the ECC and the SSh methods.

3.3.1 | Graph neural networks

GNNs provide a flexible framework for learning from
data defined on irregular relational structures and have
been successfully applied across diverse domains, includ-
ing modeling molecular structures and predicting molec-
ular properties (Li et al., 2025), as well as optimizing
traffic networks and route planning (Jiang & Luo, 2022).

Royal Meteorological Society

Unlike traditional neural networks, such as convolutional
neural networks, which assume inputs on regular grids
or lattices (e.g., image pixels), GNNs operate directly
on graphs, enabling them to capture complex interac-
tions among nodes arranged arbitrarily and non-uniformly
(Feik et al., 2024).

A graph is formally represented as G = (V, £), where
the node set V = {1,2, ... ,D} corresponds to entities of
interest, and the edges £ encode relationships or inter-
actions between them. Each node d € V is associated
with an M-dimensional feature vector x € RM, which
may include relevant covariates, measurements, or sum-
mary statistics. By propagating and aggregating informa-
tion along the graph edges, GNNs can capture both local
and global dependencies, making them a versatile tool for
tasks involving structured relational data.

3.4 | Verification metrics
Within the censored normal EMOS framework outlined in
Section 3.1, model parameters are obtained by minimizing
the mean of a proper scoring rule over the training dataset.
The most widely adopted choice is the CRPS (Wilks, 2019,
section 9.5.1), a standard verification metric extensively
used in the atmospheric sciences.

For a predictive CDF F and an observation y € R, the
CRPS is defined as

[s9)

CRPS(F,y) = / [F(x) — 1{x > y}]* dx

—00

~EIX -yl - JEIX - X',

where X and X’ are independent random variables with
distribution F and finite first moments. Smaller CRPS val-
ues indicate superior predictive performance, as the score
simultaneously captures calibration (statistical consis-
tency between forecasts and observations) and sharpness
(concentration of the predictive distribution). For the cen-
sored normal distribution, the CRPS admits a closed-form
expression, allowing computationally efficient optimiza-
tion and making it particularly suitable as a loss function
in both EMOS and machine-learning frameworks.

Moreover, for an ensemble forecast {f, ... ,fx} result-
ing in an empirical CDF Fy the previous equation reduces
to the sample CRPS; that is,

K K K
A 1 1
CRPS(Fr.y) = E;lfk -yl - WZZV" —fel. (@
=1 k=1¢=1
which is implemented, for
scoringRules package in R.

example, in the
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For a confidence level a € (0, 1), the [(1 — «) X 100]%
central prediction interval, defined by the «/2 and 1 —
a /2 quantiles, allows assessment of sharpness, measured
by the average width, and calibration, quantified by the
proportion of observations contained in the interval (cov-
erage). For a K-member ensemble, setting a« =2/(K + 1)
aligns the nominal coverage with the empirical coverage
[(K—1)/(K+1)x100]% of the raw ensemble (see e.g.,
Gneiting & Raftery, 2007).

The generalization of Equation (1) leads to the sample
ES (Gneiting & Raftery, 2007). For an ensemble forecast
f, = (f,il), ;2), ,f;D))T, k=1,...,K, and the corre-
sponding observation vector y = (yV,y@, ... ,yP)T the
sample ES is given by

K K K
A 1 1
ESFiey) = g 21 =¥l = 3 2, D e~ £l
where || - || denotes the Euclidean norm.

In addition to the ES, the multivariate performance
of ensemble forecasts is also assessed using the VS of
order p (Scheuerer & Hamill, 2015, VS,;), which is partic-
ularly sensitive to errors in the correlation structure of the
forecasts. The VS, is defined as

D D
VS, (Fg.y) = ZZC"UQJ’@ —ypp

i=1j=1
1< ’
1 O _ p
Ot
k=1

where w;; > 0 are weights that quantify the relative impor-
tance of each coordinate pair (i, j).

Common choices for the order p are 0.5 and 1. In our
study, we use p = 0.5 and denote the score simply as VS.

Graphical tools for assessing the reliability of multi-
variate forecasts, such as multivariate rank histograms,
are also well established. These histograms are based on
pre-ranks, which condense a multivariate quantity into
a single value. Since interpreting multivariate histograms
can be challenging, it is advisable to employ multiple
pre-ranking methods concurrently to obtain a comprehen-
sive view of forecast miscalibration (Allen et al, 2024).
Following this strategy, we consider average-, band-depth-,
ES-, and dependence-based histograms in our analy-
sis. The average rank is computed as the mean of the
ranks of observations within the ensembles. Its histogram
offers a diagnostic assessment of the forecast distribu-
tion: underdispersion is reflected by a U-shaped histogram,
overdispersion by a N-shaped histogram, and bias typically
results in a triangular pattern, whereas the band depth
rank of each observation reflects its centrality relative to

the ensemble of forecasts Thorarinsdottir et al. (2016).
Whereas the ES and dependence histograms build on the
more recent concept of proper score-based pre-ranks intro-
duced by Kniippel et al. (2022).

In addition, the reliability index (RI) provides a quan-
titative measure of the uniformity of a rank histogram,
thereby indicating the degree to which the ensemble is
properly calibrated. For a histogram with K + 1 bins and
predicted frequencies p, in each bin, the RI is given by

K+1

RI= )

k=1

5 1
Pe” ki1

b}

where smaller values of RI indicate a more uniform
histogram.

The statistical significance of differences in verification
scores is assessed using the Diebold-Mariano (DM) test
(Diebold & Mariano, 1995), which accounts for temporal
dependencies in forecast errors. Given a scoring rule and
two competing forecasts, F and Fi., the DM test statistic is
defined as

d

t= ,
&3/\/n

where n denotes the number of forecast cases in the
test set, d is the mean difference in scores over the test
set between forecasts F and F, and 67 is a consistent
estimator of the asymptotic standard deviation of the
individual score differences. Under standard regular-
ity conditions, the DM statistic asymptotically follows
a standard normal distribution under the null hypoth-
esis of equal predictive accuracy. Negative values of the
DM statistic indicate better predictive performance of F,
whereas positive values favor Fi. To account for multiple
testing, the Benjamini-Hochberg correction (Benjamini
& Hochberg, 1995) is applied.

In the case studies presented in Section 5, improve-
ments of forecasts relative to a reference forecast Fy.r are
quantified using skill scores derived from a verification
metric S (Gneiting & Raftery, 2007). The skill score is
defined as

Skill score =1 — _S—F,
SF,

ref

where §F and §Fref denote the mean values of the score S
over all forecast cases in the verification period for the fore-
cast F and the reference Fi, respectively. When S corre-
sponds to the CRPS, this skill score is commonly referred to
as the continuous ranked probability skill score (CRPSS).
In addition to the CRPSS, we evaluate forecasts using
the energy skill score (ESS) and the variogram skill score
(VSS), with higher values indicating better performance.
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4 | IMPLEMENTATION DETAILS

41 | GNN methods

For the GNN model considered here, the spatial struc-
ture of the observational network is represented as an
undirected graph G = (V, &), where the node set V =
{1,2, ... ,D} corresponds to the observation stations, and
the edges £ capture spatial relationships. An edge is estab-
lished between two nodesvand V' if the Haversine distance
between the corresponding stations is below a threshold
r, which is selected to minimize the CRPS. The graph
yielding the best performance for both datasets is shown
in Figure 1. The threshold is set to r = 50 km for solar
irradiance and r = 100 km for visibility.

In both case studies, we use the GraphSAGE archi-
tecture (Hamilton et al., 2017) with the mean aggrega-
tor, differing only in minor hyperparameter settings. For
solar irradiance, the network consists of a single hidden
SAGEConv layer (responsible for aggregating neighbor-
hood information) mapping the input features to a hidden
representation, followed by batch normalization, rectified
linear unit activation, and dropout. For visibility, the net-
work uses two hidden SAGEConv layers with the same
set-up for each layer. In both cases, a final SAGEConv
layer outputs the forecast-specific representation without
an activation function. In principle, a non-negativity con-
straint could be enforced through activation functions,
which would be relevant for both of the meteorologi-
cal variables considered. However, to ensure architectural
consistency with the MLP of Baran et al. (2025), the
non-negativity requirement was implemented within the
cost functions instead.

For both case studies, a single model was initialized
to process all lead times jointly. For all GNN models, we
applied a rolling training window, which means that the
n days preceding the forecast date were used to create
the training data. For solar irradiance, n = 30, whereas
n = 530 for visibility. Hence, the training set consists of
a sequence of daily graphs, where each graph is defined
by its node features and edge structure. However, in the
present work, only the node features vary over time,
whereas the edge connections remain fixed. For solar irra-
diance forecasting, the first 24 lead times are processed in
a single pass, which results in 24n training graphs. After
the prediction for those lead times of the forecast date is
completed, another cycle is performed using the next set
of 24n graphs, to provide predictions for the next 24 hr. As
a result, the network generates node-wise solar irradiance
forecasts for each lead time, providing 24-hr-ahead predic-
tions for all stations in the graph. For visibility forecasting,
where 20 lead times are available, the training set con-
tains 20n graphs per forecast date. These graphs are then
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divided into training and validation subsets (70/30 split),
ensuring that both subsets contain complete graphs sam-
pled from the same rolling window. The test dataset for the
forecast date consists of a set of unlabeled graphs corre-
sponding to a single day, where each graph represents one
lead time processed by the model in a single pass, on which
the trained model produces the predictions for the respec-
tive lead times. As mentioned earlier, here we utilize the
mean aggregator, which aggregates features from a node’s
local neighborhood by taking the element-wise mean of
the neighbor feature vectors, asillustrated in Figure 2. Dur-
ing training, the network weights are updated based on the
node’s own features and the aggregated neighborhood fea-
tures (Hamilton et al., 2017). Training was conducted for
up to 500 epochs, employing early stopping based on vali-
dation loss with a patience of 15 epochs for solar irradiance
and 10 epochs for visibility. The hyperparameters of the
GNN models are summarized in Table 1.

For solar irradiance, each observation station is charac-
terized by features including the ensemble mean, the rela-
tive frequency of zero irradiance values, and the ensemble
variance for the given lead time and day. Additionally, the
station’s geographical coordinates (latitude, longitude),
elevation, and the forecast lead time are included to distin-
guish different forecast hours within the day. This feature
set is fully consistent with that used in Baran et al. (2025).

For visibility, each observation station is represented by
a feature set that includes the control forecast, the mean
and standard deviation of the 50 exchangeable ensemble
members, and the proportions of forecasts predicting vis-
ibility below 5000 m, between 5000 and 30,000 m, and
30,000-70,000 m. Additionally, visibility point forecasts
from the Copernicus Atmosphere Monitoring Service are
incorporated, along with annual base functions to capture
seasonal and temporal effects, defined as

— sin( 22 o[ 2
p(d) = sm<365> and p(d) := COS<365>’

where d denotes the day of the year. Furthermore, the
station’s latitude, longitude, and elevation are also taken
into account. As with the solar irradiance data, this
feature set largely follows Lakatos and Baran (2024);
however, for the GNN, the geographical coordinates are
explicitly included to enable graph construction and cap-
ture location-dependent information. Lead time is also
included to account for temporal variations.
Hyperparameters were tuned in an iterative manner on
a single NVIDIA GeForce RTX 3060. Owing to computa-
tional constraints, we first determined the optimal training
window length while keeping other settings fixed, then we
optimized the number of layers and proceeded similarly
for the remaining hyperparameters. To assess uncertainty,

5U80 1 SUOWILIOD AIERID 3ot dde au) Ag pauBAOB 812 A1 VO 88N J0 S9N 0} ARRIIT BUIUO /5|1 UO (SUO 1 IPUIOD-PUE-SUWLBILI0Y' A3 | 1M A2.q1 UIIUO//STIY) SUOIPUOD PUE S | 841 89S *[9202/T0/0€] U0 AreiqiTauiuo A1 * LeseicRd JO AISRAIN - Sore TR AQ 6TT0L /20T 0T/10p/w00 A8 W ARRIq1jBu1[UO'SIWLL//SANY WOJ) PBPeOUMO ‘0 ‘X0/8LL7T



8 0of 20 Quarterly Journal of the S RMets

LAKATOS

Royal Meteorological Society

Repeated for multiple layers

v

(Mean aggregation}
L over neighbors J

Input (layer k): temporal window

of graphs Gi_n41,..., Gt

FIGURE 2

Layer k+1

Output: K-member ensemble

forecasts for station (node) v

Simplified illustration of the GraphSAGE model with mean aggregation. The input is a temporal window of past n days

(graphs) G;_,41, --. , G, and the model produces node-wise K-member ensemble forecasts. For illustration purposes, the figure considers a
single lead time (one representative node is shown). Here, v denotes the target node, u denotes a neighboring node of v, hf,k) and h®
represent the feature vectors of the target node and its neighbors at layer k derived from the temporal window ending at day ¢, and h(vk“)
denotes the updated representation of the target node at layer k + 1. Finally, ¥, ,,, denotes the K-member ensemble forecast produced for
node v for the forecast day ¢ + 1. (The exact temporal shift depends on the selected lead time and is not restricted to ¢ + 1). [Colour figure can

be viewed at wileyonlinelibrary.com]|

TABLE 1 Hyperparameter settings of the graph neural
network models for solar irradiance and visibility forecasting.
Solar
Parameter irradiance Visibility
Number of nodes/ 18 30
stations D
Edge definition Distance Distance
< 50 km < 100 km
Aggregator Mean Mean
aggregator aggregator
Number of hidden 1 2
SAGEConv layers
Number of hidden units 1,024 64
Output dimension K 8 51
Dropout 0.2 0.2
Batch size 64 64
Learning rate 0.03 0.03
Validation set size 0.3 0.3
Number of epochs 500 500

each model was trained and evaluated 10 times during
testing, with performance measured by the average ver-
ification scores across these runs. The models generally
exhibited stable behavior, with only minor performance
differences observed between iterations.

The hyperparameters listed in Table 1 were first found
by minimizing the CRPS. Subsequently, multivariate loss
functions were introduced to enable the GNN to more
effectively capture dependencies between stations. Specif-
ically, apart from the variant trained solely by minimizing
the ES, we employed a weighted combination of the ES and
the VS:

L=w;-ES+w,-VS,

where w; and w, are weighting coefficients. In our exper-
iments, we set w; € [0,1] and w, = 1 — wy, for simplicity
and interpretability, although in principle other values
(e.g., w; > 1) could be used. Owing to the large differ-
ence in scale between the two terms (the VS was found
empirically to be several orders of magnitude larger than
the ES) the VS component was normalized by an appro-
priate factor. Specifically, this factor was computed as the
ratio of the mean ES to the mean VS over the raw ensem-
ble, which was consistent with the ratios observed in the
training batches. This normalization allowed us to select a
weighting within the [0, 1] interval that balances the con-
tributions of both terms, ensuring that neither dominates
the loss and that optimization proceeds stably. In the case
of solar irradiance forecasts, excessively high ES weights
reduced the proportion of better VS cases, and high VS
weights degraded ES performance and CRPS. The 0.9-0.1
ES-VS weighting achieved the best balance, simultane-
ously maximizing the proportions of significantly better
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ES and VS cases and maintaining reasonable mean CRPS.
Notably, adding the VS component did not compromise ES
performance but substantially improved VS and also ES
values compared with GNN models trained with only ES or
CRPS loss. During dualGNN testing with identical hyper-
parameters, the 50 km threshold model outperformed the
unconnected reference in ES for 20 of 26 lead times and in
VS for five lead times. Supporting Information Figure S1
illustrates the advantage of selecting an optimal threshold
over graphs with too few or too many edges. For visibility,
the dualGNN minimizes ES with a weight of 0.3 and VS
with a weight of 0.7. As with the radiation data, increasing
the weight of ES improves ES performance, whereas plac-
ing greater weight on VS enhances VS performance. The
chosen weighting scheme not only provides a balanced
compromise but also yields the lowest mean CRPS among
all dualGNN variants tested with different weightings. For
the visibility forecast, we performed the same analysis as
for the solar irradiance data to evaluate how connectivity
influences the spatial behavior of the models. For both ES
and VS, the 100 km threshold model performed best, out-
performing the “edgeless” dualGNN in ES for five of 20
lead times and in VS for 15 lead times, whereas it was never
outperformed by any other threshold-based model. A com-
parison of model performances is shown in Supporting
Information Figure S2.

The GNN models were implemented in Python using
the PyTorch Geometric library (Fey & Lenssen, 2019).

4.2 | Comparison of the GNN
and benchmark methods

For the post-processing of solar irradiance forecasts, we
employed the MLP model previously used by Baran
et al. (2025) on the same dataset, adopting the same hyper-
parameters as in their study. Specifically, a 25-day rolling
training period was used, with a batch size of 1200 and
a learning rate of 0.01. The input features were identical
to those summarized earlier, and the network architec-
ture consisted of two hidden layers with 255 neurons each.
Early stopping was implemented with a patience of five
epochs, and the test set comprised 20% of the data.

For the EMOS model, we applied the semi-local
approach of Lerch and Baran (2017), briefly described in
Section 3.1. In this case, the 18 stations were grouped
into three clusters, each containing at least two stations.
The rolling training period was set to 80days based on
an extensive hyperparameter search. Although GNNs typi-
cally require larger datasets for effective parameter estima-
tion, a 30-day training period yielded the best performance
in this case, likely due to maintaining relevance to the
current atmospheric conditions. Though one of the main
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advantages of EMOS lies in its computational efficiency,
the number of parameters to be estimated increases to
69,368 and 2,134,024 for the MLP and the GNN mod-
els respectively. Although these models are not directly
comparable to EMOS, since EMOS treats each lead time
separately, it is clear that, in terms of parameter count, the
GNN faces the greatest disadvantage. Both the MLP and
the dualGNN generate eight-member ensemble forecasts
to ensure comparability with the raw WRF forecasts. For
the same purpose, we also consider eight equidistant quan-
tiles extracted from the censored normal EMOS predictive
distributions, with these samples hereafter referred to sim-
ply as EMOS. For a more comprehensive evaluation, we
also consider GNN variants optimizing only ES or CRPS
(denoted GNN-ES and GNN-CRPS) alongside the dual-
GNN. In this study, the same set of hyperparameters was
used for all three GNN variants (GNN-ES, GNN-CRPS, and
dualGNN). The hyperparameters were selected by CRPS
minimization, and the resulting architectures were subse-
quently tested using ES and the dual loss, allowing assess-
ment of the contribution of each loss function to overall
model performance.

Finally, the reference forecasts used as the basis for
the visibility dualGNN were generated by the POLR clas-
sifier described in Section 3.2. To ensure consistency with
the dualGNN outputs, a sample of size 51 was drawn
from the predictive probability mass functions (PMFs) pro-
duced by these classifiers. These models were trained over
a 350-day period and used the same set of features as in
Lakatos and Baran (2024). As the GNN models consider
the classes independent, the POLR provides a strong base-
line, as it is specifically designed for ordered data such
as the visibility observations considered here. Similar to
the solar irradiance predictions, the GNN models gener-
ate forecasts that are both calibrated and spatially con-
sistent, using the same discrete observational categories
as POLR. Unlike POLR, which requires a maximum to
be imposed on values derived from the PMFs, the GNN
models can produce values of any magnitude, uncon-
strained by the historical observation range. The GNN
models utilize 530days of training data. Consistent with
the approach in Section 5.1, we evaluate three variants of
the GNN models: the dualGNN, which optimizes a com-
posite loss function, and the GNN-CRPS and GNN-ES
models, which minimize the CRPS and the ES respec-
tively. Following a similar approach to the EMOS models
for post-processing solar irradiance, the POLR forecast
PMFs are represented by drawing 51 equidistant quantiles,
enabling direct comparison with both the raw ensemble
forecasts and the GNN-generated samples. As in Lakatos
and Baran (2024), to enable a fair comparison between the
raw and all post-processed forecasts, POLR samples were
randomized to generate continuous values. As mentioned
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FIGURE 3 Continuous ranked probability skill score (CRPSS) of ensemble model output statistics (EMOS)- and graph neural network

(GNN)-based post-processed solar irradiance forecasts relative to the raw ensemble as functions of the lead times (a) 12-24 hr and (b)

36-48 hr. CRPS: continuous ranked probability score; ES: energy score; MLP: multilayer perceptron. [Colour figure can be viewed at

wileyonlinelibrary.com]

in Section 3.2, in terms of the number of parameters to
be estimated, the statistical POLR model clearly has an
advantage, whereas for the GNN models the number of
parameters to be estimated increases to 25,203.

5 | RESULTS

We now present the results of post-processing applied to
forecasts of solar irradiance and visibility. Though our
main focus is on improving the representation of spa-
tial dependencies between locations, we also provide a
brief assessment of the marginal forecast accuracy for
each variable, which enables evaluation of both individ-
ual performance and the effectiveness in capturing spatial
correlations across observation sites.

5.1 | Univariate performance of solar
irradiance forecasts

Figure 3 displays the CRPSS values relative to the
raw ensemble forecasts. As shown in Figure 3a, all
post-processed forecasts substantially improve upon the
raw ensemble for lead times 12-24 hr, which are partic-
ularly relevant for solar irradiance applications. During
this period, the EMOS model provides the least improve-
ment, whereas the dualGNN, GNN-ES, and MLP models
perform nearly identically, and the GNN-CRPS achieves
the highest improvement upon to the raw ensemble. The
overall ranking of forecasts based on Figure 3b for the
next day’s daylight hours is essentially the same. This
ranking becomes even clearer when examining Table 2,

TABLE 2
score (CRPSS) of post-processed solar irradiance forecasts with
respect to the raw ensemble for lead times 12-24 hr and 36-48 hr.

Overall mean continuous ranked probability skill

Method CRPSS (%)
EMOS 48.54
MLP 57.95
dualGNN 57.79
GNN-ES 56.56
GNN-CRPS 59.25

Abbreviations: CRPS: continuous ranked probability score; GNN: graph
neural network; EMOS: ensemble model output statistics; ES: energy score;
MLP: multilayer perceptron.

Note: The value in bold indicates the greatest improvement with respect to
the reference.

which reports the overall mean CRPSS of post-processed
solar irradiance forecasts with respect to the raw ensem-
ble for lead times 12-24 hr and 36-48 hr. Based on this
metric, the GNN-CRPS model yields the largest improve-
ment, followed by the MLP, and closely by the dualGNN.
Supporting Information Figure S3, as an extension of the
previous results, also shows the performance of the models
during the dark hours.

Table 3 displays the coverage and average width
of the nominal 77.78% central prediction intervals for
post-processed and raw solar irradiance forecasts across
lead times. Here, the coverage of the entire ensemble range
is considered. All post-processed forecasts exhibit better
calibration than the raw ensemble forecasts. Considering
the mean absolute deviation from the nominal coverage
across all 48 lead times, the dualGNN is closest to the nom-
inal level, followed closely by the MLP (not shown). When
focusing on forecasts for the 12-24 hr and 36-48 hr lead
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TABLE 3
for the 12-24 hr and 36-48 hr lead times.

Ensemble EMOS
Average width, 12-24 hr 62.5762 173.7423
Average width, 36-48 hr 63.6587 179.9249
Coverage, 12-24 hr (%) 27.58 71.11
Coverage, 36-48 hr (%) 27.24 70.98

Royal Meteorological Society

Coverage and average width of the 77.78% central prediction intervals for post-processed and raw solar irradiance forecasts

dualGNN GNN-CRPS GNN-ES MLP
189.1103 184.0687 200.6200 219.9254
191.2580 186.9103 202.7045 177.6645
79.47 76.42 79.76 80.11
79.51 76.41 79.71 76.34

Abbreviations: CRPS: continuous ranked probability score; EMOS: ensemble model output statistics; ES: energy score; GNN: graph neural network; MLP:

multilayer perceptron.

times, the GNN-CRPS is closest to the nominal level, fol-
lowed by dualGNN for 12-24 hr and MLP for 36-48 hr.
As generally expected, improved calibration is associated
with wider prediction intervals, with the MLP produc-
ing the widest intervals for the first 24 hr, followed by the
GNN models and EMOS. In the second 24 hr the order
of machine-learning models reverses, and the GNN mod-
els produce slightly wider intervals than the MLP. Overall,
the GNN intervals remain relatively consistent across both
periods, whereas the MLP intervals narrow slightly in
the second 24 hr, approaching those of EMOS. Supporting
Information Figure S4 provides a graphical illustration of
the coverage and average width values, also taking the
evening hours into account.

5.2 | Univariate performance
of visibility forecasts

Figure 4 shows the CRPSS of post-processed forecasts rel-
ative to the POLR predictions as functions of the lead
time. As in the previous case study, the results summa-
rized in Table 4 indicate that all post-processed models
outperform the raw ensemble forecasts. However, based on
Supporting Information: Figure S5, this advantage slightly
decreases with increasing lead time for all models. Differ-
ences in model performance are more clearly visible based
on Table 4, that quantifies the improvement with respect
to the reference POLR model. The GNN-CRPS model pro-
vides the largest improvement relative to POLR, followed
by the dualGNN, while the GNN-ES model also shows
positive gains over POLR.

Finally, Table 5 presents the coverage and average
widths of the 90% central prediction intervals for raw and
post-processed visibility forecasts as functions of lead time.
The dualGNN model exhibits a mean absolute deviation
of 0.89% from the nominal 90% coverage, compared to
2.3% for POLR and 50.81% for the raw ensemble. More-
over, based on Supporting Information Figure S6, temporal
dependencies and the diurnal cycle are less pronounced
in the coverage values of all post-processed models than

Forecast

- dualGNN
GNN-CRPS

- GNN-ES

6 18 30 42 54 66 78 90 102 114
Lead time (hr)

FIGURE 4
(CRPSS) of post-processed forecasts relative to the proportional

Continuous ranked probability skill score

odds logistic regression predictions as functions of the lead time.
CRPS: continuous ranked probability score; ES: energy score; GNN:
graph neural network. [Colour figure can be viewed at
wileyonlinelibrary.com]

TABLE 4  Overall mean continuous ranked probability skill
score (CRPSS) of raw and post-processed visibility forecasts with
respect to the proportional odds logistic regression forecasts.

Model CRPSS (%)
Ensemble —54.15
dualGNN 1.93
GNN-CRPS 3.15
GNN-ES 0.74

Abbreviations: CRPS: continuous ranked probability score; ES: energy
score; GNN: graph neural network.

Note: The value in bold indicates the greatest improvement with respect to
the reference.

in the raw ensemble. The raw ensemble produces the nar-
rowest prediction intervals, whereas the GNN models have
narrower average widths than POLR and are less sensitive
to the diurnal cycle.

5.3 | Multivariate performance of solar
irradiance forecasts

In this section, the performance of the proposed GNN
models is assessed in comparison with a range of empirical
copula-based approaches. Specifically, when the EMOS
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TABLE 5 Mean coverage and average widths of 90% central prediction intervals of raw and post-processed visibility forecasts.
POLR Ensemble MLP dualGNN GNN-CRPS GNN-ES
Average width 45570.52 22786.83 54790.92 43785.37 42955.40 42552.63
Coverage (%) 87.70 39.19 91.32 89.11 89.06 87.87

Abbreviations: CRPS: continuous ranked probability score; ES: energy score; GNN: graph neural network; MLP: multilayer perceptron; POLR: proportional

odds logistic regression.
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Energy skill score (ESS) of post-processed solar irradiance forecasts relative to the GNN-ES model as functions of the lead

times (a) 12-24 hr and (b) 36-48 hr. CRPS: continuous ranked probability score; ECC: ensemble copula coupling; GNN: graph neural
network; MLP: multilayer perceptron; SSh: Schaake shuffle. [Colour figure can be viewed at wileyonlinelibrary.com]

and MLP samples are reordered to match the rank struc-
ture of the raw WREF forecasts, the resulting methods are
denoted EMOS-ECC and MLP-ECC, respectively. Alterna-
tively, when the dependence template is derived from past
observations within the training period, the approaches
are referred to as EMOS-SSh and MLP-SSh. As shown by
Lakatos et al. (2023) restricting the set of possible pool
dates to the training period does not deteriorate forecast
performance. Furthermore, for the current dataset, we
include in the analysis a hybrid model that combines the
MLP with the dualGNN by mapping the MLP-generated
samples onto the rank order structure of the dualGNN
forecasts for the same verification day and forecast hori-
zon. Consequently, this hybrid model requires running
the MLP and dualGNN in parallel. This reference model,
hereafter referred to as MLP-GNN, enables us to evaluate
whether the dualGNN rank structure provides additional
information beyond that contained in the raw ensemble
forecasts and historical observations. To provide a base-
line, we also consider the EMOS and MLP samples under
the assumption of independence, meaning that the cali-
brated samples are not rearranged according to any depen-
dence template.

Figure 5 displays the mean ESS of post-processed solar
irradiance forecasts relative to GNN-ES as a function of

the 12-24 h (a) and 36-48 h (b) lead times. The raw and
EMOS-based forecasts are omitted to better visualize the
performance of the higher-ranking models. As shown in
the figure, the ranking of the models remains consistent
between the first and second day. Based on the first row
of Table 6, which quantifies the overall ESS for lead times
of 12-24 h and 36-48 h, the models are ranked as follows:
dualGNN, GNN-CRPS, MLP-GNN, MLP-ECC, MLP-SSh,
MLP, EMOS-SSh, EMOS-ECC, EMOS, and finally the raw
ensemble. This ranking demonstrates that integrating VS
into the training objective enhances ES performance. Fur-
thermore, Figure 5b shows that dualGNN is the only
model achieving a positive gain relative to GNN-ES for the
36-48 h forecasts, whereas for the first-day forecast hori-
zon (panel a) the competition among the models is more
balanced. It can also be observed that for both days, during
periods of highest solar irradiance (lead times 18-20 h and
42-44 h), GNN-CRPS outperforms dualGNN. Overall, for
both days, the effect of including the VS in the loss func-
tion is most pronounced at the beginning and end of the
day, i.e., during periods of low solar irradiance. This sug-
gests that the benefits of VS are particularly evident under
low-irradiance conditions, where the spatial dependence
captured by VS contributes most to improving forecast
skill.

85UB0|7 SUOWIWIOD 8AITe1D) 3|qedt[dde ay3 Aq peusenob a1 sspie YO ‘88N Jo Ss|ni 10} ArIqIT 8UIIUO AB|IA UO (SUORIPUOD-PUB-SWLSH W0 A8 | IM AeIq Ul uo//Sdny) SUONIPUOD pue Swis | 8U188S *[9202/T0/0E] Uo AriqiTauliuo A8 |IM ‘ UsoRiged JO AIsieAIUN -sorxeTele N Ag 6TT0L b/Z00T 0T/10p/uoo A8 1M AReiq iUl juo STeLLL//:Sc1Y Wo1) ppeojumod ‘0 *X0L82L¥T


http://wileyonlinelibrary.com

LAKATOS

Quarterly Journal of the 13 of 20

NRMets

TABLE 6

Royal Meteorological Society

Overall mean energy skill score (ESS) and variogram skill score (VSS) of the raw and post-processed solar irradiance

forecasts with respect to the GNN-ES for lead times 12-24 hr and 36-48 hr.

Ensemble EMOS EMOS-ECC EMOS-SSh MLP MLP-SSh MLP-ECC MLP-GNN GNN-CRPS dualGNN

ESS (%)
VSS (%) —191.88

-112.75 —20.32 -18.23

—58.45 —37.45

-17.31 -3.10
—28.62 —2.42

—2.75 —2.72 -2.5 —0.53 1.56
—0.42 —1.60 0.54 —2.26 4.15

Abbreviations: CRPS: continuous ranked probability score; ECC: ensemble copula coupling; EMOS: ensemble model output statistic; GNN: graph neural

network; MLP: multilayer perceptron; SSh: Schaake shuffle.

Note: The value in bold indicates the greatest improvement with respect to the reference.
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FIGURE 6 Variogram skill score (VSS) of post-processed solar irradiance forecasts relative to the GNN-ES as functions of the lead

times (a) 12-24 hr and (b) 36-48 hr. CRPS: continuous ranked probability score; ECC: ensemble copula coupling; GNN: graph neural

network; MLP: multilayer perceptron; SSh: Schaake shuffle. [Colour figure can be viewed at wileyonlinelibrary.com]|

Figure 6, which shows the mean VSS of post-processed
solar irradiance forecasts relative to GNN-ES as a func-
tion of the 12-24 hr (Figure 6a) and 36-48 hr (Figure 6b)
lead times, presents a very similar pattern. As in Figure 5,
the raw and EMOS-based forecasts are omitted from the
figure to better highlight the performance differences
among the higher performing multivariate models. When
forecasts are ranked according to the overall VSS during
lead times of 12-24 hr and 36-48 hr, as quantified in the
second row of Table 6, the models are ordered as follows:
dualGNN, MLP-GNN, MLP-SSh, MLP-ECC, GNN-CRPS,
MLP, EMOS-SSh, EMOS-ECC, EMOS, and finally the raw
ensemble. Similar to Figure 5, the model ranking is fairly
consistent across the two consecutive days. Relative to
GNN-ES, based on the overall mean VSS values of Table 6
during lead times corresponding to 12-24 hr and 36-48 hr,
the EMOS model exhibits an average deficit of 58.45%,
followed by EMOS-ECC with 37.45% and EMOS-SSh
with 28.62%. In contrast, MLP and GNN-CRPS models
show much smaller deficits of 2.42% and 2.26% respec-
tively, whereas the MLP-ECC has a deficit of 1.6%. The
MLP-SSh has a small deficit of 0.42%, whereas the model
reordered according to the GNN rank structure shows
a 0.54% advantage. Finally, the dualGNN achieves an

average improvement of 4.15% over GNN-ES. Based on
these results, as also observed in Figure 5, the model
performances are closest to the reference model during
daytime periods with higher solar irradiance, meaning
that their advantage or deficit relative to the reference is
smallest in these intervals. Similar to the results shown in
Figure 5, the advantage of dualGNN is most pronounced
in second-day forecasts, particularly during the early
evening hours. Nevertheless, dualGNN consistently out-
performs the other models throughout daytime periods as
well. As an extension of the previous results, Supporting
Information Figures S7 and S8 present the mean ES and
VS values, together with the corresponding skill scores,
taking the nighttime hours into account.

Figure 7 presents boxplots of DM test statistics eval-
uating the significance of differences in ES relative to
the strongest GNN-independent reference, MLP-ECC, and
the GNN-ES method as functions of lead time. The
gray shaded area indicates the acceptance region of the
two-tailed DM test for equal predictive performance at a
5% significance level, and the Benjamini-Hochberg pro-
cedure was applied to control the false discovery rate.
Negative DM values correspond to better predictive skill
compared with the reference.
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FIGURE 7 Boxplots of Diebold-Mariano (DM) test statistics investigating the significance of the difference in energy score (ES) (a)

from the reference MLP-ECC and (b) GNN-ES methods as functions of the lead times 12-24 hr and 36-48 hr. Gray region indicates the
acceptance region of the two-tailed DM test for equal predictive performance at a 5% level of significance, and negative values indicate better
predictive performance compared with the reference. CRPS: continuous ranked probability score; ECC: ensemble copula coupling; EMOS:
ensemble model output statistic; GNN: graph neural network; MLP: multilayer perceptron; SSh: Schaake shuffle.

As shown in Figure 7a, dualGNN, MLP-GNN,
GNN-ES, and GNN-CRPS exhibit the greatest advantages,
significantly outperforming the GNN-independent ref-
erence. Specifically, dualGNN performs better than the
reference in 88.46% of cases (23 lead times out of 26)
and is the only model that is never outperformed by the
MLP-ECC reference model, whereas all other methods fall
short compared with MLP-ECC for at least two lead times.
For the other three models, this proportion is 76.92%.
Following these are MLP-SSh and MLP, which achieve
improvements in 46.15% and 15.38% of cases respec-
tively. All EMOS variants, however, are outperformed by
MLP-ECC in 96.15-100% of cases.

In Figure 7b, a somewhat different picture emerges. In
this case, dualGNN outperforms the ES-trained GNN in
46.15% of cases, whereas in 50% of cases the null hypoth-
esis of equal predictive performance cannot be rejected.
For all MLP variants, including MLP-GNN, the improve-
ment is limited to only 3.84%; among these, MLP-GNN
most frequently achieves performance that is statistically
comparable to the baseline. GNN-CRPS follows in the
ranking: although it never surpasses the ES-trained model,
its performance coincides with it in 79.92% of cases.
By contrast, all EMOS variants are consistently outper-
formed by the ES-trained GNN for all lead times. Based

on the plot analyzing VS deviations, similar conclusions
can be drawn as in the case of Figure 7, which is pre-
sented as Supporting Information Figure S10 and briefly
discussed there.

Figure 8 presents the multivariate rank histograms of
the post-processed forecasts, with the associated RIs indi-
cated on the plots, where the lowest RIs are highlighted
in bold. Though the RI provides a convenient summary of
deviations from uniformity, interpreting multivariate rank
histograms requires caution, as their meaning depends on
the choice of pre-ranking method. In general, the two-step
post-processing models and the GNN-based approaches
produce the most uniform average- and band-depth rank
histograms, with dualGNN exhibiting the most even dis-
tributions. Based on the average ranks, the indepen-
dent EMOS model achieves the highest RI, and the
MLP-ECC model shows the highest value according to
the band-depth histogram. All models show a left-skew
in the ES rank histograms, with the effect being least
pronounced for GNN-ES. Based on the VS-based depen-
dence rank histograms, the histogram corresponding to
the MLP reordered according to the GNN rank structure
is the most uniform, whereas deviations in the corre-
lation structure would manifest as right- or left-skewed
histograms.
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Rank histograms of post-processed solar irradiance forecasts together with the corresponding reliability indices (RI) for

lead times 12-24 hr and 36-48 hr. CRPS: continuous ranked probability score; ECC: ensemble copula coupling; EMOS: ensemble model

output statistic; ES: energy score; GNN: graph neural network; MLP: multilayer perceptron; SSh: Schaake shuftle.
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FIGURE 9 (a)Energy skill score (ESS) and (b) variogram skill score (VSS) of proportional odds logistic regression (POLR) and

multivariate post-processed visibility forecasts with respect to the GNN-ES forecasts. Both shown as functions of the lead time. CRPS:
continuous ranked probability score; ECC: ensemble copula coupling; ES: energy score; GNN: graph neural network; SSh: Schaake shulffle.

[Colour figure can be viewed at wileyonlinelibrary.com]

TABLE 7
respect to the energy-score-trained graphical neural network.

Ensemble POLR POLR-ECC
ESS (%) —39.65 -9.95 -2.03
VSS (%) —42.51 —25.51 1.37

Overall mean energy skill score (ESS) and variogram skill score (VSS) of the raw and post-processed visibility forecasts with

POLR-SSh GNN-CRPS dualGNN
-2.21 —7.43 0.43
2.73 —26.83 5.01

Abbreviations: CRPS: continuous ranked probability score; ECC: ensemble copula coupling; GNN: graph neural network; POLR: proportional odds logistic

regression; SSh: Schaake shuffle.

Note: The value in bold indicates the greatest improvement with respect to the reference.

5.4 | Multivariate performance
of visibility forecasts

This section focuses on the multivariate post-processing of
visibility forecasts. In addition to the POLR and GNN sam-
ples introduced in Section 5.2, we consider the POLR-ECC
variant, obtained by reordering the POLR samples accord-
ing to the rank structure of the raw ECMWF ensemble,
and the POLR-SSh models, rearranged based on the rank
structure of past observations, as described in Section 5.2.
Similar to the previously analyzed variable, the SSh models
employ observations from the training period to determine
the dependence template.

Figure 9 shows the mean ESS (Figure 9a) and VSS
(Figure 9b) of POLR and multivariate post-processed vis-
ibility forecasts with respect to the GNN-ES forecasts, as
functions of the lead time. The raw forecasts are omitted
from the plot to better highlight the differences between
the post-processed models. As illustrated in Figure 9a
and quantified more precisely in Table 7, the dualGNN
shows only a 0.43% improvement, and it is the only model
with a positive skill score; nevertheless, the performance

of dualGNN and GNN-ES can be considered effectively
equivalent. The strongest POLR variant, POLR-ECC, lags
slightly behind the reference by 2.03%, closely followed by
POLR-SSh, representing a further 0.18% decrease in the
mean skill score. The weakest post-processing model is
POLR, which exhibits an average 9.95% decrease relative
to GNN-ES.

Figure 9b and the second row of Table 7 allows quan-
tification of the improvement of the models relative to
the ES-minimizing GNN. On average, the GNN trained to
minimize CRPS performs 26.83% worse, whereas the base-
line POLR model exhibits a similar decrease of 25.51%.
Among the post-processing approaches, POLR-ECC is the
first to achieve a positive gain relative to GNN-ES, with an
improvement of 1.37%, followed by POLR-SSh with 2.73%.
The largest gain is observed for dualGNN, which out-
performs GNN-ES by 5.01%. In addition to these results,
Supporting Information Figure S9 presents the mean ES
and VS for all visibility forecasts.

Figure 10 presents boxplots of DM test statistics,
assessing the significance of differences in ES relative
to POLR-ECC (the strongest GNN-independent two-step
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FIGURE 10

Boxplots of Diebold-Mariano (DM) test statistics investigating the significance of the difference in energy score (ES) (a)

from the reference POLR-ECC and (b) GNN-ES methods as functions of the lead time. Gray region indicates the acceptance region of the
two-tailed DM test for equal predictive performance at a 5% level of significance, and negative values indicate better predictive performance
compared with the reference. CRPS: continuous ranked probability score; ECC: ensemble copula coupling; GNN: graph neural network;
MLP: multilayer perceptron; POLR: proportional odds logistic regression; SSh: Schaake shulffle.

model) and GNN-ES across different lead times. The gray
area marks the acceptance region of the two-tailed DM test
at the 5% significance level, and, as in previous analyses,
the Benjamini-Hochberg procedure was applied to control
the false discovery rate.

As shown in Figure 10a, only GNN-ES and dualGNN
significantly outperform the reference POLR-ECC, with
improvements observed in 10% and 45% of lead times
respectively. For the remaining lead times, the null hypoth-
esis of equal performance cannot be rejected, making these
the only models that surpass POLR-ECC. Consistent with
the findings from Figure 9 and Table 7, GNN-CRPS and
POLR remain below the reference, whereas POLR-SSh
achieves comparable performance in 55% of lead times but
falls short for the rest.

In Figure 10b, we again adopt the ES-minimizing
GNN as the reference model. Relative to this bench-
mark, only dualGNN shows an improvement, outper-
forming GNN-ES in 25% of lead times and matching its
performance in the remaining cases, making it the only
model with consistent gains. POLR-ECC follows, equaling
GNN-ES in 90% of lead times and underperforming in the
remainder, with POLR-SSh trailing behind. As in previous
analyses, GNN-CRPS and POLR never surpass the refer-
ence. For a comparison of VS deviations with respect to

the reference models, we refer to Supporting Information
Figure S11, where the results are briefly discussed.

Finally, the improved calibration of the post-processed
models can be further examined in Figure 11, although
the histograms appear somewhat more complex com-
pared with Figure 8. Based on the average ranks, dual-
GNN seems to perform the best, while the ES and depen-
dence histograms suggest a tendency toward overesti-
mated correlation. It is also notable that, in the case
of the histograms, the GNN models are not constrained
by the maximum generatable value as the POLR model
is, which may make them more sensitive to certain
patterns.

6 | DISCUSSION

The aim of this study was the multivariate post-processing
of ensemble forecasts for different weather quantities,
specifically solar irradiance and visibility, using a GNN
trained with a combination of the ES and the VS. The
primary objective was to demonstrate that an optimal com-
bination of ES and VS can outperform a GNN trained
solely on ES, as well as traditional two-step methods based
on empirical copulas.
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FIGURE 11 Rank histograms of post-processed visibilty forecasts together with the corresponding reliability indices (RI). ECC:

ensemble copula coupling; ES: energy score; GNN: graph neural network; POLR: proportional odds logistic regression; SSh: Schaake shuffle.

For both weather variables, the composite-loss GNN
(dualGNN) consistently improved upon all reference mod-
els, achieving the best performance according to multi-
variate scores while maintaining well-calibrated marginal
distributions. In contrast, empirical copula-based meth-
ods did not yield a single clear winner, whereas dualGNN
achieved the best performance across both ES and VS.
In the case of visibility forecasts, dualGNN also achieved
lower mean CRPS than the GNN-ES, surpassed only by
a GNN specifically optimized for CRPS. Furthermore, the
rank structure of forecasts generated by dualGNN cap-
tured relevant dependencies among stations, producing
the most uniform rank histograms. Being non-parametric,
the method is applicable to any weather variable and
allows flexibility in the number of ensemble members
generated. Overall, the dualGNN consistently generated
accurate forecasts across target variables with diverse char-
acteristics. This demonstrates that the model can robustly
handle variables with markedly different statistical prop-
erties while sustaining high predictive skill and preserving
meaningful rank dependencies.

Despite these advantages, the dualGNN has limita-
tions, as is often the case for many machine-learning meth-
ods compared with classical statistical models. One such

limitation is increased data requirements, which were par-
ticularly evident for visibility forecasts. Though an optimal
training period could be identified for solar irradiance with
the available data, visibility post-processing would likely
benefit from additional training data. However, to main-
tain a reasonably long verification period, the training
period selected here was used in this study.

As with any spatial GNN application, the construc-
tion of the graph is crucial. A 50 km threshold for defin-
ing edges between stations in northern Chile represents
a reasonable choice, although finer graph structures may
be more appropriate for visibility forecasts. In the cur-
rent datasets, clustering stations based on climatological
or geographical similarity followed by subsequent edge
definition did not provide additional benefits. Neverthe-
less, a principal advantage of the multivariate loss func-
tion lies in the ability of the GNN architecture to pro-
duce calibrated samples, even when the underlying graphs
are imperfectly specified, while simultaneously capturing
dependency structures through joint optimization.

Future research could explore the inclusion of addi-
tional variables correlated with the target variable as
features, potentially enabling richer feature sets and
more informative graph structures, thereby improving
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performance. Alternative graph architectures, such as
graph attention networks or graph convolutional net-
works, could also be investigated.

An additional benefit of the GraphSAGE architecture
used here is its scalability for large graphs, making it
promising for future work on a global network of sta-
tions, as well as for comparison with other multivariate
score-based models (Chen et al., 2024). Moreover, one of
the most promising aspects of dualGNN is its potential
for spatial interpolation. However, for variables measured
across highly heterogeneous environments, such as the
diverse elevations and coastal locations in Chile, a substan-
tially richer graph structure would be required. Prelimi-
nary tests suggest that interpolation can yield up to a 20%
improvement for certain stations without observations,
whereas locations with significantly different climatolog-
ical characteristics require further investigation. Compar-
ative studies with spatial interpolation models, such as of
Baran and Lakatos (2024), would also be of interest.
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