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Introduction

Weather behaves chaotically. Minor deviations in the initial conditions of nu-
merical weather prediction (NWP) models, which provide weather forecasts,
might escalate quickly and significantly impact predictability. Moreover, from
a single NWP output one cannot obtain information about the forecast un-
certainty. However, the integration of ensemble prediction systems (EPSs) in
operational use has revolutionized weather forecasting by enabling probabilistic
predictions (Gneiting and Raftery, 2005). Each member of an ensemble fore-
cast is produced from different runs of an NWP model, which can vary in their
initial conditions and/or parameterizations (Bauer et al., 2015; Buizza, 2018a).
However, creating ensemble forecasts is far from simple, as the computational
demand for generating such predictions increases both with the ensemble size
and the forecast resolution. One of the leading weather services pioneering
ensemble forecasting is the intergovernmental European Centre for Medium-
Range Weather Forecasts (ECMWTF), which in 30 years has significantly en-
hanced its operational Integrated Forecasting System (IFS). The horizontal
resolution of the medium-range ensemble predictions has seen drastic improve-
ments, initially at 120 km in 1992, it was reduced to 80 km in November 2000,
to 32 km in January 2010, to 18 km by March 2016, and further refined to 9
km by June 2023*.

While the advantages of probabilistic forecasts over their deterministic coun-
terparts are clear, they also have drawbacks. Despite continuous improvements,
the NWP models often contain systematic errors and may underestimate or
overestimate actual observations, rendering them uncalibrated (Buizza, 2018b).
In the early 2000s, the first statistical post-processing models emerged with the
goal of mitigating these limitations of ensemble forecasts (Wilks, 2006). Among
these are parametric approaches like ensemble model output statistics (EMOS;
Gueiting et al., 2005) and similar alternatives such as Bayesian model aver-
aging (BMA; Raftery et al., 2005) aim to map ensemble predictions onto a
full predictive distribution, thereby addressing the inherent uncertainties and
deficiencies associated with ensemble forecasts. Post-processing of ensemble

lhttps://www.ecmwf.int/en/about/who-we-are/history
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forecasts remains a hot topic to this day, with increasing popularity in the use
of machine learning algorithms (Rasp and Lerch, 2018).

However, the post-processing methods mentioned above are usually indi-
vidually applied to each prediction horizon, location, and time point. Conse-
quently, dependencies between these elements may be overlooked during statis-
tical calibration. Nevertheless, maintaining physical consistency across inter-
variable, spatial, and temporal dependence structures is essential in numerous
applications. The objective of multivariate post-processing is to incorporate de-
pendence patterns into the process of ensemble calibration (Schefzik and Moller,
2018). Methods for achieving this goal have existed since the early/mid 2010s,
including the application of empirical (Schefzik et al., 2013) or parametric cop-
ulas (Moller et al., 2013), or one could directly model the joint distributions as
well (Baran and Moller, 2015); moreover, these methods can also be combined
(Schefzik, 2016).

One of the principal aims of this thesis is to conduct a thorough com-
parison and review of the performance of various multivariate post-processing
procedures, as previous evaluations of such scope across multiple methods have
primarily relied on simulated data (see e.g. Lerch et al., 2020). This comparison
is based on various multivariate verification metrics to provide a comprehen-
sive assessment of the strengths and potential weaknesses of each method. Our
focus is on the broadly applicable two-step methodologies, wherein ensemble
predictions undergo initial separate post-processing for each variable, followed
by the restoration of multivariate dependencies using copula functions in a
subsequent step.

Another objective is the statistical post-processing of visibility ensemble
forecasts, which are far less skillful compared to predictions of other weather
variables. This generates a significant demand for developing efficient calibra-
tion techniques for this discrete quantity, as there are only a very few estab-
lished ones. A related objective was to demonstrate that deterministic visibility
forecasts from the Copernicus Atmosphere Monitoring Service (CAMS) could
significantly enhance the success of the proposed post-processing methods. Ad-
ditionally, we aimed to illustrate how these forecasts contribute to better pre-
serving the spatial dependencies of visibility forecasts obtained through both
univariate and multivariate calibration.

Finally, our last goal was to extend the clustering-based semi-local param-
eter estimation method proposed by Lerch and Baran (2017) with an interpo-
lation step. The proposed approach was tested on global ECMWEF 10-m wind
speed forecasts to determine the parameters of the truncated normal EMOS
model (Thorarinsdottir and Gneiting, 2010) at those locations where direct
model training was impossible due to the lack of verifying observations.

The structure of the thesis is organized as follows to address the research
objectives outlined earlier.
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Chapter 1 provides a comprehensive overview of ensemble prediction sys-
tems, emphasizing their advantages and limitations, and transitioning to the
rationale for post-processing. It introduces various variants of the paramet-
ric EMOS models used for calibrating different weather variables, along with
state-of-the-art classification algorithms for post-processing discrete quantities.

In Chapter 2, we delve into the contemporary two-step multivariate post-
processing methods we tested, explaining their precise operational mechanisms.

Chapter 3 covers widely used evaluation metrics in atmospheric sciences,
which we applied extensively. This chapter also details the training process,
spatial selection methods, and parameter estimation procedure.

Chapter 4 presents our motivation for extending the clustering-based semi-
local parameter estimation method of Lerch and Baran (2017), the interpola-
tion algorithms, a description of the wind speed data used in our case study,
and the corresponding results (Baran and Lakatos, 2024).

Next, in Chapter 5, we discuss the statistical post-processing of visibil-
ity forecasts using data from ECMWF, integrating findings from both Baran
and Lakatos (2023) and Lakatos and Baran (2024). This chapter begins with
the calibration of forecasts using features derived solely from ECMWF data,
followed by an examination of the impact of CAMS forecasts as additional
covariates on the success of post-processing methods in both univariate and
multivariate setups.

In Chapter 6, we focus on comparing multivariate post-processing methods,
presenting the global ECMWF forecast-observation pairs used in our study, and
showcasing our results (Lakatos et al., 2023).

Finally, the dissertation concludes with Chapter 7, which offers a compre-
hensive summary of our findings and outlines potential directions for future
research.
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Chapter 1

Ensemble forecasting and
univariate post-processing

1.1 Ensemble forecasts

NWP forecasts future atmospheric conditions by solving complex equations
that describe atmospheric dynamics and physics, a concept first introduced by
Lorenz (1963). Nowadays, as the computational demand for such tasks is much
more manageable, the calculations are performed by a suite of programs run-
ning on supercomputers, collectively known as the NWP model. In the NWP
model, the atmosphere is divided into a grid, with the intersection points re-
ferred to as grid points. Increasing the number of grid divisions results in a more
detailed simulation. The model forecasts the future state of the atmosphere at
each grid point based on the initial conditions. When multiple forecasts are
generated by varying the initial conditions or using different models, the result-
ing set of predictions is known as an ensemble forecast. The general idea is that
instead of relying on a single observed initial state, this method selects a finite
set of initial states that are similar enough to the observed state to account for
observational errors or inaccuracies. By applying a previously validated system
of dynamic equations to each state in the ensemble, a range of future states is
generated. This range can then be used to estimate the probability of specific
events and calculate statistical measures like the ensemble mean and standard
deviation for any given variable (Wilks, 2019, Chapter 8).

In ensemble forecasting, increasing the number of ensemble members en-
hances the system’s ability to encompass a broader spectrum of potential out-
comes with greater confidence. Likewise, higher spatial resolution, which dic-
tates the granularity of grid cells or spatial units used in predictions, allows
for more precise modelling of local conditions, thereby enhancing forecast ac-
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curacy. One prominent weather center headquartered in the United Kingdom
with sites in Bonn and Bologna is the European Centre for Medium-Range
Weather Forecasts (ECMWTF), which principally provides medium-range en-
semble forecasts. Its Ensemble Prediction System (EPS) was initially deployed
in June 1992, building upon theoretical work including that of Epstein (1969)
and Leith (1974). These improvements include both a high-resolution determin-
istic forecast (HRES) and an ensemble forecast (ENS). The ensemble forecast
consists of 51 members: one control forecast (CNTL) and 50 forecasts with
slightly different initial conditions and perturbations to model physics. All
forecasts have a horizontal resolution of approximately 9 km. Combined, they
provide detailed insights into the weather evolution up to 15 days in advance
(ECMWF, 2024b). Beside the ECMWF IFS, numerous weather forecasting
centres have played a crucial role in improving the accuracy and reliability
of weather predictions by accounting for uncertainties and providing proba-
bilistic forecasts. NOAA’s Global Ensemble Forecast System (GEFS; Zhou
et al., 2022), initiated in December 1992, and the UK Met Office’s Global
and Regional Ensemble Prediction System (MOGREPS; Bowler et al., 2008),
launched in the early 2000s, are notable examples, while Germany’s ICON
model has introduced the ICON Ensemble Prediction System to further refine
probabilistic forecasting capabilities. Additional significant forecasting systems
outside Europe and America include Japan’s JMA-EPS, China’s GRAPES,
Australia’s ACCESS, South Korea’s KMA systems, and India’s IMD models.
Finally, the AROME-EPS system of the HungaroMet, currently produces 11
members. This model is primarily used for ultra-short-term forecasts, with a
horizontal spatial resolution of 2.5 km (Jdvorné Radnéczi et al., 2020).

In addition to traditional NWP models, there is an increasing inclination
towards developing data-driven machine learning-based approaches in weather
prediction. Huawei’s Pangu-Weather stands out as an Al-driven model that
has exhibited superior precision compared to traditional numerical weather
forecast methods. It delivers stronger deterministic forecast results across var-
ious variables using reanalysis data, which integrates past short-range weather
forecasts and observations. This model shows promising performance when
directly compared with the ECMWF IFS (Bi et al., 2023). Another note-
worthy Al-based model is NVIDIA’s FourCastNet (Kurth et al., 2023), which
achieves comparable accuracy to the ECMWF IFS while operating significantly
faster and with higher energy efficiency than traditional methods. Addition-
ally, DeepMind’s GraphCast (Lam et al., 2023) have demonstrated high perfor-
mance, offering promising results in terms of speed and accuracy. By the end of
2023, ECMWF launched the alpha version of their data-driven Artificial Intel-
ligence/Integrated Forecasting System (AIFS) model (Lang et al., 2024). Since
then, they have introduced the first version of AIF'S to generate ensemble fore-
casts. Furthermore, with forecasts reaching up to 15 days, Google Research’s
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GenCast (Price et al., 2025) outperforms the ECMWEF ENS by providing more
accurate predictions for both typical weather patterns and extreme events.
However, despite continuous improvements, the drawback of ensemble fore-
casts remains rooted mainly in the NWP model’s sensitivity to initial condi-
tions, which can lead to biased, under-dispersive, or over-dispersive predictions,
which calls for some form of post-processing. Among the various approaches for
post-processing ensemble forecasts, these can be categorized into parametric,
non-parametric, and machine learning-based models. Non-parametric tech-
niques, such as quantile regression forests (utilized by Taillardat et al. (2016)),
have gained considerable attention due to their ability to capture complex re-
lationships without assuming a specific parametric structure for the underlying
distribution, allowing for the estimation of desired quantiles. Additionally, gra-
dient boosting machines (Friedman, 2001) consist of ensembles of decision trees
that are grown sequentially, using information from previously grown trees. In
this process, each decision tree is trained on a modified version of the origi-
nal training set, focusing on regions where previous model iterations provided
poor predictions. This model was used, for example, by Baran et al. (2021)
for calibrating total cloud cover forecasts, but since tree-based methods like
random forests and gradient boosting machines were outperformed by several
other approaches, we decided against its utilization in discrete post-processing.

1.2 Ensemble model output statistics

Ensemble model output statistics (EMOS; Gneiting et al., 2005) is a highly
useful yet simple regression-based parametric post-processing method which
nowadays commonly used as a reference approach to ensemble calibration (see
e.g. Vannitsem et al., 2021; Schultz and Lerch, 2022). EMOS maps ensemble
forecasts of a weather quantity onto a predictive distribution represented by a
single parametric law, the type of which and/or the link functions connecting
its parameters to the forecasts depend on the nature of the variable being
calibrated.

The location/mean of these predictive distributions is usually determined as
an affine function of the ensemble members, reflecting the relative influence of
each member within the ensemble forecast, whereas the scale/standard devia-
tion could be an affine function of the ensemble mean, ensemble variance or the
ensemble mean difference. Following the optimum score principle of Gneiting
and Raftery (2007), the estimation of the hyper-parameters of such a predictive
distribution is mostly carried out by minimizing the mean of a proper verifi-
cation score (see Section 3.1) over the training data comprising past forecast-
observation pairs. EMOS predictive distributions are now applicable across a
wide range of meteorological variables, such as temperature (Gneiting et al.,
2005; Taillardat, 2021), wind speed (Thorarinsdottir and Gneiting, 2010; Lerch
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Figure 1.1: Calibrated normal EMOS probability density functions for the
HungaroMet’s 42 h temperature forecasts, for Debrecen Airport for 3 different
dates, illustrating the EMOS median (red solid line), raw ensemble (green
segments) and observation (blue dashed line).

and Thorarinsdottir, 2013; Baran and Lerch, 2015; Szabé et al., 2023), precipi-
tation accumulation (Scheuerer, 2014; Baran and Nemoda, 2016), various heat
indices (Baran et al., 2020) or solar irradiance (Schultz et al., 2021).

In most cases, the calibrated predictive distribution more accurately cap-
tures potential observations compared to the ensemble forecasts alone. The
EMOS median typically aligns much closer to the actual observations, high-
lighting the effectiveness of bias correction. Figure 1.1 illustrates such cases
with temperature forecasts, produced by the operational EPS of the Hun-
garoMet.

In the next subsections, we introduce EMOS models associated with the
weather quantities we have analyzed. In what follows, let us denote by fi, fa,

.., fx a K-member ensemble forecast, for a given location, time point and
prediction horizon, where f represents the ensemble mean, and S? and MD the
ensemble variance and ensemble mean difference, respectively, defined as

1 & > 1 &
52 = (fr —f)” and MD =15 > e fel-
k=1 k=1
If an ensemble consists of M ensemble members organized into K exchangeable
groups, where each kth group contains M}, > 1 ensemble members (with the
total summing up to M), we denote its mean as f,. The term ”exchangeable”
refers to the statistical indistinguishability of the members within each group.

In our case studies we will work with the ECMWF medium-range ensemble
forecasts, that comprise a total of 52 members. Among these, the HRES mem-
ber provides a detailed forecast using a finer grid. The CNTL member utilizes
the actual atmospheric state as initial conditions for its generation as the NWP
input. Additionally, the system includes 50 perturbed forecasts derived from
variations in initial conditions. These latter 50 forecasts can be considered sta-
tistically interchangeable. Thus, the HRES, CNTL, and the 50-member ENS
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forecasts form three distinct groups within the ECMWF ensemble.

In the following, let fonrr, fures and fpyg represent the ECMWEF
control- and high-resolution forecasts, and the mean of the 50 exchangeable
forecasts, respectively.

1.2.1 Normal EMOS model

The normal distribution and its generalizations (such as skewed normal, mix-
ture of normals, etc., see, e.g., Gueiting et al. (2005); Raftery et al. (2005); Rasp
and Lerch (2018)) are widely used for modelling temperature, and another ex-
ample for a quantity modeled by a normal distribution is pressure. Generally,
the EMOS predictive distribution proposed by Gneiting et al. (2005) specifies

the mean v and variance o2 as

p=ao+aifi+asfa+--+ak fxo1+akfx,  o° =0b5+bS%

where in the case of having K exchangeable groups with group means f; one
has

K
p=ao+ Zafﬁ
i=1

where ag,a1,as,...,aK,bp,b1 € R are the model parameters (Gneiting, 2014).

In Chapter 6 of this thesis, our results on the calibration of ECMWF 2-meter
temperature forecasts will be discussed. In that study, we utilized a variant of
the normal EMOS model designed to capture the seasonal variations present
in the temperature data. To account for seasonal variations in temperature, a
more complex model for the mean of the predictive distribution is suggested
by Scheuerer and Biiermann (2014). Consider the regression model

27t 27t
Yt = Cg + ¢1 sin <367T5> ~+ ¢o cos <W> +e, t=1,2,...,n, (1.2.1)

where y; represents either temperature observations for a given location or
functionals of the corresponding ECMWF ensemble forecast with a given lead
time ¢, namely the high-resolution member fygrgs, the control run fcntr, and
the mean of the exchangeable forecasts fpyg from a training period of length
n. The phase parameters vary across different training periods, resulting in the
evolution of ¢; and ¢y throughout the calendar year. With the help of model
(1.2.1), one can calculate the ¢-step ahead predictions y and furgs, fonTL, fENS
of the observations and the corresponding functionals of the ensemble, respec-
tively, and obtain a Gaussian predictive distribution with parameters (1.2.2)
and (1.2.3):

p =7+ a}(fures — fures) + a3 (fonrr — fontL) + a3(fens — fens) (1.2.2)
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o? = b +b715?, (1.2.3)
where
1 52 ) 1 52
2= = —f ith fi== .
§* = ; (fr—7) wit f=z ; I

1.2.2 Truncated normal EMOS model

To model wind speed, non-negative and skewed distributions are necessary.
In this context, we consider a normal distribution Ag® (u, 02) with location
parameter p and scale parameter o > 0, truncated from the left at zero,
which is applied in the EMOS model of Thorarinsdottir and Gneiting (2010).
For the ECMWF ensemble, the location and scale parameters of the predictive
distribution simplify to:

p = ag + a3 fures + a3 fonTL + 03 fENs and  o? =02 +b1S% (1.24)

Instead of S2, another common choice is the use of the ensemble mean difference
as a dispersion measure, which is:

1 52
MD; = s > fol- (1.2.5)
k,0=1

As a natural transformation (see e.g., Haslett and Raftery, 1989), one could also
model the square root of wind speed, as demonstrated by Hemri et al. (2014)
and Lakatos et al. (2023). The model parameters ag, a1, a9, as, by, b1 € R can
again be estimated using the optimum score estimation principle.

1.2.3 Censored generalized extreme value EMOS model

Calibrating precipitation forecasts statistically is more difficult compared to
post-processing temperature or wind speed forecasts due to its discrete-continu-
ous nature, along with the great likelihood of zero precipitation occurring. In
line with Hemri et al. (2014), in Chapter 6 we model 24-hour precipitation
accumulation using the EMOS model proposed by Scheuerer (2014), which
employs a generalized extreme value distribution that is left-censored at zero.
Location p and scale o are linked to the raw forecasts via

p = ap+al fures +a3 fonTn +a3 frns +aimo  and  o? = b3 +bIMDy, (1.2.6)

where aq, a1, as,as,aq,bg,b1 € R and

1 52
o = ; It =03

is the proportion of ensemble members predicting zero precipitation, whereas
shape ¢ is kept fixed (£ =0.2).
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1.3 Discrete post-processing

When dealing with discrete weather variables, the application of parametric
EMOS models becomes impractical. An illustrative example is the calibration
of total cloud cover as a discrete variable, where ensemble forecasts estimate
the fraction of sky covered by clouds, expressed in octas. This means that
observations of total cloud cover can only take on nine distinct values. An-
other significant example is visibility, which is also reported in discrete values;
however, in this case, the number of distinct observable values is much larger.
In such instances, probabilistic weather forecasting shifts to a classification
task, where total cloud cover has 9 observation categories and visibility has 84
distinct observable values (based on the reporting scheme of the World Mete-
orological Organization). These values need to be predicted in terms of their
probabilities rather than being fitted into a complete parametric distribution,
see, e.g., Baran and Lakatos (2023).

1.3.1 Proportional odds logistic regression

As mentioned, in the context of discrete weather quantities, post-processing
simplifies to a classification problem where multiclass logistic regression (MLR)
serves as a prevalent and effective tool. For a classification problem with C'
distinct categories and an M-dimensional feature vector @, the MLR model
requires the estimation of (C' — 1)(M + 1) parameters from training data to
ensure numerical stability during estimation. This necessitates a substantial
training dataset comprising historical forecast-observation pairs.

An alternative, more streamlined approach is the proportional odds logistic
regression model (McCullagh, 1980), tailored for ordered data such as visibil-
ity observations. Here, the conditional cumulative distribution of the discrete
weather quantity Y with range Y = {y1,¥2,...,yc} given an M-dimensional
feature vector x is formulated as:

eﬁk (m)

P(Yﬁyk\m):m7

where Lp(x)=ar—z'8, k=1,2,...,C,
with o, € R, B8 € RM™, and assuming oy < ag < --- < ag. Therefore, the
POLR model involves C' + M unknown parameters.

1.3.2 Multilayer perceptron

For both continuous and discrete weather quantities, the application of neural
networks has increased in popularity for calibration. For the latter, instead
of a parametric approach, one can use a classical feedforward multilayer per-
ceptron (MLP) neural network for classification. A classical MLP consists of
multiple layers and neurons or nodes, each of which is a transformed (by an
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activation function) weighted sum of the node values from the previous layer
plus an additional bias term. The features are ”fed” to the input layer, and the
predictions of the distribution of the various classes are made on the output
layer. The number of hidden layers and neurons in them are tuning parameters
of the network and provide the level of abstraction. For additional information,
we refer to Goodfellow et al. (2016).



Chapter 2

Multivariate
post-processing

Independent univariate calibration of ensemble forecasts for each ¢ forecast
horizon and station s does not account for the temporal dependencies between
predictions initialized at the same time point or the spatial correlations between
observation stations. These dependencies are restored in a second step with the
help of the approaches described below, which are based on empirical copulas.
In what follows, let d be a general notion representing a dimension £ or s of an
ensemble forecast and let f(d) = (fl(d), ]"2(01)7 e fj(\?)) denote an M-member
ensemble forecast for dimension d.

In general, a copula is a multivariate cumulative distribution function (CDF)
with standard uniform marginals. According to Sklar’s theorem (Sklar, 1959),
any D-dimensional CDF H with marginal CDF-s F(4 d=1,2,...,D, can
be decomposed as

H(zy,29,...,2p) = C(F(l)(xl),F(2)(x2),...,F(D)(xD)), T1,%2,...,Tp € R,

where C is a D-dimensional copula representing the dependencies between
the marginals.

Here we focus on non-parametric methods where marginals are represented
by empirical CDFs F(4) of samples drawn independently from the correspond-
ing predictive distributions, and C' is an empirical copula (Riischendorf, 2009)
providing a “dependence template” derived from a given discrete dataset. The
learned dependence structure is then imposed on the post-processed forecasts
by rearranging the marginal samples according to the specified template (see
e.g. Wilks, 2019, Section 8.4.2).

13
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2.1 Ensemble Copula Coupling

In the ensemble copula coupling (ECC) approach the dependence template is
obtained from the corresponding raw ensemble forecasts. The method, intro-
duced by Schefzik et al. (2013), consists of the following two simple steps.

1. For each dimension d = 1,2,..., D, generate a sample A(d) , ce fM
of the same size M as the raw ensemble from the cahbrated marginal
predictive distribution F(9, which is assumed to be arranged in ascend-

ing order.
2. Consider permutations mq = (74(1), 7a(2), ..., ma(M)) of {1,2,..., M}
induced by the rank order structure of the raw ensemble fl(d), 2(4)’ R fj(\f[l),

that is mg(m) := rank (ffrfl)) with ties resolved at random. The ECC

calibrated sample A}d), ~2(d), ceey A}chl) for dimension d is obtained by
rearranging the sample generated in step 1 according to permutation g,
that is

fl) = f@ m=1,2....,M, d=1,2,...,D.

Similar to Lerch et al. (2020), we consider three different ECC variants de-
pending on the sampling method in step 1. ECC-R refers to random sampling
from the predictive distribution F(? and arranging the sample in ascending
order, whereas in ECC-Q one considers equidistant quantiles of F(?, that is

fi) = (p) (2 =1,2,....M, d=12,....D
fm . ( ) <M—|—1 ’ m s Sy ey ) y Ly ey
Finally, we also apply the stratified sampling approach of Hu et al. (2016) and
refer to the corresponding ECC variant as ECC-S. In this approach

F9= (FY ),  m=1,2,...,M, d=1,2,...,D,

where wu,, is a random draw from a uniform distribution on ] mﬁ‘ﬂ %], m =

1,2,..., M.

2.2 Dual Ensemble Copula Coupling

The dual ensemble copula coupling (dECC) method of Ben Bouallegue et al.
(2016) combines the structure of the raw ensemble forecast with the estimated
forecast error autocorrelation, and proceeds as follows.

1. Apply ECC- Q to generate an initial | post- -processed multivariate ensem-

ble forecast fy,fq,...,5a Wwith f,, = (A(l) A}f),...,f(D)) m =
1,2,... M.
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2. With the help of the estimated D x D autocorrelation matrix f]e of
the forecast error of the ensemble mean generate a correction term

~1/2 ~
cm::Ee/ (fm—fm), m=12,...,M,
where §,, = ( ,SP, 7(3)7 .. .,f,(nD))—r denotes the mth raw multivariate

forecast. The estimates of the error correlations can be obtained e.g.
from the training data for the univariate post-processing at the different
forecast horizons.

3. Derive the adjusted multivariate ensemble fl, ;27 cee ;M7 where ’Fm =
fn Fm, m=1,2,..., M.

4. Apply ECC-Q again; however, this time using the rank order structure
of the adjusted ensemble of step 3 for rearranging the samples generated
from the calibrated univariate predictive distributions.

2.3 Schaake Shuflle

By contrast to ECC, the Schaake shuffle (SSh; Clark et al., 2004) determines
a dependence template based on past observations rather than the raw en-
semble predictions. Samples drawn from the calibrated univariate predictive
distributions are thus rearranged in the rank order structure of randomly se-
lected historical observation vectors of length D. Again, as historical data one
can consider the training data for the univariate post-processing. The SSh
approach allows for generating post-processed forecasts of any size, provided
one has a long enough historical climatological record. However, to ensure a
fair comparison with the (d)ECC methods, we restrict the sample size to the
size of the raw ensemble. Similar to the ECC described in Section 2.1, three
different sampling methods from the predictive distributions are considered;
the corresponding SSh variants are referred to as SSh-R (random sample),
SSh-Q (equidistant quantiles) and SSh-S (stratified sample). In addition to
the standard SSh, we further apply two more recently proposed variants that
utilize more advanced procedures to select past observations for determining
the dependence template.

2.4 Minimum Divergence Schaake Shuffle
The minimum divergence Schaake shuffle (mdSSh; Scheuerer et al., 2017) pro-

vides a more sophisticated method for selecting historical observation vectors
used as a dependence template.
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1. For each dimension d, calculate the 99 % central prediction interval of
the corresponding marginal predictive distribution F(9, d =1,2,...,D.

2. From the historical climatological record keep those D-dimensional ob-
servation vectors (e.g. observation trajectories, if the dimension d refers
to the forecast horizon of predictions initialized at the same time as in
Lakatos et al. (2023)), where the corresponding central prediction inter-
vals of step 1 contain at least k observations. Threshold k is chosen
to retain at least K > M forecast vectors.

3. Select randomly M observation vectors from the K remaining after
step 2.

For the discrete-continuous marginal predictive distributions of 24-hour pre-
cipitation accumulation forecasts used in our work (see Chapter 6), Scheuerer
et al. (2017) suggests to replace step 3 by a more complex method to reduce
the number of selected forecast vectors from K to the required M. This
approach is based on selection of a M-subset of the set of forecast vectors of
step 2, which minimizes the total divergence of the calibrated predictive CDF's
and the empirical CDFs of the corresponding observations (see e.g. Thorarins-
dottir et al., 2013) for all dimensions and forecast cases. For more details and
a computationally feasible algorithm we refer to Scheuerer et al. (2017).

2.5 Similarity-based Schaake Shuffle

In contrast to the mdSSh, where observation vectors used as dependence tem-
plates are selected on the basis of their consistency with the corresponding cal-
ibrated predictive distributions, the similarity-based Schaake shuffle (simSSh;
Schefzik, 2016) looks for historical forecast vectors where the corresponding
ensemble forecasts are the most similar to the actual ones.

1. For a specific date calculate the mean f(d) and variance S2Y of the
corresponding ensemble forecast f @ for each dimension d = 1,2,...,D.

2. For each date 7 in the historical data set compute similarity

AT e XD: (?(d) _?(d)>2 . iZD: (52(,1) B Sz(d)>27
T D T

d=1

—(d
where fi ) and Sf(d) denote the mean and variance of the ensemble
forecast _fgd) at dimension d corresponding to date 7, respectively.
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3. Choose dates 79, 72,...,7a resulting in the highest similarity to the ac-
tual forecasts, that is where A™ A" ... A"™ are the smallest among
all similarities computed in step 2. The dependence template is given by

historic observations y( ) corresponding to ensemble forecasts f l,m =
1,2,....M,d=1,2,...,D.

24h 96 h 168 h 240 h 24h 96 h 168 h 240 h
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Figure 2.1: The effect of multivariate post-processing: 24, 96, 168, and 240 h
ahead ECMWFEF ensemble forecasts for temperature initialized at 18 Novem-
ber 2006; a) raw ensemble forecasts b) after individual EMOS postprocess-
ing (losing dependence structures) c) after ECC, and d) Schaake shuffle post-
processing.

2.6 Assumption of independence

In our case studies, we also investigate the forecast skill of naive multivari-
ate forecasts obtained from the univariate post-processing methods, without
accounting for temporal, spatial, or intervariable dependencies. This means
that forecasts f,(cd), m=12,....,.M, d=1,2,...,D, drawn from the corre-
sponding calibrated predictive distributions F(#) are simply combined into D-

dimensional ensemble forecasts /f\l,%, e ,/f\M with ?m (f(l) /\(2) . ﬁ(nD))T
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m = 1,2,... M. These ’independent’ forecasts can be derived using random
sampling from the univariate predictive distributions; however, considering
equidistant quantiles or stratified sampling is also a popular choice.

Figure 2.1 illustrates the effect of univariate and multivariate post-processing
on 24-, 96-, 168-, and 240-hour ECMWF temperature forecasts. The scatter
plots show the pairwise relationships between forecasts, while the marginal
distributions are visualized along the main diagonals. As seen, the univariate
post-processing successfully calibrates the normally distributed temperature
forecasts, but the correlations between different forecast horizons are mostly
lost. The application of ECC largely restores these correlations, whereas the
Schaake shuffle method slightly overestimates the correlations in this case.

2.7 Operational implementation of multivariate
post-processing

ECC and the SSh have been explored in research contexts in Austria, and
within ECMWEF’s ensemble predictions, but their operational implementation
remains limited in many regions (Perrone et al., 2020). However, ECC is op-
erationally used in France, where it has been applied to enhance ensemble
forecasting systems, particularly in improving precipitation and temperature
predictions (Taillardat and Mestre, 2020). The specific reasons for its limited
use in other regions are not publicly disclosed, and research into the potential
benefits of these methods is ongoing both within meteorological organizations
and the scientific community. Naturally, major changes to existing forecasting
workflows are only justified if they lead to significant improvements in forecast
skill. For example, ECMWF recently investigated the potential enhancement of
univariate grid-point post-processed rainfall forecasts using multivariate meth-
ods. Overall, it has been observed that multivariate methods perform better
than univariate approaches, and additional improvements could reduce forecast
production costs, strike a balance between operational feasibility and accuracy,
to make the multivariate approach more appealing for long-term use (Pillosu
et al., 2024).



Chapter 3

Forecast evaluation metrics
and training data selection

Given that forecasts inherently involve uncertainty, accurately assessing it is
crucial for informed decision-making. Scoring rules are used to evaluate prob-
abilistic forecasts by assigning a numerical score that considers both the pre-
dicted probability distribution and the actual event or value that occurs. In
general, a scoring rule is deemed proper if the forecaster achieves the high-
est/lowest expected score (depending on the orientation of the score) by pro-
viding the probabilistic forecast F', which matches the true distribution, rather
than any alternative forecast G # F. It is strictly proper if this maximum
score is uniquely attained with the forecast F' (Gneiting and Raftery, 2007).
Examples of scoring rules for probabilistic forecasts expressed as predictive
densities include the logarithmic and the continuous ranked probability score
(CRPS), which are discussed in more detail in Section 3.1. The strictly proper
CRPS is now established as a standard metric for evaluating probabilistic fore-
casts, serves as the objective function for EMOS calibration or is increasingly
used as the cost function in machine learning algorithms, due to its appealing
characteristics.

The subsequent subsections will detail the scoring rules employed and out-
line the process for selecting training data.

3.1 Verification metrics
In the evaluation of the predictive performance of probabilistic forecasts, Gneit-
ing et al. (2007) suggest the principle of “maximizing the sharpness of the pre-

dictive distributions subject to calibration”. Sharpness is the property of the
predictive distribution only and measures its concentration. For instance, for a

19
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Figure 3.1: Illustration of the continuous ranked probability score (CRPS,
gold area) through three simulated forecast cases (normal CDFs) and their
corresponding observations

given « €]0,1[ specifying the confidence level, one can investigate the average
width of the (1 —a) x 100% central prediction intervals, that is intervals be-
tween the lower and upper «/2 quantiles of the predictive distribution. The
smaller this average width (reported in the same units as the weather quantity
at hand), the more concentrated the predictive distribution. In contrast, for a
calibrated probabilistic forecast predictive distributions and corresponding ob-
servations should be statistically consistent (predicted probability of an event
should match the relative frequency of observing it), so calibration is their
joint property. Considering again the above central prediction intervals, for
a calibrated forecast their coverage (proportion of observations located in the
corresponding central prediction intervals) should be around (1 — «) x 100%
(see e.g. Gneiting and Raftery, 2007). Note that by choosing « to match
the nominal coverage of (M —1)/(M + 1)100% of the ensemble range of a
M-member ensemble forecast, one can provide a fair comparison with the raw
predictions.

The logarithmic score (LogS; Good, 1952), which allows for infinite scores,
for a probabilistic forecast provided in a form of a probability density function
(PDF) f can be expressed as

LogS(f,y) = —log(f(y))-

Besides LogS, one of the most popular proper scoring rules in the atmo-
spheric sciences assessing simultaneously both calibration and sharpness is the
continuous ranked probability score (CRPS; Wilks, 2019, Section 9.5.1). For a
predictive CDF F(z) and an observation y € R, the CRPS is defined as

CRPS (F,y) = /

— 00

o0

1
(F(2) = Luzyy) do = EIX —y| = SEIX = X|, (3.1.1)

where Iy denotes the indicator of a set H, whereas X and X’ are inde-
pendent random variables with CDF F' and finite first moment. The CRPS
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is a negatively oriented score, that is the smaller the better, and this scor-
ing rule serves as loss function in parameter estimation of normal, truncated
normal and censored generalized extreme value EMOS models for calibration
of temperature, 10-meter wind-speed and 24-hour precipitation accumulation
ensemble forecasts, respectively. For these distributions the CRPS can be ob-
tained in closed form (for the corresponding formulae see e.g. Jordan et al.,
2019), allowing a computationally efficient estimation process. The illustration
in Figure 3.1 demonstrates the accuracy of normally distributed probabilistic
forecasts based on the CRPS by comparing the predicted cumulative distribu-
tion function with the observed values, through three simulated forecast cases.

Additionally, to evaluate predictions for high-impact events, one can also
consider the threshold-weighted continuous ranked probability score (twCRPS;
Gneiting and Ranjan, 2011)

twCRPS(F,y) := /00 [F(z) — H{Izy}]zw(x)dx, (3.1.2)

— 00

where w(y) > 0 is a weight function. Observations of a weather quantity with
predictive distribution F' exceeding a given threshold r can be addressed by
setting w(y) = Ig,>,}, whereas the choice w(y) =1 results in the traditional
CRPS (3.1.1).

The Brier score (BS; Wilks, 2019, Section 9.4.2) can be employed for binary
outcomes, such as when the observed weather quantity y doesn’t exceed a given
threshold x. Given a predictive CDF F'(z), the Brier score is computed as:

BS(F,y;z) := (F(2) — Liz>y})?

The CRPS is then derived by integrating the BS over all possible threshold
values.

Calibration of univariate ensemble forecasts can also be diagnosed with the
help of verification rank histograms displaying the ranks of observations with
respect to the ensemble forecasts (see e.g. Wilks, 2019, Section 9.7.1). For a
properly calibrated M-member ensemble the ranks follow a uniform distribu-
tionon {1,2,...,M+1}, and the deviation from uniformity can be quantified
by the reliability index

M+1

RI:= )

r=

L
M+1

pr , (3.1.3)

where p, 1is the relative frequency of rank r (Delle Monache et al., 2006).
In the case of probabilistic forecasts given in the form of predictive distri-

butions, a similar role is played by the probability integral transform (PIT;

Wilks, 2019, Section 9.5.4) histogram. PIT is the predictive CDF evaluated
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at the verifying observation, which for a well calibrated probabilistic forecast
follows a standard uniform law. Similar to the verification rank histograms, bi-
ased forecasts result in triangular shapes, whereas U-shaped and hump-shaped
PIT histograms refer to under- and overdispersion, respectively.

In the simplified scenario where a single prediction represents the possible
future outcome, the most common metrics for assessing fit are the mean abso-
lute error (MAE), as the median minimizes this score (Gneiting, 2011) and the
root mean squared error (RMSE) optimized by the mean.

A multivariate extension of the CRPS is the energy score (ES; Gneit-
ing and Raftery, 2007). Given a D-dimensional CDF F and vector y =

(y(l), y@ ,y(D))T, the ES is defined as

1
ES(Fy) == E|X —yl - JEIX - X[ (3.1.4)
where ||-]| denotes the Euclidean distance and, similar to the univariate case
(3.1.1), X and X' are independent random vectors having distribution F.
For a forecast ensemble f,,f,,...,¥5; one should consider the empirical CDF

Fy; (Gneiting et al., 2008), which reduces (3.1.4) to the ensemble energy score

M M

ES(Far,y) = Zufj yll ~ 5arz D0 DIy~ Ful. (3.1.5)

j=1m=1

A more recently introduced multivariate proper scoring rule is the (ensem-
ble) variogram score of order p (VSp Scheuerer and Hamill, 2015). For an

ensemble forecast f,, = ( ,(nl), (2) RN D)) =1,2,..., M, it is defined
as
2
VSP(Far,y) = ZZ% (\y —yU Z | D f,<,{>|”> . (3.1.6)
=1 j5=1

where w;; > 0 is the weight for coordinate pair (4,j). Compared to the ES,
the VSP is more sensitive to the errors in the specification of correlations.

Further, we also investigate the mean Euclidean distance (EE) of the median
vectors of the forecasts from the corresponding validating observations, where
the multivariate L! ensemble median can be obtained e.g. with the algorithm
of Vardi and Zhang (2000).

Multivariate generalizations of the verification rank are based on the con-
cept of pre-ranks and the corresponding histograms display the pre-rank of the
observation with respect to the ensemble forecast with ties resolved at random
(Gneiting et al., 2008). Here we consider the average and band-depth ranks
suggested by Thorarinsdottir et al. (2016) and energy score and dependence
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(variogram) ranks studied in detail e.g. by Allen et al. (2024). The average
rank is simply the mean of the univariate ranks and the interpretation of the
corresponding histogram is similar to the univariate case: U- and N-shaped his-
tograms refer to under- and overdispersion, respectively, whereas biased fore-
casts result in triangular shapes. Band-depth histograms are based on the
discrete version of ordering multivariate functional data proposed by Lépez-
Pintado and Romo (2009), while energy score and dependence histograms use
the idea of Kniippel et al. (2022) of proper score-based pre-ranks. Right-skewed
band-depth histograms indicate overdispersion, left-skewed ones underdisper-
sion or bias, whereas U- and N-shaped histograms mean too low- and high
correlations in the ensemble. Furthermore, low score-based ranks indicate that
the observation is similar to the ensemble members in terms of the given scoring
rule, whereas outliers result in high pre-ranks. Here, we would like to highlight
that reliability indices can also serve as an effective tool for ranking multivari-
ate predictions. However, the interpretation of the resulting rank histograms
may vary, as the functions employed to calculate the pre-ranks can differ in
their sensitivity to specific deficiencies, potentially impacting the conclusions
drawn.

For a discrete forecast F represented by a PMF pr(y) on Y = {y1,y2,
...,Yc} — that defines the observable values — the logarithmic score and the
continuous ranked probability score is defined as

LogS(F,y) := —log (pr(y)), (3.1.7)

whereas the latter equals

C C k-1
CRPS(F,y) =Y pr(u)ly —uk| =D prlue)pr(we)|ye — v|,  (3.1.8)
k=1 k=2 (=1

which is the discrete version of the general representation (3.1.1) derived by
Gueiting and Raftery (2007).

Further, in our case studies, for a given forecast F the improvement in
terms of a score Sp with respect to a reference forecast Fios is quantified
using the corresponding skill score (Gneiting and Raftery, 2007)

Sr

S;kzll =1
SFref

)

where Sp and Sp,., denote the mean score values over all forecast cases in
the verification period for forecasts F' and Fief, respectively. Thus, besides
the mean scores, one can investigate the corresponding skill scores as well, that
are positively oriented (the larger the better).



24 CHAPTER 3. FORECAST EVALUATION AND TRAINING DATA

Finally, following Gneiting and Ranjan (2011), statistical significance of
score differences between forecasts are assessed with the help of the Diebold-
Mariano (DM; Diebold and Mariano, 1995) test, which is able to account for
temporal dependencies in the forecast errors. Given a scoring rule § and two
competing probabilistic forecasts F' and G, the test statistic of the DM test
is given by

ty = VNEZS6, (3.1.9)

ON

where Sp and S¢g are the mean scores over a test set corresponding to fore-
casts F' and G, respectively, and o is a suitable estimator of the asymptotic
standard deviation of the sequence of individual score differences. Under stan-
dard regularity conditions, ¢y asymptotically follows a standard Gaussian
distribution under the null hypothesis of equal predictive performance. Neg-
ative values of tn indicate a better predictive performance of F, whereas
G is preferred in the case of positive values of ty. Following the sugges-
tions of Wilks (2016), in simultaneous testing for the various locations at a
5 % level of significance, the false discovery rate can be controlled by the Ben-
jamini-Hochberg algorithm (Benjamini and Hochberg, 1995).

Another method for examining statistical significance is to report block
bootstrap confidence intervals for the skill scores and score differences. These
intervals are based on numerous samples calculated using the stationary boot-
strap scheme with an average block length determined according to Politis and
Romano (1994).

3.2 Training data selection

Training data selection is a fundamental aspect of building effective statistical
models, just as it is in machine learning. In the case of ensemble calibra-
tion methods (e.g. EMOS, POLR or MLP), selecting the right training data
is essential for achieving precise calibration, effective model fitting, and de-
pendable probabilistic forecasts. Using high-quality training data allows these
methods to accurately align ensemble forecasts with observed outcomes and
manage a variety of data distributions. The selection process consists of two
main steps, one of which is determining the spatial selection strategy. The typ-
ical options include three alternatives: local, regional, and semi-local method
that falls between the two. Regional modelling (Thorarinsdottir and Gneit-
ing, 2010) involves calibrating forecasts based on the entire ensemble domain.
This approach implies that when calibrating forecasts for a particular obser-
vation station, data from all other available stations within the domain are
utilized to estimate the parameters, resulting in the same parameters across
all locations. While regional models are designed to cover the entire available
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geographic area to offer detailed and relevant insights, this broad focus can
sometimes constrain the model’s flexibility compared to more localized mod-
elling approaches. In contrast to regional modelling, local modelling focuses
on the historical data from a specific observation station. While this approach
involves significantly fewer training data, it often results in more accurately
calibrated predictive distributions. In general, locally trained models result in
the best forecast skill, provided the training period is long enough to circum-
vent numerical problems in modelling. However, in areas with high variability,
local modelling can be ineffective. To combine the beneficial properties of lo-
cal and regional modelling, Lerch and Baran (2017) propose a clustering-based
semi-local approach. Based on individual feature vectors assigned to each ob-
servation station, which represent climatology and performance of the ensemble
forecast during the training period, locations are first arranged into clusters us-
ing k-means clustering (see e.g. Wilks, 2019, Section 16.3.1). Then, within each
cluster, a regional estimation is performed resulting in a separate set of param-
eters for each cluster. Another challenge pertains to the temporal selection of
training data. Standard practice for estimating EMOS model parameters in-
volves using a rolling window approach. In this method, estimates are derived
from ensemble forecasts and corresponding validation observations from the
previous n calendar days. Specifically, for a given verification day, the training
data consists of the n days preceding it, and this window shifts forward one
day with each new verification day. This popular approach allows quick adap-
tation, for instance, to model changes or seasonal variations. However, one can
also consider monthly, seasonal, or yearly windows (see e.g. Hemri et al., 2016;
Jobst et al., 2023). On the other hand, machine learning-based techniques,
which require large training datasets, usually rely on static training data (see
e.g. Schultz and Lerch, 2022).



26 CHAPTER 3. FORECAST EVALUATION AND TRAINING DATA



Chapter 4

Clustering-based spatial
interpolation of parametric
post-processing models

Post-processing techniques, like EMOS, usually depend on training data made
up of past forecast-observation pairs, meaning calibrated forecasts are typically
generated only for locations where such data is available. Although forecasts
are produced at grid points with a specific resolution and can be bilinearly in-
terpolated to any location, surface observations are mainly collected at synoptic
observation (SYNOP) stations, which are unevenly scattered. While gridded
reanalyses, which align with the spatio-temporal scale of forecasts, can serve as
verification data, station observations are generally preferred for training and
validation, as they result in more precise post-processing.

This chapter aims to investigate how station-based post-processing, specif-
ically EMOS modelling of wind speed ensemble forecasts, can be extended
to locations lacking observation data. Our method can be easily adapted to
other parametric approaches and weather variables, without requiring modi-
fications to the interpolation techniques introduced in Section 4.1, offering a
more straightforward alternative to kriging-based methods, such as those pro-
posed by Scheuerer and Biiermann (2014) and Scheuerer and Moller (2015),
which involve complex Gaussian random fields and additional covariates for in-
terpolation. Additionally, it contrasts with the local BMA method of Kleiber et
al. (2011), which merges Mass-Baars interpolation with a regionally estimated
BMA model. In a related study (Baran and Lakatos, 2024), we focused on
the truncated normal (TN) EMOS model (see Section 1.2.2), which estimates
distribution parameters based on historical forecast and observation data. We
illustrate the effectiveness of our approach through a case study using 10-meter

27
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wind speed ensemble forecasts from the ECMWF. Our findings reveal that this
method surpasses both regionally estimated (discussed in Section 3.2) and in-
terpolated EMOS models, as well as raw ensemble forecasts.

In the regional case, the common set of parameters obtained can be utilized
to determine the EMOS predictive distribution at any location where fore-
casts are provided. Prior research has demonstrated (Baran and Baran, 2024)
that regional post-processing and subsequent interpolation can greatly enhance
forecast accuracy, with improvements exceeding 20% at observed locations and
over 11% at unobserved sites.

However, in large ensemble domains, differences in climatology and fore-
cast error characteristics among various observation sites can make a single set
of EMOS parameters from regional approaches less effective. In such cases,
relying solely on local data for parameter estimation at the specific station
is a practical alternative. However, directly interpolating these local EMOS
models to locations without observations presents a challenge. To address
this, we propose an innovative semi-local modelling method that enhances the
clustering-based semi-local approach of Lerch and Baran (2017) by adding an
interpolation component. This technique combines the strengths of both re-
gional and local parameter estimation. At observed locations, the method uses
k-means clustering to form groups of similar sites based on training data fea-
tures, with each cluster sharing the same set of EMOS parameters. The key
innovation is the interpolation process, where parameters for unobserved sites
are assigned based on the nearest cluster, determined solely by training forecast
data.

We compare the predictive performance of our semi-local method with re-
gional and local EMOS models, as well as with raw forecasts. The evaluation
involves developing EMOS models using data from 75% of SYNOP stations
and then interpolating these models to the remaining 25% of sites.

4.1 Interpolation algorithms

As detailed in Section 3.2, the parameters for all EMOS models, including
the truncated normal model, are estimated using training data, where both
temporal and spatial factors can affect the accuracy of post-processed forecasts.
In our study, we employ rolling training periods based on ensemble forecasts
and corresponding observations from the preceding n calendar days.

The feature selection method described by Lerch and Baran (2017) in Sec-
tion 3.2, referred to as observation-based and discussed further below, has
demonstrated effectiveness in various case studies involving different weather
variables, such as temperature (Baran et al., 2019), heat indices (Baran et al.,
2020), and precipitation (Szabé et al., 2023).
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Observation-based quantile features

Following the notations of Lerch and Baran (2017), let ﬁln and éfn denote
the empirical CDFs of station climatology (observed 10-m wind speed) and
forecast errors of the mean fpyg of the exchangeable ensemble members at
location ¢ over the rolling training period of length n, respectively. The N-
dimensional feature vector (referred to as OQ) assigned to station ¢ is defined

. < 7. 1 2 N, . 2l

as the concatenation of equidistant Nl N Nyid quantiles of F;
- 1 1 2 No : e _ N

and equidistant =7, 57, -+ W47 dquantiles of Gf,, where Ni = |5 |

and NQ :N—Nl.

From the perspective of model interpolation, the disadvantage of the above
feature set is that it uses observations, hence it is not straightforward how
to assign an unobserved location to one of the existing clusters of observed
locations, where model parameters are available. A possible solution is to
consider features that are based solely on the ensemble forecasts. This approach
will be called forecast-based and we consider two different setups.

Forecast-based quantile features

This feature set (referred to as FQ) is the forecast-based analogue of the pre-
vious, observation-based construction. Denote by H l(ln), Y H Z(i) and

i,m
I/i\'z(i) the empirical CDFs of high-resolution forecasts furgs, control fore-
casts fcrrr and mean fENS and standard deviation Sgng of the 50
exchangeable ensemble members, respectively, at location ¢ over the train-

ing period of length n. Now the N dimensional feature vector for station
1 comprises the concatenation of equidistant quantiles of Hz(Q at levels

N; . N
Nj1+1’N7~2+1""’N7~JJrl’ j = 1,2,3,4, where Ny = Ny = N3 = |7] and

Ny=N—- N, — Ny — N;.

Forecasts as features

Instead of equidistant quantiles, for each location ¢ and training period of
length n, consider simply the 4n-dimensional concatenation of training vectors
of furms, fonTL, frns and Sgns (the m high-resolution and n control
forecasts from the training window and the n-dimensional mean and standard
deviation vectors of the corresponding exchangeable members) in the order as
they are listed. Naturally, this simple approach might result in rather high-
dimensional features (referred to as FF'), which increases the computational
cost of k-means clustering. However, the additional cost is usually less than
the cost of computing the equidistant quantiles comprising a forecast-based
quantile feature.
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Figure 4.1: Flowchart of the semi-local parameter estimation method for the
observed locations and the interpolation algorithm for an unobserved site.

Interpolation algorithm

As forecast-based features are available at both observed and unobserved loca-
tions, we propose the following interpolation algorithm, an overview of which
is provided in the flowchart of Figure 4.1.

Step 1. Using either observation-based features or one of the forecast-
based approaches, estimate clustering-based semi-local EMOS models for
the observed locations. As outputs, one gets the clusters of observed
sites and the parameters of the corresponding EMOS models, see the left
column of Figure 4.1.

Step 2. Choose one of the forecast-based feature selection methods (not
necessarily the same as in Step 1). To each observed location assign
the corresponding feature vector and calculate the cluster means for the
clusters formed in Step 1. The outputs of this step are these cluster
means, see the middle column of Figure 4.1.

Step 3. Calculate the same forecast-based features as in Step 2 for un-
observed locations (operation feature calculation in the right column of
Figure 4.1).
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Step 4. Assign each unobserved location to the closest cluster in terms
of the Euclidean distance of the feature vector of the given unobserved
location to the cluster mean (operation closest cluster selection in the
right column of Figure 4.1).

Step 5. For each unobserved location use the EMOS parameters of the
assigned cluster to calculate the corresponding predictive distribution,
see the final output of the the right column of Figure 4.1.

When the number of clusters matches the number of observed locations,
the approach reverts to a local method. Conversely, using a single cluster
aligns with regional estimation. In the local method, unobserved locations are
assigned to the nearest observed one based on the Euclidean distance between
their feature vectors.

An alternative would be to use geographical distance for interpolation. This
method assigns an unobserved location to the closest cluster based on the av-
erage geographical distance to cluster members. For local models, this would
mean that an unobserved location inherits the EMOS parameters of the geo-
graphically nearest observed location. However, for our dataset, geographical
interpolation consistently falls short compared to the forecast-based algorithm
across all semi-local cases and lead times, based on three case studies discussed
in Section 4.3. Although geographical matching offers slight benefits for local
models at short lead times, this minor advantage is still inferior to forecast-
based matching that minimizes the Euclidean distance between the correspond-
ing FQ or FF feature vectors, and overall, local models do not match the per-
formance of interpolated forecast-based semi-local methods. Additionally, our
study found no evidence of a negative correlation between the predictive ac-
curacy of a calibrated forecast at an unobserved location and its geographical
distance from the nearest observed site providing the EMOS parameters.

4.2 Data

In our case study, we assess the efficacy of the interpolation algorithms delin-
eated in Section 4.1 utilizing 52-member ECMWF ensemble forecasts of 10-
meter wind speed for 674 SYNOP stations across Europe, Asia, and Australia,
covering the period from January 1, 2020, to April 30, 2023. This dataset
includes the ECMWF HRES forecast at TCo1279 resolution (9 km grid), the
CNTL forecast, and 50 ENS members generated with perturbed initial condi-
tions, all with an 18-km grid spacing (TCo0639). Forecasts are initialized at
0000 UTC, and we examine 10 different lead times ranging from 1 to 10 days.
Out of the total SYNOP stations, 75% (506 stations, referred to as "observed
locations”) were randomly selected to estimate the parameters for wind speed
predictive distributions. These models were then interpolated to the remaining
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Figure 4.2: Locations of SYNOP stations and the distribution of observed and
unobserved locations.

168 stations (referred to as "unobserved locations”), as shown in Figure 4.2.
The dataset has about 1.65% of the forecast cases incomplete due to missing
forecasts or observations.

4.3 Results

The quality of the interpolation algorithm presented in Section 4.1 in terms of
the predictive performance of post-processed forecasts at unobserved locations
is tested with the help of ECMWEF 10-m wind speed data introduced in Section
4.2. Based on the three investigated feature sets, we consider three different
semi-local EMOS models for the observed locations (Step 1), which will be
referred to as semi-local OQ (observation-based quantile features), semi-local
FQ (forecast-based quantile features) and semi-local FF (forecasts as features).
According to Lerch and Baran (2017), provided one has enough features to rep-
resent the empirical CDF's, the size N of the quantile-based features has only
a marginal effect. Hence, in the observation-based case we set N = 24 as in
Lerch and Baran (2017) and Szabé et al. (2023), whereas in the forecast-based
one, similar to Baran et al. (2020), 40-dimensional features are considered.
Observed locations are arranged into 20 clusters, and unobserved locations are
assigned to clusters (Steps 2 and 3) utilizing forecasts as features, since this
approach results in more skillful models than the use of forecast-based quantile
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Figure 4.3: CRPS of post-processed and raw 10-m wind speed forecasts for
observed (a) and unobserved (b) locations, and CRPSS of local and semi-local
models with respect to the regional approach for observed (c¢) and unobserved
(d) locations together with 95% confidence intervals as functions of the lead
time.

features. As a reference post-processing approach, we consider the regional
TN EMOS model based only on the observed locations and interpolated to the
unobserved sites. As mentioned, in the regional case one has a single set of
EMOS parameters for all observed sites, which parameters are then utilized
at the unobserved locations as well. Furthermore, we also report the scores of
the local TN EMOS model and its interpolation with the help of forecasts as
features (an unobserved location inherits the parameters of the closest observed
one in terms of the Euclidean distance of their feature vectors, see Section 4.1),
and the raw ECMWF ensemble forecasts. All EMOS models are trained using
a 60-day rolling training window, and forecast-observation pairs of the period
May 1, 2020 — April 30, 2023 are considered for validation purposes. Note that
semi-local models based on 10 and 15 clusters and training period lengths of
30 and 90 days were also tested. In general, the predictive performance of the
EMOS models exhibits only a very slight dependence on the training period
length with 60 days being the optimal one, and fewer clusters result in slightly
worse forecast skill for all investigated forecast-based semi-local models and
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Figure 4.4: Proportions of observed (upper triangle) and unobserved (lower
triangle) locations with significantly different mean CRPS at a 5% level of
significance for lead times 1 (a), 4 (b), 7 (c¢) and 10 (d) days.

training windows.

Figures 4.3a,b show the mean CRPS of post-processed and raw forecasts
for observed and unobserved locations, respectively. As expected, all calibrated
forecasts outperform the raw ensemble by a wide margin, and the skill of the
various EMOS models degrades with the increase of the forecast horizon. Note
that the different shape of the mean CRPS of the raw forecasts is due to the
representativeness error in the verification, which behaviour has been observed
in other case studies as well (see e.g. Baran et al., 2021), and can be partially
corrected by the perturbed-ensemble approach of Ben Bouallégue et al. (2020).
At the observed locations the local TN EMOS model exhibits the best overall
predictive performance, closely followed by the observation-based semi-local
approach (OQ) of Lerch and Baran (2017), which after day 7 results in the
lowest mean CRPS. Furthermore, according to the skill scores of Figure 4.3c,
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Figure 4.5: twCRPSS values of semi-local models with respect to the regional
approach for thresholds 6 m/s (a,b), 8 m/s (c,d) and 9 m/s (e,f) for observed
(a,c,e) and unobserved (b,d,f) locations together with 95 % confidence intervals

as functions of the lead time.

at observed locations all semi-local EMOS models significantly outperform the
regional one with the observation-based (OQ) approach being far the best, and
the difference between the two forecast-based methods is also significant for
all lead times. As Figures 4.3b,d indicate, the lack of observations drastically
changes the model ranking. Local model results in the highest mean CRPS
and while the performance of the two forecast-based semi-local EMOS models
is similar at observed and unobserved locations, the observation-based semi-
local EMOS is significantly behind its competitors. In general, at unobserved
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locations the skill of best performing forecast-based semi-local FF EMOS ap-
proach is 2.3 — 6 % ahead of the performance of the regional TN EMOS model,
whereas at observed sites its advantage is in the 3 — 6.7 % interval.
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Figure 4.6: twCRPSS values of semi-local models with respect to the regional
approach for thresholds 6 m/s (a,b), 8 m/s (c,d) and 9 m/s (e,f) for observed
(a,c,e) and unobserved (b,d,f) locations together with 95 % confidence intervals

as functions of the lead time.

The above findings are further supported by Figure 4.4 showing the pro-
portions of stations where simultaneous DM tests for observed and unobserved
locations indicate significant difference in the mean CRPS over the verification
period at a 5% level for lead times 1, 4, 7 and 10 days. The raw ensemble is
clearly separated from all other forecasts for all lead times, whereas the decreas-
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prediction intervals of post-processed and raw 10-m wind speed forecasts for
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panels (a) and (b) the ideal coverage is indicated by the horizontal dotted line.

ing proportions of observed locations where local and semi-local OQ forecasts
differ significantly (day 1: 45.26 %; day 4: 18.38%; day 7: 10.08 %; day 10:
9.88%) are nicely in line with the behaviour of the corresponding curves of
Figures 4.3a,c.

To compare the skill of post-processed forecasts in predicting high wind
speeds, we consider the twCRPSS values of the semi-local methods with respect
to the regional EMOS approach for thresholds 6, 8 and 9 m/s corresponding to
the 95th, 98th, and 99th percentiles of observed 10-m wind speed, respectively
(Figure 4.6). Here the local model is omitted from the analysis as at unobserved
locations in terms of the mean twCRPS it is far behind the competitors for all
thresholds. At observed locations, the ranking of the semi-local models is rather
consistent (Figures 4.6a,c,e) and resembles the ordering with respect to the
CRPSS (see Figure 4.3c). The observation-based (OQ) semi-local modelling is
superior to the forecast-based (FQ and FF) approaches, which are quite close
to each other in forecast skill. However, the forecast uncertainty increases
with the threshold and for r =9 m/s from day 8 the difference between the
semi-local OQ and semi-local FQ forecasts is not significant. In contrast, at



38 CHAPTER 4. CLUSTERING-BASED SPATIAL INTERPOLATION

Semi-local OQ
5 Day 1 Day 4 Day 7 Day 10
c
06 Location
3s- O
&4 | Observed
S3. O | Unobserved
53
5.
E=h 7 ﬁ = H = H =
o0 00 00000 DL O KL 50000 5063058500500 025258 SRR 554056 50505058 5253258500528 S BB 5050000 BB S RREK ]
€ 00 02 04 06 08 1000 02 04 06 08 1000 02 04 06 08 1000 02 04 06 08 10
T

Semi-local FQ

> Day 1 Day 4 Day 7 Day 10

2

S,

3.

&

=]

%é,ll—ﬁ_[jltlii 5 s 525 8 e e s R o M [ 55 e 0 25 0 0 s S R S I 55 05 B 8 S R 05 R |
< 00 02 : :

04 06 08 1000 02 04 06 08 1000 02 04 06 08 1000 02 04 06 08 10
PIT

Semi-local FF

> Day 1 Day 4 Day 7 Day 10
2
G6-
55-
24
£ 8 ] I
=
1.kl
R o o K 0 2 0 R M s e o0 o 20 R Ml s o 2 o 2 2 o I 2 5 90 0 X 0 e S B
€ 00 02 04 06 08 1000 02 04 06 08 1000 02 04 06 08 1000 02 04 06 08 10
PIT
Regional
> Day 1 Day 4 Day 7 Day 10
9
35
ga-
&
3.
g i & &
21
BRI 5% B0 1252 0 R 2026 3% R I XS T 55 520 SR R 2508 O S8 I T 5 M5 R0 TR 0 2620206 6 R I o0 Bl 55 K24 0% X6 X KoK X B8
€ 00 02 04 06 08 1000 02 04 06 08 1000 02 04 06 08 1000 02 04 06 08 10
PIT
Local
> Day 1 Day 4 Day 7 Day 10
2
@6-
g
B =
v [ =
=h F. | ke =] =2 =
20- 00 0 o0 R R DL B 100 50 X0 DX 00 DA B 1500 50000 DA O B 10 B0 00 AR B
€ 00 02 04 06 08 1000 02 04 06 08 1000 02 04 06 08 1000 02 04 06 08 10
PIT
Ensemble
Day 1 Day 4 Day 7 Day 10
] = 255 5058 oo o 5t o e 1565

40 5 0 10 20 30 40 50 0 10 20 30 40 50
Verification Rank
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cross-hatced parts indicate the intersection of the corresponding histograms for
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Observed locations Unobserved locations

Forecast Day1l Day4 Day7 Dayl1l0 Dayl Day4 Day?7 Day10

Semi-local OQ  0.117 0.116 0.115 0.115 0.148 0.145 0.140 0.138
Semi-local FQ 0.112 0.112 0.112 0.112 0.117 0.116 0.117 0.118
Semi-local FF 0.114 0.114 0.114 0.114 0.119 0.119 0.119 0.120
Regional 0.113 0.112 0.111 0.111 0.115 0.116 0.116 0.116
Local 0.121 0.121 0.119 0.119 0.156 0.151 0.145 0.141

Table 4.1: Variances of PIT values of post-processed forecasts of 10-m wind
speed for lead times 1, 4, 7 and 10 days. The reference variance of the ideal
standard uniform distribution is 0.083.

unobserved locations the predictive performance of the semi-local forecasts at
the tails (Figures 4.6b,d,f) completely differs from their overall performance
(Figure 4.3d). While in terms of the mean CRPS the semi-local OQ forecast
is significantly behind the regional and forecast-based semi-local (FQ and FF)
methods for all lead times, for the lowest threshold of 6 m/s the differences in
twCRPSS are not significant, whereas for higher thresholds observation-based
(OQ) semi-local modelling results in significantly higher twCRPSS values than
the competing EMOS models.

As mentioned in Chapter 3, the general aim is to obtain predictive distri-
butions that are calibrated, meaning around 96.23% of verifying observations
fall in the nominal 96.23% symmetric central prediction intervals that are, on
average, narrower than those of raw ensemble forecasts. As displayed in Figure
4.7a, at observed locations all post-processing approaches substantially improve
the coverage of the raw ECMWEF 10-m wind speed forecasts, which ranges from
38.32% to 69.65 % and increases with the increase of the forecast horizon. Re-
gional and forecast-based semi-local EMOS models (FQ and FF) result in the
highest and almost identical coverage values with a slightly decreasing trend;
however, their coverage of around 74 % is still far from the nominal 96.23 %
level. Note that the coverages of observation-based semi-local (OQ) and local
EMOS approaches — resulting in far the sharpest predictive distributions (see
Figure 4.7c) — are just slightly below the coverage values of the other three
EMOS models. According to Figures 4.7b,d, at unobserved locations the be-
haviour of raw forecasts and interpolated regional and forecast-based semi-local
EMOS models are rather similar to what we see at the observed sites (Figures
4.7a,c); nonetheless, there is a slight systematic decrease of around 4 percent-
age points in all coverage values. In contrast, the coverages of the local and
observation-based semi-local EMOS models are substantially lower; from days
6 and 7, respectively, they are even below the coverage of the raw ensemble.
This means, that for longer lead times at unobserved locations these latter two
post-processing methods can hardly improve the statistical inconsistency of the
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Figure 4.9: MAE of the median 10-m wind speed forecasts for observed (a) and
unobserved (b) locations, and difference in MAE of local and semi-local mod-
els from the regional approach for observed (c) and unobserved (d) locations
together with 95 % confidence intervals as functions of the lead time.

raw ECMWF predictions and the corresponding observations.

The verification rank and PIT histograms of Figure 4.8 provide further ev-
idence of the improved calibration of post-processed forecasts compared to the
raw ECMWF ensemble both at observed and unobserved locations. Raw fore-
casts are highly underdispersive (U-shaped) with a strong positive bias at both
sets of sites; nevertheless, these deficiencies become less pronounced with the
increase of the forecast horizon. Post-processing considerably decreases under-
dispersion and to a certain extent also the bias. Regional and forecast-based
semi-local methods result in rather similar PIT histograms both at observed
and unobserved locations; however, in the latter case, the bias correction is
slightly less successful. In contrast, at unobserved locations, the PIT his-
tograms of local and observation-based semi-local (OQ) EMOS models are
far more underdispersive than their counterparts at the observed sites. The
variances of the PIT values reported in Table 4.1 are nicely in line with the
above findings. All displayed variances are much larger than the reference vari-
ance of 0.083 (1/12) of the standard uniform distribution, indicating that the
corresponding predictive distributions are underdispersive (see e.g. Moller and
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GroB, 2020). The smallest PIT variances correspond to the regional and semi-
local FQQ models both at observed and unobserved sites, closely followed by the
semi-local FF approach.

Finally, Figures 4.9a,c showing the MAE of median forecasts and the differ-
ence in MAE of semi-local EMOS approaches from the regional EMOS tell the
same story as the corresponding panels of Figure 4.3. At observed locations
local and observation-based semi-local EMOS calibration is the most beneficial
and the MAE values of regional and semi-local models differ significantly. How-
ever, in contrast to the mean CRPS (Figures 4.3b,d), while the behaviour and
ranking of regional and forecast-based semi-local models remain the same at
observed and unobserved sites (Figures 4.9b.d), at unobserved locations up to
day 7, there is no significant difference in terms of MAE between the regional
and the observation-based semi-local EMOS model.

Based on the above analysis one can conclude that while at observed loca-
tions the local approach exhibits the best overall performance, closely followed
by the observation-based semi-local modelling, clustering-based interpolation
of semi-local EMOS models considering forecasts as features is superior to the
regional approach to parameter estimation and results in more skillful predic-
tive distributions at locations where no observations are available.

Finally, note that we also experimented with the kriging-based technique of
Scheuerer and Moller (2015) with the intention of using it as a further reference
method. At observed locations we considered the suggested two-step EMOS
approach with a 60-day rolling training period, whereas at unobserved sites
the location and the log-scale of the TN predictive distribution were modelled
by intrinsically stationary fractional Brownian surfaces with nugget effect. In
general, at observed locations the two-step TN EMOS model of Scheuerer and
Moller (2015) exhibits a fair predictive performance ranked above our regional
and forecast-based semi-local TN EMOS methods, but below the local and
observation-based semi-local TN EMOS forecasts. In contrast, at unobserved
sites the kriging-based prediction substantially underperforms all competitors;
moreover, the estimation of the covariance parameters of the underlying ran-
dom fields and the kriging processes require several magnitudes higher compu-
tation time than our interpolation algorithm. For instance, for a single lead
time, the kriging-based interpolation for all 1095 dates in the verification pe-
riod takes approximately 6.48 hours, whereas our approach requires roughly
2 minutes (R version 4.1.2; Ubuntu Linux 22.04.4 LTS, Intel(R) Core(TM)
i7-9700KF CPU, 3.60GHz; 64 Gb RAM). Hence, for the sake of brevity, we
decided against providing the details of the kriging-based interpolation, and
reporting the corresponding verification results.
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4.4 Summary and conclusion

In this chapter, we presented a new methodology for interpolating parametric
predictive distributions that avoids the computational cost of the spatial in-
terpolation methods proposed either by Kleiber et al. (2011) or by Scheuerer
and Bilermann (2014) and Scheuerer and Moller (2015), since the presented
methodology does not need the computationally very expensive estimation of
an underlying Gaussian field or require any additional station-specific infor-
mation. This approach, which relies solely on the data essential for EMOS
modelling, is adaptable to any parametric post-processing method, including
distributional regression networks (Rasp and Lerch, 2018).

Our results indicate that local and observation-based semi-local methods
perform best at observed sites, while forecast-based semi-local approaches out-
perform both observation-based and local methods at unobserved locations.
Compared to regional models, forecast-based semi-local models offer sharper
prediction intervals, better mean CRPS, and lower MAE of median forecasts.

These findings highlight that no universal post-processing method is ideal
for all scenarios. For observed sites, local or observation-based semi-local meth-
ods are preferable, while forecast-based semi-local methods are more effective
for unobserved locations. The success of forecast-based methods is due to the
alignment of feature vectors derived from similar quantities.

Future research could explore extending station-based post-processing to
gridded dual-resolution forecasts, especially with the new CY48R1 ECMWEF
model cycle, and examine the performance of multivariate post-processing
methods, such as ensemble copula coupling or Gaussian copula approaches,
for unobserved and gridded locations.



Chapter 5

Statistical post-processing
of visibility ensemble
forecasts

5.1 Introduction

Visibility is a critical parameter in aviation meteorology, significantly impact-
ing all phases of flight, particularly during takeoff and landing. Low visibility
conditions necessitate the implementation of Low Visibility Procedures (LVPs)
(see e.g. Roquelaure and Bergot, 2009; Boudala et al., 2012; Dietz et al., 2019)
at airports, which can reduce capacity and potentially lead to delays or can-
cellations. Beyond aviation, visibility plays a vital role in maritime navigation,
road transportation, and agriculture, with poor visibility being one of the lead-
ing causes of road accidents.

According to the World Meteorological Organization (WMO), visibility is
defined as “the greatest distance at which a black object of suitable dimensions,
located on the ground, can be seen and recognized when observed against the
horizon sky” (WMO, 1992). Therefore, accurate visibility forecasts yield direct
economic and safety benefits across various sectors. Despite advancements in
meteorological forecasting, visibility remains a particularly challenging variable
to forecast accurately. Most NWP models do not explicitly simulate visibility,
instead deriving forecasts from other weather variables such as relative hu-
midity, precipitation, or aerosol concentration (Chmielecki and Raftery, 2011).
Several factors contribute to the complexity of forecasting visibility, including
challenges in simulating fog formation and resolving microphysical processes
that affect visibility in polluted environments (Gultepe et al., 2006; Wagh et
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al., 2023). Additionally, the coarse vertical resolution of operational NWP mod-
els can hinder the accurate representation of fog formation processes. At the
ECMWEF, visibility was incorporated into the Integrated Forecasting System
(IFS) in 2015, based on model outputs of water vapor, clouds, precipitation,
and climatological aerosol fields (ECMWF, 2024a). Visibility observations,
particularly at SYNOP stations, are typically reported in discrete values as
recommended by the WMO: “100 to 5000 m in steps of 100 m, 6 to 30 km in
steps of 1 km, and 35 to 70 km in steps of 5 km” (WMO, 2018, Section 9.1.2).
A much finer, but still discrete reporting scheme is used in the Meteorological
Aerodrome Report (METAR), where the maximal reported visibility is 10 km,
50 m steps are considered up to 800 m, 100 m steps from 800 m to 5 km, and
1 km steps from 5 km to 10 km (WMO, 2022). Hence, similarly to total cloud
cover (TCC) forecasts, which are reported in oktas, visibility post-processing
can be approached as a classification task, estimating probabilities for discrete
categories. This framework has been effectively utilized in post-processing TCC
forecasts using methods such as POLR and MLP neural networks (see Section
1.3), both of which have demonstrated superior forecast skill compared to other
methods (Baran et al., 2021).

In this chapter, we focus on calibrating visibility ensemble forecasts from
the ECMWF and utilizing the EUPPBench dataset (Demaeyer at al., 2023),
employing POLR and MLP approaches (Baran and Lakatos, 2023). We explore
the potential benefits of incorporating visibility predictions from the Coperni-
cus Atmosphere Monitoring Service (CAMS) as additional covariates to en-
hance overall forecast accuracy (including low visibility events). Throughout
our analysis, we use raw ensemble forecasts and climatology as reference bench-
marks. Additionally, we investigate whether the inclusion of CAMS data helps
reinstall spatial dependencies between marginal distributions, thereby address-
ing a key limitation of univariate post-processing methods (Lakatos and Baran,
2024).

5.2 Data

In the subsequent subsections, we examine two datasets containing ECMWF
visibility ensemble forecasts and their corresponding validation observations,
which we calibrate using the classification methods outlined in Section 1.3. Al-
though these datasets encompass different time periods, there are some over-
lapping areas within their ensemble domains. The observations follow WMO
guidelines and are reported in the following discrete values:

¥ = {0,100, 200, ...,4900, 5000, 6000, 7000, . ..,
29000, 30000, 35000, 40000, . . . , 65000, 70000},
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Figure 5.1: Locations of SYNOP observation stations corresponding to (a)
EUPPBench benchmark dataset; (b) ECMWTF forecasts for 2020-2021.

Forecasts are provided in increments of 1 m and are matched with the
observations by rounding down to the nearest reported value.

First, we analyze visibility data from the FUPPBench benchmark dataset.
This dataset includes the 51-member operational ECMWF ensemble, consisting
of both the CNTL forecast and 50 interchangeable ENS members generated
using random perturbations, as well as HRES forecasts. Covering the years
2017 and 2018, this dataset consists of ensemble forecasts initialized at 0000
UTC, with a forecast horizon of 120 hours and a temporal resolution of 6 hours
for 42 SYNOP stations in Germany and France (see Figure 5.1a). Notably,
about 1.5 % of the forecast cases in this dataset are incomplete due to missing
observations from certain stations. The EUPPBench dataset also contains
gridded data, including ECMWTF visibility forecasts and reforecasts. However,
using reforecasts would not align with the second investigated dataset, as these
are only available on specific days (Mondays and Thursdays).

In addition, we make use of a dataset comprising operational 51-member
ECMWTF visibility forecasts corresponding to a different region and time period.
This dataset pertains to the calendar years 2020 and 2021 and includes data
from 30 SYNOP stations located in Germany, the Czech Republic, and Poland
(refer to Figure 5.1b). Forecasts are initialized at 0000 UTC, and we analyze
40 different lead times ranging from 6 to 240 hours, with a time step of 6 hours.
This dataset is notably complete, with no missing observations, except for two
specific days when certain predictions were not available: on June 2, 2021,
and December 17, 2021, there were no exchangeable ensemble members for the
forecast horizons of 132 hours and 114 hours, respectively.

Furthermore, we incorporate visibility forecasts from the CAMS, which
serves as an independent yet comparable meteorological parameter. The de-



46 CHAPTER 5. POST-PROCESSING OF VISIBILITY FORECASTS

7000

6000

5000

Frequency

w N
o o
S S
S S

2000

o Ll
, TR

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70
Reported Visibility (km)

Figure 5.2: Distribution of reported visibility observations for calendar years
2020 — 2021.

terministic predictions from CAMS are part of the global atmospheric compo-
sition forecasts provided by ECMWEF. The CAMS global forecast utilizes the
IF'S, similar to ECMWF’s weather forecasts, but incorporates specific modules
to account for aerosols, reactive gases, and greenhouse gases. As the CAMS
forecasts are available for the same 30 stations as the ECMWF forecasts but
only up to 120 hours, with 6-hour temporal steps, in Section 5.3.2, we are lim-
ited to generating post-processed forecasts within this time frame. For further
details on the calibration of the ECMWF ensemble forecasts extending to 240
hours, refer to Appendix B.

The analysis of reported visibility observations related to the ECMWF and
CAMS forecasts reveals that 80.78 % of the total 87,720 observations recorded
visibility of at least 10,000 m. For a visualization of the distribution of visibility
observations within the dataset, please refer to Figure 5.2. The proportions of
low visibility events (LVP) with observed visibility below specific thresholds
are as follows: 3.19% for dense fog (below 200 m), 5.17 % for visibility below
500 m, 6.24 % for visibility below 1000 m (fog), and 8.94 % for visibility below
3000 m. These thresholds were chosen to be consistent with recent studies
focusing on the prediction of low visibility events, which are crucial in the
context of aeronautical meteorology (see, for example, Penov and Guerova
(2023); Shankar and Sahana (2023); He et al. (2024)).

5.3 Results

As mentioned in the Introduction (Section 5.1), our goal is to post-process
visibility forecasts based on the forecast-observation pairs presented in Section
5.2 for our case studies. During the modelling process we consider all three
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Figure 5.3: Mean CRPS of post-processed, raw and climatological EUPPBench
visibility forecasts for calendar year 2018 (a) and CRPSS of post-processed
forecasts with respect to climatology (b) as functions of the lead time.

approaches to the spatial selection of training data, that is local, regional, and
semi-local (see Section 3.2). In this chapter, we compare the results of Baran
and Lakatos (2023) and Lakatos and Baran (2024), thereby demonstrating the
usefulness of the post-processing procedures while highlighting the justification
for incorporating CAMS forecasts into the post-processing workflow.

While Baran and Lakatos (2023) primarily addresses the post-processing
of forecasts from the ECMWF and EUPPBench datasets, our second study
explores the added value of incorporating CAMS visibility forecasts as sup-
plementary covariates in the POLR and MLP methods for the discrete post-
processing of ECMWF ensemble predictions. This approach is compared to
models that rely solely on raw ECMWF ensemble data. Additionally, we eval-
uate the predictive performance of the resulting multivariate forecasts using
ensemble copula coupling and the Schaake shuffle. In Section 5.3.1, we present
the results of post-processing ensemble forecasts from the EUPPBench dataset,
while Section 5.3.2 focuses on how CAMS forecasts enhance the effectiveness
of the post-processing methods compared to forecasts based exclusively on
the 51-member ECMWF ensemble. Detailed results on the post-processing
of ECMWF ensemble forecasts can be found in Appendix B.

Since, both the MLP and POLR methods require training data, which is
large enough to allow reliable modelling, and to ensure alignment with the
results presented by Baran and Lakatos (2023), all MLP and POLR classifiers
analyzed here employ a rolling training period of 350 days, treating each lead
time independently. This, in the case of regional estimation, means 14700
forecast cases for the FUPPBench dataset and 10500 forecast cases for the
ECMWEF dataset for each training step.

We implement local (MLP-L and POLR-L), regional (MLP-R and POLR-



48 CHAPTER 5. POST-PROCESSING OF VISIBILITY FORECASTS

| MLP-L | MLP-C | MLP-R | POLR-L | POLR-C | POLR-R | Climatology

CRPS | 66.35% | 65.53% | 68.47% 64.67% 66.05 % 69.96 % 68.19%
LogS 45.48% | 43.91% | 44.45% 44.86 % 43.66 % 44.55% 64.39 %

Table 5.1: Overall mean CRPS/LogS of post-processed and climatological
EUPPBench visibility forecasts for calendar year 2018 as proportion of the
mean CRPS/LogS of the raw ECMWTF ensemble.
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Figure 5.4: Mean LogS of post-processed, raw and climatological EUPPBench
visibility forecasts for calendar year 2018 (a) and LogSS of post-processed fore-
casts with respect to climatology (b) as functions of the lead time.

R), and clustering-based semi-local (MLP-C and POLR-C) training method-
ologies, where the latter utilizes k-means clustering of SYNOP stations. These
clusters are based on three-dimensional feature vectors reflecting observed fre-
quencies for visibility intervals of 0-5000 m, 5000-30000 m, and 30000—70000
m during the training period. With the shift of the training data, the clus-
ters are recalculated dynamically, and in general, 8 clusters are formed in the
case of the EUPPBench data and 4 in the case of forecasts for 2020-2021,
provided each cluster contains at least 4 locations. Otherwise, the number of
clusters is reduced and the clustering-based estimation might even fall back to
regional modelling. The forecast skill of the competing post-processing meth-
ods is tested on data for a complete calendar year. As reference forecasts we
consider the raw visibility ensembles and climatology, where observations of a
rolling training period of a given length are considered as a forecast ensemble.

Before calculating the input features of the POLR and MLP models, a nor-
malization of the forecasts is performed; namely, all forecast values are divided
by 70000. Then we consider the following set of predictors: the (normalized)
control member of the ensemble fCNT L = fonTr/70000, the mean ?E ng of
the 50 (normalized) exchangeable members, the variance s? of the 51-member
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(normalized) operational ensemble, in the case of the EUPPBench dataset the
(normalized) high-resolution forecast fyres := furrs/70000, and the pro-
portions pp, pe and ps of ensemble members predicting visibility up to 1000
m, 1000 to 2000 m and more than 30000 m, respectively. The use of the control
member, the mean of the exchangeable members, the ensemble variance, and
possibly the high-resolution forecast as predictors is in line with the sugges-
tions of Hemri et al. (2016) and rather common in parametric modelling based
on ECMWF ensemble forecasts (see e.g. Gneiting, 2014), whereas covariates
p1, p2 and ps (both the number of such proportions to be considered and the
boundaries) were selected based on a detailed data analysis. When analyzing
the effect of CAMS predictions on the skill of classification methods, we also
add the normalized CAMS forecast foams := focams/70000 to the input
features and investigate the forecast skill of CAMS extended local, regional,
and semi-local MLP and POLR post-processing based on the feature vector

. - < T
(fentr, fens foams, s%,p1,p2, s, B1, Ba) (5.3.1)

where following the suggestions of e.g. Dabering et al. (2017), seasonal varia-
tions are addressed by adding annual base functions

Bi1(d) := sin (27d/365) and Pa(d) := cos (2md/365)

to the input features, where d denotes the day of the year. Note that nor-
malization is required to have all input features commensurate, which makes
modelling numerically more stable. POLR models are fit using the R package
MASS (Venables and Ripley, 2002), while MLP classification is based on the
package RSNNS making the Stuttgart Neural Network Simulator (Zell et al.,
1994) available in R. The neural network has two hidden layers with 25 — 25
neurons, the maximal number of iterations to learn is restricted to 200, the
learning rate is 0.2 and both hidden layers use the logistic activation function,
which parametrization is a result of extended experimentation.

Finally, extremely low predicted probabilities resulting in numerical is-
sues in LogS calculations are handled by introducing a probability threshold
Pmin = 2.75 x 1075, which replaces all values in the predictive PMFs which
are below this probability. This particular choice of pui, ensures that with a
1% probability the corresponding reported visibility materializes at least once
in a year; however, it is low enough, so there are no observable differences in
terms of other scores between the original and the adjusted and renormalized
PMFs.
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Figure 5.5: CRPSS of POLR-L post-processed EUPPBench visibility forecasts
for calendar year 2018 with respect to climatology (a) and LogSS of POLR-C
and MLP-L approaches with respect to the POLR-L model (b) together with
95 % confidence intervals as functions of the lead time.

5.3.1 Calibration of EUPPBench visibility ensemble fore-
casts

The 52-member EUPPBench benchmark visibility forecasts are post-processed
with the help of POLR and MLP models with a feature vector

= x - T
(fures, fontL, FEns: $°P1,D2, 3, 1, B2) -

The joint use of the high-resolution term and the operational 51-member fore-
casts is in line with the recommendation of the ECMWF Directorate (2012),
suggesting that “the HRES and ENS forecasts should, wherever possible, be
used together to provide the most detailed description of future weather and
of the associated uncertainties”. Following Hemri et al. (2016) and Baran et
al. (2021), for the local, semi-local and regional POLR models the coefficients
of fHRES, fCNTL and fpyg are forced to be non-negative. Furthermore,
the performance of the various forecasts is compared using forecast-observation
pairs for the calendar year 2018. For the reference climatology a 40-day rolling
training period is chosen. This training period length is short enough to allow
climatological forecasts to adapt to seasonal variations in visibility. Finally, we
tested the skill of those climatological forecasts, that are based on the same
350-day training period as the post-processing approaches.

Both climatological and post-processed forecasts (MLP and POLR models)
result in far lower mean CRPS values than the raw EUPPBench ensemble for all
lead times (see Figure 5.3a). As depicted in Figure 5.3b, climatology performs
surprisingly well, clearly outperformed for all forecast horizons only by the lo-
cally trained POLR and MLP approaches. Except for lead times corresponding
to 1200 UTC, POLR~C and MLP-C also yield positive CRPSS with respect to
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Figure 5.6: PIT histograms of post-processed, climatological and raw visibility
EUPPBench forecasts for calendar year 2018 for lead times 6-30 h, 36—60 h,
6690 h and 96-120 h.

climatology and are superior to MLP-L, whereas POLR-R and MLP-R follow
a similar pattern but perform much worse than the corresponding semi-local
models. The ranking of forecasts based on Figure 5.3b (POLR-L — MLP-C —
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MLP-L | MLP-C | MLP-R | POLRL | POLR-C | POLR-R

21910713 [ 1.80x 101 [ 2.82x 10~ | 555 x 10~ | 1.15x 107 ¢ [ 457 x 10~ *

Table 5.2: Overall mean p-values of the afy,, tests for uniformity of the PIT
values for calendar year 2018.
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Figure 5.7: Coverage (a) and average widths (b) of 90% central prediction
intervals of raw and post-processed EUPPBench visibility forecasts for calendar
year 2018 as functions of the lead time. In panel (a) the ideal coverage is
indicated by the horizontal dotted line.

POLR-C — MLP-L - Climatology — MLP-R — POLR-R) is also confirmed by
Table 5.1 reporting the overall improvement in mean scores with respect to the
raw EUPPBench visibility ensemble forecasts.

In terms of the mean LogS, climatology is far behind post-processed fore-
casts. According to Figure 5.4b, semi-local models clearly outperform their
local counterparts and except for lead times corresponding to 1200 UTC, even
the regional approaches are superior to the local ones. From the studied cal-
ibration methods POLR-C results in the lowest mean LogS, closely followed
by the MLP-C, whereas MLP-L shows the poorest performance, see also Table
5.1.

The good performance of climatology with regard to the mean CRPS is
also confirmed by Figure 5.5a, as at forecast horizons 36 h, 60 h, 66 h, 84
h, 90 h, 108 h and 114 h even the best performing POLR-L model fails to
result in significantly positive CRPSS at a 5% level. Furthermore, the LogSS
of POLR-C with respect to POLR-L is significantly positive for all investigated
lead times, whereas the 95 % upper bound for the LogSS of the least performing
MLP-L almost coincides with the reference line. This means a barely significant
difference between the MLP-L approach and POLR-L.

Based on the PIT histograms of Figure 5.6, raw EUPPBench forecasts are
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Figure 5.8: RMSE of the mean EUPPBench visibility forecasts for calendar
year 2018 (a) and difference in RMSE from climatology (b) as functions of the
lead time.

highly underdispersive with a small bias increasing with the forecast horizon,
whereas climatology and all post-processing approaches display rather flat his-
tograms indicating improved calibration. Nevertheless, MLP predictions ex-
hibit a tiny overdispersion and climatological forecasts are slightly underdis-
persive. For all calibrated forecasts, the moment-based a5, test (Kniippel,
2015) rejects uniformity at a 5% level of significance for all 20 investigated
lead times. Nevertheless, a possible ranking of the competing post-processing
approaches in terms of goodness of fit of PIT can be obtained from Table 5.2
reporting the mean p-values of the alys, tests over all considered lead times
(the larger the better). Note that for raw and climatological forecasts, the PIT
values are concentrated around 53 and 41 bins (ensemble size +1), respectively.
Hence, these PIT histograms fall back to the corresponding verification rank
histograms (Wilks, 2019, Section 9.7.1).

According to Figure 5.7a, with the increase of the forecast horizon the
coverage of 90 % central prediction intervals of the raw EUPPBench forecasts
increases from 22 % to 51 %, and shows a clear diurnal cycle. This diurnal cy-
cle is also preserved in the coverage values of climatological and post-processed
forecasts; however, these curves do not display any further dependence on the
forecast horizon and are just slightly above 90%. The best coverage again
corresponds to climatological forecasts with a mean absolute deviation from
the nominal value of 0.82 %, followed by the POLR models (POLR-L: 1.32 %;
POLR-C: 2.12%; POLR-R: 3.03%) and MLP approaches (MLP-L: 3.69 %;
MLP-C: 4.59 %; MLP-R: 4.35%). The average widths of 90 % central prediction
intervals depicted in Figure 5.7b are nicely in line with the corresponding cov-
erage values, with the POLR-L approach providing the sharpest post-processed
forecasts.

Furthermore, all post-processing methods result in a considerable decrease
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in the RMSE of the mean forecast (see Figure 5.8a). Moreover, according to
Figure 5.8b, for the EUPPBench data climatology is fully able to catch up with
the POLR and MLP models and for forecast horizons corresponding to 1200
UTC it definitely outperforms their local versions.

Finally, 350-day climatology performs well only in terms of the LogS; how-
ever, even with respect to this particular score it is still slightly behind the
post-processed forecasts for all forecast horizons. The overall mean CRPS
of 350-day climatological forecasts is 73.67 % of the mean CRPS of the raw
EUPPBench ensemble (compare with the corresponding values of Table 5.1),
its mean absolute deviation in 90 % coverage from the nominal value is 3.19 %,
and the sharpness of the corresponding central prediction interval is between
the sharpnesses of locally and semi-locally trained MLP models.

5.3.2 Post-processing ECWMF visibility ensemble fore-
casts using CAMS covariates

In this subsection, we focus on the post-processing of ECMWF visibility en-
semble forecasts, integrating CAMS visibility forecasts as additional covariates.
Our goal is to determine whether the inclusion of CAMS data enhances forecast
accuracy compared to models based exclusively on ECMWF ensemble predic-
tions. By incorporating CAMS forecasts—specifically designed to account for
atmospheric elements like aerosols and reactive gases—we also aim to achieve
a more precise representation of low-visibility events.

Univariate performance

To simplify the presentation, the predictive performance of univariate visibility
forecasts is evaluated with the help of the mean CRPS and mean LogS over all
forecast cases in the verification period, together with the corresponding skill
scores. Furthermore, their skill in predicting low-visibility events is quantified
with the help of the mean BS. In the case of post-processed forecasts based
solely on ECMWEF ensemble predictions, further evaluation metrics can be
found in Appendix B. Reference MLP and POLR models are now based on the
feature vector

5 - T
(fCNTL7fENS7S2ap1ap2ap3vﬁl752) ) (532)

where for the latter the weights of fCNTL and ?E ~s are again forced to
be non-negative. The same constraint is applied for the coefficient fc Ams of
the CAMS extended local, semi-local and regional POLR models with input
feature vector (5.3.1).

As demonstrated in Section 4.2 of Baran and Lakatos (2023), in terms of
the mean CRPS and mean LogS (see Figures B.1a and B.2a in Appendix B), up
to 120 h, all MLP and POLR post-processed forecasts have shown significant
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Figure 5.9: Mean CRPS of climatological and post-processed visibility forecasts
based on CAMS extended MLP and POLR models (a) and CRPSS of CAMS
extended post-processed forecasts with respect to the corresponding MLP and
POLR models based only on ECMWTF predictions (b) as functions of the lead

time.

improvement compared to both the raw ensemble and climatology, which is now
based on the observations of the past 30 days. The extent of this improvement
is particularly striking in the case of the raw ensemble, which we have chosen
to exclude from our univariate analysis. Figure 5.9a displays the mean CRPS
of climatological and CAMS extended MLP and POLR forecasts as functions
of the forecast horizon. All post-processed predictions outperform climatology
for all lead times, and the ranking of the various approaches is identical to
the one for the corresponding reference models based on feature vector (5.3.2),
see Figure 2 of Baran and Lakatos (2023) or Figure B.1a in Appendix B. The
advantage achieved in mean CRPS by utilizing the CAMS extended feature
vector (5.3.1) over models based solely on ECMWTF forecasts is illustrated by
the CRPSS values of Figure 5.9b. In general, it can be observed that the
integration of CAMS into the post-processing workflow for regional models
yields the lowest benefits, but this advantage is still noteworthy. Note that the
best performing POLR and MLP variants, which are the local POLR model and
the semi-local MLP, profit the most from the extension of the input features
with an average CRPSS of around 3%. One should also remark that the
improvement in mean CRPS from including CAMS predictions might further
decrease for forecast horizons beyond 120 h.

The mean LogS values of Figure 5.10a tell the same story about the various
post-processing approaches as Figure 3 of Baran and Lakatos (2023), repro-
duced as Figure B.2 in Appendix B. Adding the CAMS forecast to the input
features of the local, semi-local, and regional MLLP and POLR models does not
change the ranking of the forecasts; however, as portrayed in Figure 5.10b, it
results in a modest 0.4 — 0.9 % average improvement in LogS.
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Figure 5.10: Mean LogS of climatological and post-processed visibility forecasts
based on CAMS extended MLP and POLR models (a) and LogSS of CAMS
extended post-processed forecasts with respect to the corresponding MLP and
POLR models based only on ECMWF predictions (b) as functions of the lead
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Figure 5.11: CRPSS (a) and LogSS (b) of CAMS extended MLP-C and POLR-
L forecasts with respect to the corresponding models based only on ECMWF
predictions together with 95 % confidence bounds as functions of the lead time.

To address the significance of gain of CAMS extended post-processing mod-
els with respect to the corresponding forecasts based only on ECMWF predic-
tions, in Figure 5.11 we accompany the CRPSS and LogSS of the MLP-C and
POLR-L approaches, which are the best model variants according to Baran
and Lakatos (2023), by 95 % block-bootstrap confidence intervals (for details
see Figure B.3 in Appendix B). As depicted in Figures 5.11a and 5.11b, up
to the maximal studied lead time of 120 h, the improvement in terms of both
scores is significant at a 5% level.

Finally, we investigate the skill of the best-performing CAMS extended
MLP-C and POLR-L methods for the visibility range considered in aeronautical
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Figure 5.12: Mean CRPS of raw, climatological and CAMS extended MLP-C
and POLR-L forecasts censored from above at 10 km (a) and CRPSS of CAMS
extended post-processed forecasts with respect to climatology (b) together with
95 % confidence bounds as functions of the lead time.

meteorology. We censor the observed classes from above at 10 km, so reported
observations exceeding this value are rounded down to 10 km, resulting in 56
different values, while the corresponding probabilities are pooled. Naturally, in
this case, the definition of the CRPS should be modified accordingly.

As depicted in Figure 5.12a, censoring at 10 km does not change the ranking
of the different forecasts in terms of the mean CRPS. However, compared to
Figure 2 of Baran and Lakatos (2023), —reproduced as Figure B.1 in Appendix
B-, the advantage of climatology over the (CAMS extended) raw ensemble
is much smaller, and the difference between climatological and post-processed
forecasts is also reduced compared to Figure 5.9a. Nevertheless, the local POLR
model significantly outperforms climatology for all lead times with a CRPSS
averaging 17.7 % (Figure 5.12b), whereas for the semi-local MLP approach, the
average gain in CRPSS over climatology is 9.5 %, and the difference fails to be
significant at a 5% level for forecasts corresponding to 1200 UTC.

The Brier skill scores of Figure 5.13 assessing the relative performance of
post-processed forecasts with respect to climatology for various low visibility
events convey the same message. The advantage of the POLR-L approach is
significant in all four cases for all lead times with BSS values between 9.3 %
and 21.4 %, while the MLP-C method again cannot show a significantly positive
skill for 1200 UTC observations.

Multivariate post-processing

Continuing our analysis, we delve into the comparison of forecast skill among
multivariate approaches detailed in Chapter 2. In the case of the applied mul-
tivariate methods, calibrated samples of size 51 are employed, mirroring the di-
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Figure 5.13: BSS of CAMS extended MLP-C and POLR-L forecasts with re-
spect to climatology for the events where visibility is below 200 m (a), 500
m (b), 1000 m (c), and 3000 m (d) together with 95% confidence bounds as
functions of the lead time.

mensionality of the raw ECMWF ensemble. When employing the SSh method,
which relies on historical data to establish dependency templates, we utilize
observations obtained from the rolling training window applied during univari-
ate calibration. This decision is made based on the finding of Lakatos et al.
(2023), that extending these pool dates to encompass the entire available his-
torical dataset may only yield negligible advantages. In our case, this entails
selecting 51 days from a pool of 350 dates (which is the length of the training
period). As mentioned, in both the ECC and SSh methods, the initial step
involves generating samples from the calibrated PMFs, which we perform by
considering their equidistant quantiles.

To simplify presentation, as univariate calibrated forecasts we consider the
CAMS extended MLP-C and POLR-L predictions and their counterparts based
only on the ECMWF ensemble. The corresponding multivariate predictions
obtained with the help of the ECC and SSh are referred to as MLP-C ECC,
POLR-L ECC, and MLP-C SSh, POLR-L SSh, respectively. We also report the
performance of naive multivariate forecasts obtained by simply arranging the
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Figure 5.14: Mean ES of raw, climatological and post-processed multivariate
visibility forecasts based on CAMS extended MLP-C and POLR-L models (a)
and ESS of CAMS extended post-processed forecasts with respect to multivari-
ate climatology (b) as functions of the lead time.
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Figure 5.15: Mean VS of raw, climatological and post-processed multivariate
visibility forecasts based on CAMS extended MLP-C and POLR-L models (a)
and VSS of CAMS extended post-processed forecasts with respect to climatol-
ogy (b) as functions of the lead time.

51-member station-specific MLP-C and POLR-L samples into 30-dimensional
vectors. In the multivariate context, notations MLP-C and POLR-L will re-
fer to these "independent” predictions. Finally, as a multivariate climatological
forecast, we consider the vector of 51 equidistant quantiles of 30-day climatolog-
ical PMFs corresponding to the investigated SYNOP stations. This approach
results in 51 continuous 30-dimensional vectors. In principle, one could also
consider the vectors of station-specific 51-day climatological forecasts; how-
ever, due to their discrete nature (all vector coordinates are elements of the
discrete set )), they would substantially differ from the competing calibrated
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Figure 5.16: ESS (a) and VSS (b) post-processed multivariate visibility fore-
casts based on CAMS extended MLP-C and POLR-L models with respect to
the corresponding forecasts based only on ECMWTF predictions as functions of
the lead time.

predictions.

First, we assess the performance of the previously discussed multivariate
forecasts based on the energy score. Figure 5.14a clearly illustrates the sub-
stantial superiority of each CAMS extended multivariate forecast over the raw
ensemble and the 30-day climatology in terms of this scoring rule. Notably,
the semi-local MLP ECC and local POLR ECC exhibit the best predictive
performance, extremely closely approaching their SSh counterparts, thereby
minimizing performance disparities and highlighting the success of multivari-
ate post-processing. According to the energy skill scores of Figure 5.14b, the
univariate MLP-C and POLR-L models alone demonstrate a substantial av-
erage improvement of 12 % over multivariate climatology, while the multivari-
ate models show even more pronounced performance enhancements, averag-
ing 17%. This analysis emphasizes that, at least in our dataset, irrespective
of the selected dependency template, multivariate models consistently exhibit
improvement compared to independent calibration and climatology.

Figure 5.15a presents a slightly different picture in terms of model rank-
ing, which might be a natural phenomenon when considering the variogram
score depicted here. This verification measure clearly illustrates the success
of multivariate post-processing in the redefinition of covariance structures. As
expected, (CAMS extended) naive models, such as MLP-C and POLR-L, do
not capture the spatial dependencies and might underperform the raw forecast
vectors and multivariate climatology, as well. According to the VSS values
of Figure 5.15b, the two-step multivariate models demonstrate a notable av-
erage improvement of over 17.6 % with respect to the reference climatological
predictions. Among these approaches, the POLR variants exhibit the highest
skill, particularly the POLR-L SSh configuration. Moreover, it is noteworthy
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Figure 5.17: ESS (a,c) and VSS (b,d) of CAMS extended MLP-C ECC and
POLR-L ECC multivariate forecasts with respect to multivariate climatology
(a,b) and to the corresponding MLP-C ECC and POLR-L ECC forecasts based
only on ECMWF predictions (c,d) together with 95% confidence bounds as
functions of the lead time.

that a more pronounced advantage was attained with the SSh models obtaining
dependence templates from past observations, compared to the ECC forecasts
utilizing the rank structure of raw ensemble.

In Figure 5.16, we illustrate how the CAMS extended post-processed fore-
casts compare to the corresponding multivariate predictions from classifiers
that ignore CAMS forecasts. Both the ESS and VSS reveal a diminishing ad-
vantage of CAMS integration with increasing forecast horizons. In the case of
the ES the differences between the various post-processed forecasts are minor
(see Figure 5.16a) with the MLP-C ECC variant showing the most overall im-
provement. The VSS values of Figure 5.16b again tell a different story. With
independent MLP-C and POLR-L models, there is an average improvement of
around 4 % and 2.5 %, respectively, in variogram scores suggesting that using
CAMS as a feature helps in better preserving spatial dependencies. For the
multivariate models, the gain is much smaller, and there are several lead times
where some models display even negative skill.
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Figure 5.18: Rank histograms of climatological and post-processed multivariate
visibility forecasts based on CAMS extended MLP-C and POLR-L models.
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For better clarity, in Figure 5.17, we accompanied the ESS and VSS values
of MLP-C ECC and POLR-L ECC forecasts — which are overall considered the
best performers — with 95 % bootstrap confidence bounds. In cases where cli-
matology serves as the reference, as seen in Figures 5.17a and 5.17b, in general,
the local POLR-based ECC outperforms its MLP-C counterpart. However, for
forecasts corresponding to 0600 UTC, both in terms of ES and VS, the dif-
ference is not significant, indicating that the advantage of the POLR-L ECC
approach over the MLP-C ECC is more apparent for the other three studied
observation times (1200, 1800, 2400 UTC). Furthermore, Figures 5.17c¢ and
5.17d demonstrate that incorporating CAMS forecasts as an additional feature
leads to a significant enhancement in ES for all investigated lead times, whereas
for VS there are a few instances of longer lead times exhibiting negative skill
within the confidence bounds.
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Figure 5.19: Reliability indices of rank histograms of raw, climatological and
post-processed multivariate visibility forecasts based on CAMS extended MLP-
C and POLR-L models as functions of the lead time.

In addition to the previous analyses, we also generated multivariate rank
histograms to thoroughly assess the differences in calibration of the individual
forecasts (see Figure 5.18). In general, properly calibrated forecasts result in
flat histograms, and the deviation from uniformity can be quantified by the
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reliability index (3.1.3). In principle, one can have an instant ranking of the
various multivariate predictions with the help of the reliability indices, dis-
played in Figure 5.19 (the smaller the better); however, the interpretation of
the different rank histograms can vary depending on the functions applied to
determine the pre-ranks, as these functions may be more sensitive to detect-
ing different deficiencies. Therefore, as argued by Thorarinsdottir et al. (2016)
and Allen et al. (2024), using multiple pre-rank functions to evaluate the per-
formance of the forecasts could be beneficial, providing a more comprehensive
comparison. In the case of naive MLP-C and POLR-L models, hump-shaped
average- and band-depth rank histograms indicate overestimated correlations,
which is also supported by the skewed energy score- and dependence rank his-
tograms. To a smaller extent, the same applies to the multivariate climatology.
Multivariate calibration results in a substantial improvement, especially in the
case of MLP-C ECC and POLR-L ECC forecasts. According to Figure 5.19,
in terms of the average ranks, these two methods provide by far the lowest
reliability indices and are very competitive with the MLP-C SSh and POLR-L
SSh approaches in the three other cases, as well.

5.4 Conclusions

This chapter synthesizes findings from two papers that focus on the statis-
tical post-processing of visibility forecasts using distinct datasets. The first
study explores univariate discrete post-processing of visibility forecasts from
the ECMWF ensemble and the EUPPBench dataset, evaluating the perfor-
mance of proportional odds logistic regression (POLR) and multilayer percep-
tron (MLP) classifiers. We analyze 51-member operational ECMWF forecasts
across 30 locations in Central Europe, with a forecast horizon of 240 hours and
a time step of 6 hours for the years 2020 and 2021. Results indicate that both
climatological and post-processed forecasts substantially outperform raw en-
semble forecasts in terms of mean CRPS, mean LogS, and RMSE, though the
performance gap narrows as the forecast horizon extends (see Appendix B for
ECMWTF results, and Section 5.3.1 for EUPPBench outcomes). POLR mod-
els demonstrate superior performance compared to MLP counterparts, echoing
the findings of Baran et al. (2021) regarding total cloud cover forecasts. No-
tably, the locally trained POLR model excels among post-processing methods,
while semi-local training often outperforms local training in machine learning
approaches.

The second study continues from Baran and Lakatos (2023), investigating
location-specific discrete post-processing of visibility. We address three main
questions: the capability of advanced multivariate post-processing approaches
to restore spatial dependencies lost during separate calibration of visibility
ensemble forecasts; the impact of incorporating CAMS visibility predictions
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Figure 5.20: Boxplots of ECMWTF visibility forecasts (logarithmic scale) for
Fichtelberg mountain (Germany) for 0060 UTC (a), 1200 UTC (b), 1800 UTC
(c), and 2400 UTC on the Christmas Eve of 2021 together with the correspond-
ing CAMS forecasts and the median forecasts of the CAMS extended POLR-L
model. The observed visibility is indicated by the horizontal dashed line. Val-
ues on the bottom line of panels (b) and (d) correspond to 0 m visibility.

as additional covariates on forecast skill; and the predictive performance of
post-processed forecasts in aeronautical meteorology.

For the top-performing univariate approaches (MLP-C and POLR-L), in-
tegrating CAMS predictions leads to significant improvements of 1% to 5.25%
in mean CRPS and 0.27% to 1.37% in mean LogS, with diminishing gains as
lead time increases.

To exemplify the effect of statistical post-processing, we consider Christmas
Eve 2021 at Fichtelberg mountain, Germany, where reported visibility reached
a maximum of 100 m. Figure 5.20 shows that ECMWTF forecasts were accurate
only at specific times and short lead times; CAMS predictions underperformed,
while the median CAMS extended POLR-L forecast proved highly accurate.

This approach effectively predicts low visibility events crucial for aeronau-
tical applications, with average improvements in BS for conditions below 200
m, 500 m, 1000 m, and 3000 m ranging from 14.22% to 18.59%.
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We performed joint multivariate post-processing for all 30 SYNOP observa-
tion stations using two-step ECC and SSh methods, leveraging the dependence
structure of the raw vector ensemble forecasts and historical observations. Both
methods significantly outperform reference independently calibrated multivari-
ate forecasts. When compared to forecasts based solely on ECMWEF predic-
tions, incorporating CAMS yields an additional improvement of 0.58% to 4.11%
in energy score across all models. In terms of correlation specification, the
CAMS extended forecasts surpass climatology by over 20% for ECC and SSh
methods, despite a 5% advantage for independent reference methods. Among
the competing multivariate predictions, the ECC-corrected MLP-C and POLR-
L methods exhibit the best overall performance.

Our findings highlight the value of CAMS visibility predictions as additional
covariates in discrete post-processing of visibility ensemble forecasts, demon-
strating the effectiveness of simple two-step multivariate methods in capturing
spatial dependencies for this weather variable.

While this study focuses on a specific geographical area and time frame,
we believe the conclusions regarding the skill of post-processed forecasts are
broadly applicable. Results from Baran and Lakatos (2023) affirm that the
proposed MLP and POLR approaches also perform well across different ensem-
ble domains and time periods, with the two-step multivariate methods proven
effective in various weather scenarios. Notably, a variant of ECC developed for
hourly rainfall prediction is currently operational at Météo France (Taillardat
and Mestre, 2020).

The classification-based univariate post-processing methods are limited to
discrete observations, necessitating more training data with increased visibil-
ity categories. However, with the state-of-the-art visibility sensors offering 1
m resolution—matching that of ECMWEF and CAMS forecasts—visibility can
be treated as a continuous quantity. Future research should explore the use
of CAMS forecasts and other visibility-related covariates in continuous post-
processing models. Potential parametric candidates include the BMA approach
of Chmielecki and Raftery (2011), which utilizes a mixture of beta distributions
for predictive visibility, and the more recent censored gamma and censored
truncated normal mixture model proposed by Baran and Baran (2024). A
natural extension of this work would involve adapting the classification and
interpolation-based approach of Scheuerer et al. (2020) to visibility forecasts.



Chapter 6

Comparison of multivariate

post-processing methods
using global ECMWF
ensemble forecasts

As demonstrated in the previous chapters, univariate post-processing meth-
ods, such as EMOS, BMA, and the classification techniques used for visibility
predictions, can effectively calibrate forecasts for various quantities. However,
these approaches have a notable drawback: they assume statistical indepen-
dence among different forecast dimensions, such as lead times, locations, and
weather variables, which can hinder the generation of realistic forecast scenar-
ios.

End-users often require coherent predictions that account for dependencies,
such as total precipitation across a hydrological catchment or the interaction
between precipitation and temperature, particularly near freezing conditions.
Consequently, there is a need for explicitly re-establishing dependence struc-
tures through multivariate post-processing techniques. This chapter aims to
evaluate and compare several state-of-the-art methods for multivariate post-
processing, focusing on real NWP ensemble forecasts and observations from
the ECMWF.

To address this need, various copula-based approaches have been developed.
Most advanced multivariate post-processing applications utilize an empirical
copula derived from a dependence template based on either NWP ensembles
or historical observations. The former is known as ensemble copula coupling
(ECCQC), while the latter is referred to as the Schaake shuffle (SSh), both of which

67
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were discussed in Chapter 2 and utilized in the previous chapter. For a com-
prehensive discussion on copula-based methods for incorporating dependence
structures, see Schefzik and Moller (2018).

Lerch et al. (2020) conducted an extensive simulation study comparing dif-
ferent variants of ECC, SSh, and the parametric Gaussian copula approach
(GCA). Their findings indicated that the benchmark methods, specifically
ECC-Q (ECC with equidistant quantile sampling) and SSh, generally per-
formed well. Additionally, they suggested that more sophisticated methods,
such as dual ECC (dECC) or GCA, offer substantial predictive benefits only
under specific conditions. In this study, we investigate whether these findings
hold true when using real NWP ensemble forecasts and observations. In or-
der to ensure that our results provide an analysis as comparable as possible
to that of Lerch et al. (2020), we refrained from using alternative approaches
in our case studies, such as one-step models like the member-by-member post-
processing techniques (Van Schaeybroeck and Vannitsem, 2015) or the direct
modelling of multivariate distributions (Baran and Moller, 2015).

To this end, we apply univariate EMOS in conjunction with a range of ECC
and SSh variants to NWP ensemble forecasts of temperature, wind speed, and
precipitation provided by the ECMWF, verifying against observations from
SYNOP stations. To the best of our knowledge, this work is the first to
compare a broad array of state-of-the-art two-step methods for multivariate
post-processing, including recently proposed similarity-based Schaake shuffle
approaches and dual ECC.

While we concentrate on the multivariate post-processing step, we imple-
ment univariate calibration following the EMOS methods outlined by Hemri
et al. (2014). For the multivariate step, we compare three naive approaches
derived directly from univariate EMOS with four variants of ECC and five
variants of SSh, focusing specifically on temporal dependence for clarity and
simplicity.

6.1 Data

We assess a range of multivariate post-processing techniques applied to global
ECMWF ensemble forecasts of 2m temperature (T2M), 10m wind speed (V10),
and 24-hour precipitation accumulation (PPT24) from January 1, 2002 to
March 20, 2014. The datasets used are the same as those analyzed in Hemri
et al. (2014) and include the ECMWEF HRES forecasts, the 50-member opera-
tional ensemble generated through random perturbations, and the CNTL run
initialized at 1200 UTC, with forecast horizons ranging from 1 to 10 days, along-
side the corresponding observations. After an initial quality control process to
eliminate SYNOP stations with missing or irregular data, we retained 4,160,
4,388, and 2,917 stations worldwide for T2M, V10, and PPT24, respectively.
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For further details regarding the datasets and the quality control procedures
employed, refer to Hemri et al. (2014).

6.2 Results

The predictive performance of the different multivariate post-processing meth-
ods is investigated in three case studies based on global ECMWEF T2M, V10
and PPT24 ensemble forecasts. To assess calibration of probabilistic forecasts
we use ES, the VS of order 1 (for which constant weights with w;; = 1 are
used) and we also investigate the multivariate rank histograms together with
the corresponding reliability indices, whereas multivariate point forecasts are
evaluated with the help of the mean Euclidean error (EE). Note that in addi-
tion we studied the regularized Dawid-Sebastiani scores (RDSS; Wilks, 2020) of
the raw ensemble and multivariate forecasts addressing temporal dependence.
However, for our data sets the RDSS results in a similar ranking of the various
post-processing methods as the ES. In the interest of brevity, we restrict our
attention to the ES and VS here, and provide more detailed results for the
RDSS in Appendix C.

While our focus is on the multivariate predictive performance, the first step
in each of the multivariate methods described in Chapter 2 is the indepen-
dent calibration of ensemble forecasts with different forecast horizons. Hence,
we start with a brief description of the details of univariate post-processing,
followed by the results for the multivariate models.

6.2.1 Univariate post-processing

For each initialization time, the corresponding ensemble forecasts with varying
forecast horizons are calibrated using the EMOS methods introduced in Chap-
ter 1. The model parameters are estimated by minimizing the mean CRPS of
the predictive distribution, using locally selected training data within a rolling
training window (for details about local calibration, refer to Section 3.2). To
prevent numerical issues during the minimization of the loss function, local
models require extended training periods, and we adopt the optimal training
period lengths identified by Hemri et al. (2014).

Temperature

The general notation d = 1,...,D introduced in Chapter 2 to reference a
certain dimension of ensemble forecasts, is now replaced by ¢, where ¢-day
ahead ECMWF T2M ensemble forecasts (¢ = 1,2,...,10) are calibrated using
the normal EMOS model (see Section 1.2.1) with a training period of 720 days.
The verification is performed over the period from January 1, 2004 to March 20,
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Figure 6.1: Boxplots of the CRPSS of the EMOS models for T2M (a), V10 (b)
and PPT24 (c) over the verification period with respect to the corresponding
raw ensemble forecasts.

2014, covering 3732 calendar days. Figure 6.1a provides boxplots of the CRPSS
for the EMOS models during the verification period, benchmarked against the
raw ensemble forecasts.

Compared with the raw ECMWEF T2M forecasts, univariate post-processing
substantially decreases the mean CRPS for the vast majority of stations for all
lead times; however, the gain decreases with the increase of the forecast horizon
(see also Feldmann et al., 2019).

Wind speed

The optimal training period length for the truncated normal EMOS model
(Section 1.2.2) for post-processing ECMWEF V10 ensemble forecasts is 365 cal-
endar days. This allows an almost one-year longer verification period than in
the case of T2M; however, to keep the results consistent, we verify both models
on the same time interval starting at January 1, 2004. The forecast skill of
the EMOS models for various lead times in terms of the mean CRPS over the
verification period is depicted in Figure 6.1b. Compared to the T2M ensemble
forecasts, EMOS post-processing results in a positive skill score for all consid-
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ered stations and the improvement in the mean CRPS is a bit higher, especially
for longer lead times.

Precipitation

Precipitation records usually contain a large number of zero observations,
hence, reliable parameter estimation in EMOS modelling requires much longer
training periods than for temperature or wind speed. Following Hemri et al.
(2014), to calibrate ECMWF PPT24 forecasts with lead times of 1,2,...,10
days, we make use of the EMOS model (Section 1.2.3) with a 1816-day rolling
training period leaving the time interval from January 1, 2007 to March 20,
2014 for model verification. Again, in Figure 6.1c we provide the CRPSS values
for various forecast horizons, where, similar to the other two weather quantities,
the reference forecast is the raw ensemble. The general behaviour of the skill
scores is the same as before. For almost all stations EMOS forecasts outper-
form the raw PPT24 ensemble for all lead times and the improvement decreases
with the increase of the forecast horizon. However, compared with T2M and
V10, boxplots of the CRPSS values of the EMOS models for PPT24 have much
shorter interquartile ranges (IQRs) and display far more outliers.

6.2.2 Multivariate performance

We now continue with the comparison of the forecast skill of the multivariate
approaches described in Chapter 2 using calibrated samples of size 52, which is
the size of the raw ECMWF ensemble. In methods requiring historical data for
providing the dependence template (estimation of the autocorrelation matrix
for dECC; observation trajectories for the SSh and for its variants), we consider
forecast-observation pairs from the rolling training window applied in univariate
calibration. In the case of T2M, in standard SSh variants sesonality is addressed
by considering historical data only within 30 calendar days before and after
the actual forecast date. For T2M and V10 ensemble forecasts, in mdSSh we
select dependence template from observation trajectories of the training data
set where at least m = 6 from the L = 10 observations falls into the
corresponding central prediction interval, whereas in the case of PPT24, due
to the high computational costs (see also Scheuerer et al., 2017), this method
is excluded from the analysis. Additionally, for T2M, tests are also conducted
with SSh approaches that incorporate all available historical data, effectively
extending the training period. Nevertheless, as will be shown in the next
section, these forecasts do not significantly outperform those generated using
shorter rolling periods in most cases.

In the following analysis, the ECC-Q forecast is used as a reference for the
computation of skill scores and in DM tests for equal predictive performance
(see Section 3.1). Further, in the interest of improving the visual presentation
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difference from the reference ECC-Q method (c). Grey lines indicate the ac-
ceptance region of the two-tailed DM test for equal predictive performance at

a

5% level of significance.

of the results, in the boxplots presented extreme values (further than 3-IQR
from the box) are not indicated.
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Figure 6.3: Boxplots of the mean VS over the verification period of the cal-
ibrated and raw T2M forecasts (a); of the VSS with respect to the ECC-Q
approach (b); of the DM test statistic investigating the significance of the
difference from the reference ECC-Q method (c). Grey lines indicate the ac-
ceptance region of the two-tailed DM test for equal predictive performance at
a 5% level of significance.

Temperature
In Figure 6.2, the various multivariate post-processing approaches and the raw

T2M forecasts are compared in terms of the mean ES (3.1.5) of the different
observation stations over the verification period (January 1, 2004 — March 20,
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Figure 6.4: Boxplots of the DM test statistic investigating the significance of
the difference in the mean ES (a) and mean VS (b) of Schaake shuffle methods
based on historical observations from the rolling training period used in EMOS
modelling with respect to the corresponding forecasts selecting dependence
templates from the whole available past. Grey lines indicate the acceptance
region of the two-tailed DM test for equal predictive performance at a 5 % level
of significance.

2014). According to Figure 6.2a, each calibration method improves the ES of
the raw ensemble; however, the differences between the various approaches are
hardly visible. A better insight can be obtained from Figure 6.2b displaying the
ESS values with respect to the reference ECC-Q forecast. The raw ensemble
forecasts resulting in very low skill scores are excluded here. All post-processing
methods accounting for multivariate dependencies provide clear improvements
in terms of the ES over the independent EMOS models, ECC-S shows the
best predictive performance, closely followed by ECC-Q and dECC. Perhaps
surprisingly, even the advanced variants of the Schaake shuffle (mdSSh and
simSSh) fail to outperform the reference ECC-Q method and SSh-S is not be-
hind mdSSh in skill. Finally, according to the results of the DM tests for equal
predictive performance (Figure 6.2c), the differences in ES from the reference
model are significant for all approaches but dECC.

A similar ranking of the multivariate post-processing methods can be ob-
served in Figure 6.3, though the performance in terms of the VS of the standard
SSh variants are closer to each other than in terms of the ES. ECC-Q results
in the lowest mean VS; however, its advantage over dECC, ECC-S and simSSh
is often not significant (see Figure 6.3c). Further, in contrast to the ES, none
of the independent EMOS forecasts outperforms the raw ECMWEF ensemble in
terms of VS.

As mentioned, SSh approaches with dependence templates selected from the
whole available past meaning 721 days for the first and 4443 days for the last
day of the verification period have also been tested. As before, in the case of
the simple SSh variants historical data only within 30 calendar days around the
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Figure 6.5: Boxplots of the reliability indices corresponding to average ranks
over the verification period of the calibrated and raw T2M forecasts.
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Figure 6.6: Boxplots of the DM test statistic investigating the significance of
the difference from the reference ECC-Q method in terms of the mean EE of the
L' median vectors of calibrated and raw T2M forecasts. Grey lines indicate the
acceptance region of the two-tailed DM test for equal predictive performance
at a 5% level of significance.

actual forecast date have been used. However, according to the boxplots of Fig-
ure 6.4, the use of the whole available past results in just minor improvements
in ES and even smaller in VS, which are not significant. Hence, in the follow-
ing analysis including case studies with V10 and PPT24 forecasts as well, we
proceed with SSh approaches based on historical observations from the rolling
training period used in EMOS modelling. This has the potential advantage of
accounting more rapidly to substantial changes in the NWP model setup that
may influence the forecast error characteristics. For related considerations in
the context of univariate post-processing, see Lang et al. (2020).

Boxplots of the reliability indices corresponding to average ranks over the
verification period of the calibrated and raw T2M forecasts are displayed in
Figure 6.5. ECC-S and all three independent predictions (EMOS-Q, EMOS-
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Figure 6.7: Boxplots of the mean ES over the verification period of the cal-
ibrated and raw V10 forecasts (a); of the ESS with respect to the ECC-Q
approach (b); of the DM test statistic investigating the significance of the
difference from the reference ECC-Q method (c). Grey lines indicate the ac-
ceptance region of the two-tailed DM test for equal predictive performance at
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5% level of significance.

R, EMOS-S), underperform the raw ensemble by a wide margin, which is a
consequence of the highly overdispersive character of these forecasts resulting in
hump-shaped rank histograms (not shown). SSh-Q, SSh-R and SSh-S still show
some overdispersion, whereas the other forecasts, including the raw ensemble,
are underdispersive.



6.2. RESULTS 7

@ V10
160

120

80

'S

—

40

Ensemble  dECC ECC-Q ECC-R ECC-S EMOS-Q EMOS-R EMOS-S mdSSh simSSh Ssh-Q SSh-R Ssh-S
Model

(b) V10

VSS

Ensemble dECC ECC-R ECC-S EMOS-Q EMOS-R EMOS-S mdSSh simSSh Ssh-Q SsSh-R SSh-S
Model

DM Test Statistic, VS

-50 T
Ensemble dECC ECC-R ECC-S EMOS-Q EMOS-R EMOS-S mdSSh simSSh Ssh-Q SSh-R Ssh-s
Model

Figure 6.8: Boxplots of the mean VS over the verification period of the cal-
ibrated and raw V10 forecasts (a); of the VSS with respect to the ECC-Q
approach (b); of the DM test statistic investigating the significance of the
difference from the reference ECC-Q method (c). Grey lines indicate the ac-
ceptance region of the two-tailed DM test for equal predictive performance at
a 5% level of significance.

The average ranks of the dECC and simSSh are the closest to the uniform
distribution (the corresponding mean/median reliability indices are 0.357,/0.271
for both forecasts), followed by the ECC-R (0.438/0.360) and ECC-Q
(0.442/0.365); however, the rank histograms of the latter two forecasts (not
shown) are just slightly less underdispersive than that of the ECMWEF ensemble
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(0.451/0.375), whereas the histogram of the mdSSh is even more U-shaped
(0.493/0.451).

Finally, Figure 6.6 shows the boxplots of the DM test statistic investigating
the significance of the difference from the reference ECC-Q method in terms
of the mean EE of the L' median vectors. Compared with the raw ensemble,
post-processing substantially improves the accuracy of the L' median forecast
and the empirical copula-based models clearly outperform the independent ap-
proaches. The lowest mean EE correspond to the SSh-Q and SSh-S, followed
by the mdSSh; however, the differences between these methods and the dECC,
ECC-Q, ECC-S and simSSh are not significant.

Note that our ranking of the different post-processing methods differs from
results of Heinrich et al. (2021) on multivariate calibration of sea surface tem-
perature forecasts, where Schaake shuffle significantly outperforms ensemble
copula coupling. However, this disagreement might be explained by the dif-
ference in the studied weather quantity and the specifics properties of spatial
dependencies of gridded sea surface forecasts compared to the temporal depen-
dencies considered here.

Wind speed

The predictive performance of the post-processed and raw V10 ensemble fore-
cast vectors in terms of the mean ensemble ES over the verification period can
be investigated with the help of Figure 6.7. Compared with the raw ensemble,
each of the investigated post-processing approaches substantially reduces the
mean energy score (see Figure 6.7a). According to the skill scores with re-
spect to the ECC-Q model depicted in Figure 6.7b (the raw ensemble is again
excluded), the best performing methods are ECC-S and SSh-S, followed by
ECC-Q, mdSSh, simSSh and SSh-Q. However, as the DM test statistics pro-
vided in Figure 6.7c indicate, the forecast skill of the latter four approaches
does not differ significantly. Finally, in contrast to the case of T2M ensemble
forecast vectors, all empirical copula-based methods outperform the indepen-
dent EMOS-Q, EMOS-R and EMOS-S forecasts by a wide margin.

Figure 6.8 summarizing the results for the mean VS is similar to Figure
6.3 in the sense that independent post-processing of raw V10 forecasts with
different lead times (EMOS-Q, EMOS-R, EMOS-S) increases the score values.
In general, the predictive performance of the empirical copula-based methods
is almost identical (see Figure 6.8b), with only ECC-R, ECC-S and SSh-R
performing slightly worse. However, according to the results of the DM tests
given in Figure 6.8c, the difference in skill of these three methods from the
reference ECC-Q approach is significant.

In contrast to temperature, in the case of wind speed any form of post-
processing improves the multivariate calibration in the sense that the corre-
sponding average rank histogram is closer to the uniform distribution than the
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Figure 6.9: Boxplots of the reliability indices corresponding to average ranks
over the verification period of the calibrated and raw V10 forecasts.
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Figure 6.10: Boxplots of the DM test statistic investigating the significance of
the difference from the reference ECC-Q method in terms of the mean EE of the
L' median vectors of calibrated and raw V10 forecasts. Grey lines indicate the
acceptance region of the two-tailed DM test for equal predictive performance
at a 5% level of significance.

rank histogram of the raw V10 ensemble. This improvement is quantified in
the reliability indices displayed in Figure 6.9, where the highest values again
correspond to the independently calibrated EMOS-Q, EMOS-R and EMOS-
S forecasts. These approaches result in hump-shaped rank histograms (not
shown) indicating overdispersion, the corresponding mean/median RI values
are 0.936/0.957, 0.939/0.961 and 0.947/0.968, respectively. All other forecasts
(including the raw ensemble) are underdispersive, where the least U-shaped
rank histograms correspond to the three versions of the standard Schaake shuf-
fle, followed by the simSSh. The mean/median reliability indices of these fore-
casts are 0.639/0.441 (SSh-Q), 0.637/0.439 (SSh-R), 0.637/0.438 (SSh-S) and
0.671/0.470 (simSSh), which are substantially better than the corresponding
scores of 1.029/0.952 of the raw ensemble vector.
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Figure 6.11: Boxplots of the mean ES over the verification period of the cal-
ibrated and raw PPT24 forecasts (a); of the ESS with respect to the ECC-Q
approach (b); of the DM test statistic investigating the significance of the differ-
ence from the reference ECC-Q method (c). Grey lines indicate the acceptance
region of the two-tailed DM test for equal predictive performance at a 5 % level
of significance.

Finally, Figure 6.10 showing boxplots of the DM test statistic investigating
the significance of the difference from the reference ECC-Q method in terms
of the mean EE of the L' median vectors is almost identical to Figure 6.6.
All post-processing methods result in more accurate median forecasts than the
raw ensemble and all empirical copula-based methods but ECC-R and SSh-R
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Figure 6.12: Boxplots of the mean VS over the verification period of the cal-
ibrated and raw PPT24 forecasts (a); of the VSS with respect to the ECC-Q
approach (b); of the DM test statistic investigating the significance of the differ-
ence from the reference ECC-Q method (c). Grey lines indicate the acceptance
region of the two-tailed DM test for equal predictive performance at a 5 % level
of significance.

perform almost identically well.
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Figure 6.13: Boxplots of the reliability indices corresponding to average ranks
over the verification period of the calibrated and raw PPT24 forecasts.
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Figure 6.14: Boxplots of the DM test statistic investigating the significance
of the difference from the reference ECC-Q method in terms of the mean EE
of the L' median vectors of calibrated and raw PPT24 forecasts. Grey lines
indicate the acceptance region of the two-tailed DM test for equal predictive
performance at a 5% level of significance.

Precipitation accumulation

Figure 6.11a displaying the boxplots of the mean ES over the verification pe-
riod of the calibrated and raw PPT24 forecasts does not reveal a clearly visible
difference between the various predictions. The raw ensemble and the indepen-
dent EMOS-Q, EMOS-R and EMOS-S methods seem to be slightly behind the
other forecasts, which is confirmed by the skill scores of Figure 6.11b. From
the empirical copula-based approaches ECC-S again shows the best forecast
skill, followed by ECC-Q, dECC, simSSh and SSh-S. However, as indicated by
the values of the DM test statistics summarized in Figure 6.11c, the differences
between the latter four forecasts in terms of the ES are not significant.

In contrast to the other two weather quantities, Figures 6.11 and 6.12 result
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in the same conclusions, that is the rankings of the forecasts in terms of the ES
and the VS are identical. Further, investigating the boxplots of Figure 6.13,
one can again observe the positive effect of post-processing on multivariate cal-
ibration quantified in lower reliability indices. The average ranks of dECC and
simSSh fit most the uniform distribution, followed by the independent EMOS-
Q, EMOS-R and EMOS-S approaches. Note that despite their overdispersive
character resulting in hump-shaped rank histograms (not shown), these inde-
pendent forecasts outperform all versions of the standard SSh and ECC, which
are highly underdispersive.

Finally, Figure 6.14 showing the boxplots of the DM test statistic inves-
tigating the significance of the difference from the reference ECC-Q method
in terms of the mean EE of the L' median vectors suggests the same ranking
of the various post-processing approaches as Figures 6.11 and 6.12. However,
in contrast to the ES and VS, with regard to this score even the independent
EMOS-Q, EMOS-R and EMOS-S methods outperform the raw ensemble.

6.3 Discussion

Following the emphasis on univariate post-processing methods in the previous
chapters, this chapter transitions to a focus on multivariate approaches. We
compare a diverse array of state-of-the-art methods for multivariate ensemble
post-processing, specifically looking at dependencies over lead times ranging
from 1 to 10 days. The findings reveal that these multivariate post-processing
methods consistently improve forecast quality compared to both the raw en-
semble predictions and straightforward applications of univariate models that
overlook multivariate dependencies. The basic ECC and SSh variants showed
only slight differences in predictive performance across the different sampling
strategies. Specifically, random sampling (ECC-R and SSh-R) tended to per-
form less effectively than quantile-based (ECC-Q and SSh-Q) or stratified sam-
pling (ECC-S and SSh-S), with no significant distinctions observed between the
latter two. In our comparison of the more advanced methods—dECC, mdSSh,
and simSSh—against their simpler counterparts, we generally found that these
complex techniques did not provide any clear advantages, and there were no
instances where they outperformed ECC-Q in a meaningful way.

Overall, our findings reveal that the predictive performance of the various
multivariate post-processing methods shows only minor differences. The widely
used ECC-Q approach stands out as a robust benchmark due to its straight-
forward application and low computational costs, making it a preferred choice
for future comparative studies. Our results align with those from Lerch et al.
(2020), which similarly found no single method consistently superior across all
potential misspecifications.

To ensure direct comparability among the methods, we limited all ap-
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proaches to a fixed sample size based on the raw ensemble. However, one
notable advantage of the SSh variants is their capability to generate post-
processed ensemble forecasts of arbitrary size. This flexibility could enhance
modelling for extreme events (Lerch et al., 2017) and serves as a promising
avenue for future research, such as examining how sample size affects perfor-
mance in relation to recently proposed weighted multivariate proper scoring
rules (Allen et al., 2023).

The case studies presented here highlight several opportunities for further
exploration and generalization. While our analysis concentrated on temporal
dependencies over lead times of 1 to 10 days, it would be valuable to system-
atically investigate predictive performance concerning spatial or inter-variable
dependencies as well. Additionally, we focused on copula-based two-step ap-
proaches to multivariate post-processing. However, alternative methods, such
as parametric models for the full joint distribution (Baran and Méller, 2015)
and quantile mapping (Whan et al., 2021), have also been proposed and could
serve as fruitful areas for further comparison. Another potential avenue could
be the use of models that adjust the ensemble members in a single step (collec-
tively called member-by-member postprocessing techinques), while preserving
the rank order structure of the raw ensemble (Van Schaeybroeck and Vannit-
sem, 2015). This approach could enable the generation of calibrated forecasts
that are consistent across space, time, or multiple weather variables.

Recent advancements in post-processing have illustrated the advantages of
incorporating additional predictors to improve the forecasting performance of
univariate methods (Rasp and Lerch, 2018). While these advanced techniques
can serve as foundational elements for multivariate post-processing schemes,
integrating additional predictor information into the second, copula-based step
poses challenges. This highlights the need for developing specialized machine
learning approaches tailored for multivariate post-processing. Preliminary stud-
ies have begun to address this by exploring spatially coherent forecast fields
through generative adversarial networks (Dai and Hemri, 2021) and utilizing
scoring rule-based generative models for multivariate post-processing that in-
corporate additional predictors (Chen et al., 2024).

Lastly, evaluating multivariate predictive performance remains a complex
issue, as different evaluation metrics can yield varying rankings for the methods
considered. Disentangling the contributions to multivariate forecast perfor-
mance—such as univariate performance, multivariate dependencies, and the
quantification of forecast uncertainty—presents significant challenges, espe-
cially in understanding how these factors influence the variability observed in
metrics like the energy score (ES) and variogram score (VS) in our case studies.
Although there has been progress in the methodological aspects of multivari-
ate evaluation (Ziel and Berk, 2019; Alexander et al., 2024; Allen et al., 2023,
2024), there is a pressing need for systematic comparisons of the discrimination
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capabilities of multivariate proper scoring rules, ideally utilizing standardized
benchmark datasets. As noted by Lerch et al. (2020), studies based on large
datasets, like the one examined here, could provide valuable insights in this
area.
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Chapter 7

Summary

Ensemble forecasts play a crucial role in modern meteorology, as they allow
for the estimation of uncertainties in model outputs. The ensemble method
involves running multiple simulations with slightly perturbed initial conditions,
each designed to capture the inherent variability of atmospheric dynamics.
The resulting forecasts offer a range of possible outcomes, helping to assess
the probabilities of various future weather scenarios (Wilks, 2019, Chapter 8).
Accurate weather forecasting is vital across many sectors, including agriculture,
transportation, and disaster management. Reliable forecasts support effective
decision-making, enhance public safety, and improve resource allocation.

Although ensemble forecasts provide valuable information about weather
uncertainties, they have certain drawbacks. One major concern is that the reli-
ability of these forecasts largely depends on the quality of the initial conditions
and the models used. If the initial conditions are not accurately defined, or
if the model fails to capture key atmospheric processes, the forecasts may be
inaccurate (Buizza, 2018b).

Calibration techniques, such as ensemble model output statistics (EMOS;
Gneiting et al., 2005), are essential for improving the reliability of ensemble
forecasts. EMOS is a statistical model that links ensemble forecasts to actual
observations, allowing meteorologists to identify and correct biases, thereby
increasing the accuracy of the forecasts. The parameters of the predictive
distributions are determined by minimizing an appropriate scoring rule—most
commonly the continuous ranked probability score (CRPS; Wilks, 2019, Section
9.5.1)—using historical ensemble forecasts and observations. Due to the char-
acteristics of meteorological variables, it is necessary to use different EMOS
models with distinct distributions for calibration. For example, the normal
distribution is suitable for modeling temperature, while a censored general-
ized extreme value distribution is more appropriate for modelling precipitation
accumulation.

87
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During univariate post-processing, the model typically focuses on adjusting
or calibrating the forecast of each variable independently. Therefore, since it as-
sumes the independence of marginal distributions, multivariate post-processing
is crucial for improving the accuracy of weather forecasts by accounting for in-
teractions and dependencies between multiple variables, such as temperature,
humidity, and precipitation, as well as between different lead times or stations.
Effectively modelling these interactions enhances overall predictive performance
and provides a more coherent representation of atmospheric conditions, leading
to more reliable forecasts for various applications.

This dissertation, which is based on the author’s four papers, focuses on ad-
vancing statistical post-processing methods for weather forecasts and provides
a comprehensive comparison of these approaches. We highlight both univari-
ate and multivariate methods to improve the reliability and applicability of
forecasts.

In the first paper (Baran and Lakatos, 2024), summarized in Chapter 4, we
introduced a novel approach for interpolating parametric predictive distribu-
tions to locations where no validation observations for parameter estimation are
availabe, bypasssing the computational burdens of existing spatial interpolation
methods. To this end, 75% of the 674 available synoptic observation stations
were used for parameter estimation and to derive the predictive distributions.
In the next step, these distributions were assigned to the remaining 168 sta-
tions, which had no observation data, based on feature vectors obtained from
the forecasts. This method uses data essential for EMOS modelling and demon-
strates that local and observation-based semi-local methods perform better at
observed locations, while forecast-based semi-local methods are more effective
at unobserved locations, resulting in sharper prediction intervals and improved
accuracy metrics such as mean CRPS and mean absolute error. In our case
study, which assessed the effectiveness of clustering-based interpolation models,
we utilized the 52-member ensemble forecasts of 10-meter wind speed from the
European Centre for Medium-Range Weather Forecasts (ECMWTF), spanning
Europe, Asia, and Australia, for the period from January 1, 2020, to April 30,
2023. Our findings emphasize that no one-size-fits-all solution exists; instead,
the choice of post-processing method should be guided by the specific context
and data availability.

Chapter 5 synthesizes findings from two previous studies on visibility fore-
casts (Baran and Lakatos, 2023; Lakatos and Baran, 2024), revealing that both
climatological (ensemble forecast determined based on historical observations)
and post-processed forecasts significantly outperform raw ensemble predictions
for the two datasets used in our papers. First, we analyzed visibility data from
the EUPPBench benchmark dataset (Demaeyer at al., 2023), which contains
the ECMWF control forecast, 50 interchangeable ensemble members gener-
ated using random perturbations, and also includes high-resolution forecasts.
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According to the recommendations of the World Meteorological Organization,
visibility is reported in discrete values ranging from 0 to 70 km, defining a set of
84 elements. As a result, post-processing simplifies to a classification task. In
our case studies, we apply some of the models also used by Baran et al. (2021),
which were employed to calibrate total cloud cover forecasts due to the discrete
nature of the observable values. Covering the years 2017 and 2018, our study
employed proportional odds logistic regression (POLR; McCullagh, 1980) and
multilayer perceptron (MLP; Goodfellow et al., 2016) classifiers, demonstrating
notable performance improvements. The second dataset includes operational
51-member ECMWTF visibility ensemble forecasts for calendar years 2020-2021,
and our findings suggest, that calibrated univariate forecasts achive a notable
improvement compared to raw and climatological forecasts, particularly with
the inclusion of Copernicus Atmospheric Monitoring Service (CAMS) visibil-
ity point forecasts as additional covariates. Besides, the earlier mentioned
classification techniques, we also evaluated the performance enhancements in
the simplest multivariate models after incorporating CAMS. We examine two
versions of the two-step empirical copula-based post-processing methods: the
simplest ensemble copula coupling (ECC; Schefzik et al., 2013) and the Schaake
shuffle (SSh; Clark et al., 2004) approaches. These techniques rearrange the
samples taken from the calibrated distributions based on the rank order struc-
ture of the raw ensemble and historical observations, thereby determining the
dependence template of the copula function. Our findings indicate that in-
corporating CAMS improves energy scores (Gneiting and Raftery, 2007) by
0.58-4.11% compared to forecasts based solely on ECMWF predictions. For
variogram score (Scheuerer and Hamill, 2015) , CAMS offers approximately
a 5% advantage for independent methods, although MLP-C underperforms
compared to climatology. While ECC and SSh methods show less than 2.5%
improvement relative to ECMWF-based models, they outperform climatology
by more than 20%.

Transitioning to the fourth paper (Lakatos et al., 2023), summarized in
Chapter 6, we shifted our focus to a comprehensive comparison of state-of-
the-art multivariate ensemble post-processing methods, using global ECMWF
ensemble forecasts of 2m temperature, 10m wind speed, and 24-hour precipi-
tation accumulation from January 1, 2002, to March 20, 2014. By analyzing
dependencies over lead times of 1 to 10 days, we found that these methods con-
sistently improve forecast quality compared to both raw ensemble predictions
and simpler univariate models. Among the basic ECC and SSh variants, only
minor differences in predictive performance were observed, with the ECC-Q
(based on equidistant quantiles of the univariate predictive distributions) ap-
proach emerging as a robust benchmark due to its straightforward application
and low computational costs. This finding aligns with previous studies that also
highlighted the lack of a universally superior method across different scenarios,
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reaffirming the need for careful method selection based on specific forecasting
contexts.

In conclusion, the findings of this dissertation could not only address impor-
tant questions in the field of weather forecasting but could also pave the way
for numerous future research directions. The growing popularity of machine
learning models, particularly convolutional neural networks (Veldkamp et al.,
2021; Li et al., 2022), presents significant opportunities for effectively modelling
interactions across various dimensions. Moreover, the emergence of EMOS-
based models that redefine correlation structures offers exciting possibilities
for generating more reliable forecasts. To fully harness these advancements in
practical applications, ongoing interdisciplinary collaboration will be essential,
ultimately fostering a deeper understanding of atmospheric dynamics.



Chapter 8

Osszefoglalés

Az ensemble el6rejelzések kulcsfontossagu szerepet toltenek be a modern mete-
orolégiaban, mivel lehetové teszik az elorejelz6 modellek kimeneteiben rejlé
bizonytalansdg becslését. Az ensemble modszer lényege, hogy kissé eltérd
kezdeti feltételekkel egyszerre tobb szimulaciot futtatnak, amelyek célja, hogy
megragadjik a légkdér dinamikdjaban rejlé valtozékonysidgot. Az igy kapott
elorejelzések a lehetséges jovébeli kimenetek egy széles spektrumat kinaljak,
segitve ezzel a killonb6zé idGjarasi forgatékonyvek valdszinliségének pontosabb
becslését (Wilks, 2019, Chapter 8). A megbizhaté id§jards-eldrejelzések az élet
szamos teriiletén elengedhetetlenek, példaul a mezégazdasagban, kozlekedésben
és katasztrofavédelemben. A pontos elGrejelzések segitik a hatékony dontésho-
zatalt, novelik a kozbiztonsagot, és hozzdjarulnak az eréforrdasok jobb elosztéa-
sahoz.

Bar az ensemble elérejelzések értékes informacioval szolgdlnak az idGjaras
bizonytalansiagairdél, vannak bizonyos hatranyaik is. Az egyik f6 probléma,
hogy megbizhatdsdguk erésen fiigg a kezdeti feltételek és a hasznalt modellek
minoségétol. Ha a kezdeti feltételek nem pontosak, vagy ha a modell nem képes
megfelel6en megragadni a légkori folyamatok kulcsfontossagu elemeit, akkor az
elérejelzések pontatlanok lehetnek (Buizza, 2018b).

Az utéfeldolgozo eljarasok, mint példaul az ensemble model output statis-
tics (EMOS; Gneiting et al., 2005), elengedhetetlenek az ensemble eldrejelzések
megbizhatdsigdnak javitasdhoz. Az EMOS egy statisztikai modell, amely 6ssze-
kapcsolja az ensemble elorejelzéseket a valds megfigyelésekkel, lehetévé téve a
meteorolégusok szaméara, hogy azonositsak és korrigaljak a torzitasokat, ezzel
novelve az elérejelzések pontossagat. Az elorejelzd eloszlasok paraméterei egy
megfelel6 illeszkedési mutaté — leggyakrabban a continous ranked probabil-
ity score (CRPS; Wilks, 2019, Section 9.5.1) — minimalizéldsdval dllnak eld,
amelyhez miltbeli ensemble elorejelzések és megfigyelések szolgalnak alapul.
Az elbrejelzések kalibraldsara az id6jarasi mennyiségek természetébol adéddan
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kiilonb6z6 eloszlasit EMOS modellek alkalmazasa indokolt. Mig a hémérséklet
modellezéséhez a normal eloszlas, a csapadékmennyiség esetében a cenzoralt
altalanositott extrémérték-eloszlas lehet megfeleld valasztas.

Az egyvaltozds utédfeldolgozas sordan a modell tipikusan arra fékuszal, hogy
egymastol fiiggetleniil javitsa az egyes valtozok elorejelzéseit. Ennélfogva, mivel
ez a technika a margindlis eloszlasok fiiggetlenségére épit, a tobbvaltozds uté-
feldolgozas kulcsfontossagu az idéjards-elorejelzések pontossdganak novelésében.
Ez utébbi ugyanis figyelembe veszi a kiilonb6z6 valtozok, példaul a hémérséklet,
paratartalom és csapadék, illetve a kiilonb6z6 elérejelzési horizontok vagy hely-
szinek kozotti interakciokat és fliggoségeket. Ezen Osszefiiggések hatékony mo-
dellezése javitja az eldrejelzési képességet, és pontosabb képet ad a légkor
allapotardl, igy megbizhatébb elérejelzéseket biztosit kiilonbozé alkalmazasok
szamara.

Jelen disszertacié a szerz6 négy kordbbi munkajara épil és az idojaras-
elérejelzések statisztikai utéfeldolgozaséara szolgalé modszerek fejlesztésére, vala-
mint atfogd Gsszehasonlitdsdra fokuszal. Benne kitériink mind az egyvéltozos,
mind pedig a tobbvaltozds eljarasokra annak érdekében, hogy javitsuk az elére-
jelzések megbizhatdsagat és alkalmazhatosagat.

Az els§ targyalt cikkiinkben (Baran and Lakatos, 2024), amelyet a 4. fe-
jezetben foglalunk Ossze, egy 1j megkozelitést mutattunk be paraméteres elore-
jelz6 eloszlasok interpoldlasdra olyan helyszinekre, ahol nem rendelkeziink a
paraméterbecsléshez sziikséges validalé megfigyelésekkel, amely elkertili a meg-
1év6 térbeli interpolacios mddszerek magas szamitasi koltségeit. Ebbdl a célbdl
a rendelkezésre 4116 674 szinoptikus megfigyeldallomds 75%-4t hasznaltuk fel
paraméterbecslésre, illetve az eldrejelzo eloszlasok meghatdrozasihoz, amelyeket
a kovetkezo 1épésben az elérejelzésekbdl meghatérozott jellemzé vektorok alap-
jan rendeltiik hozza a fennmaradt 168, megfigyelésekkel nem rendelkez6 allomas-
hoz.

Az altalunk javasolt mddszer kizardlag az EMOS modellezéshez sziikséges
adatokon alapul és igazolja, hogy azokban a pontokban, ahol vannak meg-
figyelések a lokalis, valamint a megfigyeléseket is hasznalé klaszterezés-alapi
szemi-lokalis médszerek teljesitenek jobban, mig a megfigyelésekkel nem ren-
delkez6 helyszineken a kizardlag az elérejelzéseken alapulé szemi-lokalis tech-
nikdk a hatékonyabbak. Az 1j mddszer alkalmazisdval sziikebb el6rejelzési
intervallumokat és jobb illeszkedés mutatdkat, példaul kisebb atlagos CRPS
értéket és alacsonyabb atlagos abszolit eltérést érhetiink el. A klaszterezés-
alapt interpoldciés modellek hatékonysagat vizsgald esettanulmanyunkhoz a
Kozéptavi Idéjaras Elérejelzések Eurépai Kozpontjanak (ECMWF) Eurdpa,
Azsia és Ausztralia osszesen 674 szinoptikus megfigyel6allomésra vonatkozo, a
2020. januar 1. és 2023. aprilis 30. kozotti idoszakot feloleld 52-tagt 10 méteres
ensemble elérejelzéseit hasznéltuk. A kapott eredmények arra is ravildgitanak,
hogy nincs egyetlen univerzalis megoldas; az utéfeldolgozé mdédszert leginkabb
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a konkrét helyzet és az elérheté adatok figyelembevételével kell kivalasztani.

A 5. fejezet két kordbbi tanulmény (Baran and Lakatos, 2023; Lakatos and
Baran, 2024) latdstdvolsag eldrejelzésekkel kapcsolatos eredményeit Gsszegezi.
Bemutatja, hogy a vizsgdlatokhoz hasznalt mindkét adatalloméany esetén mind
a klimatolégiai (multbeli megfigyelések alapjdn meghatédrozott ensemble el6rejel-
zés), mind pedig az utéfeldolgozott elérejelzések jelentésen felillmiiljdk a nyers
ensemble elérejelzéseket. Eloszor az EUPPBench benchmark adatallomanybdl
szarmazdé latastavolsag elérejelzéseket elemeztiik (Demaeyer at al., 2023), amely
tartalmazza az ECMWF kontroll elorejelzéseket, az 50, véletlenszeri pertur-
bécidkkal generalt felcserélhet6 ensemble tagokat, valamint a magas felbontdsi
determinisztikus elérejelzéseket is. A Meteoroldgiai Vildgszervezet ajanlasa sze-
rint a latastavolsagot 0-tél 70 km-ig terjed6 diszkrét értékekben jelentik, amely
egy 84 elemi halmazt hataroz meg. Ennek kovetkeztében az utdfeldolgozds
egy osztalyozasi feladatra egyszertisodik. Esettanulmanyaik soran a Baran
et al. (2021) &altal javasolt modellek egy részét alkalmazzuk a latdstdvolsig
elérejelzések kalibralasara, amelyeket a megfigyelt értékek diszkrét természeté-
bol adéddéan hasonlé médon hasznéltak fel a felh6sodés elérejelzések kalibrala-
sara. fgy, a 2017-es és 2018-as évek adatain alapuld kutatdsunkban az utofel-
dolgozédshoz a rendezett logisztikus regressziét (POLR; McCullagh, 1980) és
tobbrétegli perceptron (MLP; Goodfellow et al., 2016) osztdlyoz6t haszndl-
tunk, amik jelentds teljesitményjavuldst eredményeztek. A maésodik vizsgalt
adatdllomany az operativ 51 tagi ECMWF latastavolsdg ensemble elérejel-
zéseket tartalmazza a 2020-2021 idOszakra. Itt az eredményeink arra utalnak,
hogy a kalibralt egyvaltozos elérejelzések jelentSs javulast mutatnak a nyers
és klimatoldgiai eldrejelzésekhez képest, kiillondsen, amikor a Copernicus At-
mospheric Monitoring Service (CAMS) kategorikus elérejelzéseit is bevonjuk a
modellek magyarazé valtozoi kozé. Ezen tilmenden, az emlitett osztalyozési
technikak mellett azt is elemeztiik, mennyit javul a legegyszer(ibb tébbvaltozds
modellek teljesitménye a CAMS elérejelzések bevonasa utdn. Ehhez a kétlép-
csOs empirikus kopula-alapt utéfeldolgozo mddszerek két valtozatat vizsgéljuk:
a legegyszeriibb (ECC; Schefzik et al., 2013) és a Schaake shuffle (SSh; Clark
et al., 2004) mdédszereket. Ezen technikdk az egyvaltozds utédfeldolgozds al-
kalmazasa utdn a nyers ensemble és a multbeli megfigyelések rangstruktiraja
alapjan rendezik at a kalibrélt eloszlasokbdl vett mintékat, ezaltal meghatarozva
a kopula fliggvény fiiggéségi sablonjat. Eredményeink azt mutatjék, hogy a
csupan az ECMWEF elérejelzéseken alapulé elérejelzésekhez képest a CAMS
hasznélata 0,58-4,11%-kal javitja az energy score (Gneiting and Raftery, 2007)
mutatét. A variogram score (Scheuerer and Hamill, 2015) esetében a CAMS
koriilbeliil 5%-os elényt kindl az fiiggetlen utéfeldolgozott elérejelzésekbél alko-
tott vektorok esetén, bar a szemi-lokdlis MLP-C a klimatolégiai el6rejelzésekkel
osszevetve alulteljesit. Mig az ECC és SSh mddszerek kevesebb, mint 2,5%-os
javulast mutatnak a pusztan ECMWEF alapi modellekkel szemben, a klima-
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tolégidval Osszehasonlitva mér tébb mint 20%-o0s elényt jelentenek.

A negyedik cikkiinkben ((Lakatos et al., 2023), amelyet a 6. fejezetben
foglalunk 6ssze, az ECMWF globdlis ensemble elérejelzéseit felhasznédlva attér-
tiink a legmodernebb tobbvéltozés ensemble utéfeldolgozéd mddszerek atfogd
Osszehasonlitdasara. Itt a 2002. januar 1. és 2014. mércius 20. kozotti idészak 2
méteres hémérséklet, 10 méteres szélsebesség és 24 éras csapadékdsszeg elorejel-
zéseket vizsgaltuk. A 1-10 napos elérejelzési horizontok kozotti fliggdségek el-
emzésével arra jutottunk, hogy a nyers ensemble el6rejelzésekkel és az egysze-
rlibb egyvaltozos modellekkel 6sszehasonlitva, ezek a modszerek kévetkezetesen
javitjak a predikcidk mindségét. A legegyszeriibb ECC és SSh varidnsok el6re-
jelzé képessége kozott csak kisebb kiilonbségek voltak megfigyelheték, ahol
egyszer(l alkalmazhatdsdga és alacsony szdmitdsi koltsége révén (az egydimen-
z16s elérejelz eloszldsok ekvidisztdns kvantilisein alapuld) az ECC-Q megkdozeli-
tés erodteljes referenciaként emelkedett ki. Ez az eredmény Gsszhangban van a
korabbi kutatasokkal, amelyek szintén hangsilyoztak, hogy az 0sszes lehetséges
forgatokonyvet attekintve nem létezik univerzédlisan legjobb mddszer, mege-
rositve az alkalmazandé technika gondos kivalasztasanak a sziikségességét, mely-
nek a konkrét elrejelzési probléméhoz kell igazodnia.

Osszegzésill, a disszertacié eredményei nemesak az idéjaras-elérejelzés teriile-
tén felmeriil6 fontos kérdések megvalaszolasaban nyijthatnak segitséget, hanem
szamos jovObeli kutatasi irdnyvonalat is kijelolhetnek. A gépi tanuldsi mod-
ellek, kiilonosen a konvolicids neurdlis hdlézatok (Veldkamp et al., 2021; Li et
al., 2022) egyre novekvé népszeriisége jelentds lehetdségeket kindl a kiillonb6z6
dimenzidék kozotti interakcidk hatékony modellezésére. FEzen tiulmenGen az
EMOS-alapi modellek megjelenése, amelyek tjra definialjik a korrelacids struk-
turdkat, izgalmas lehet6ségeket kindlnak a megbizhatébb elorejelzések eloalli-
tasdra. Ahhoz, hogy ezeket az elényOket a gyakorlati alkalmazdsokban tel-
jes mértékben kiakndzhassuk, elengedhetetlen a folytatodd interdiszciplinris
egyittmiikodés, amely végso soron hozzajarul a légkor dinamikdjanak mélyebb
megértéséhez.
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Appendix B

ECMWEF visibility
ensemble calibration

As mentioned in Chapter 5, this appendix presents the results of the calibration
of the 51-member ECMWEF ensemble forecasts for the 2020-2021 period. With
the inclusion of CAMS forecasts, comparable forecast horizons were available
up to 120 hours with steps of 6 hours, however, this appendix examines the
entire 240-hour forecast horizon range.
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Figure B.1: Mean CRPS of post-processed, raw and climatological visibility
forecasts for calendar year 2021 (a) and CRPSS of post-processed forecasts
with respect to climatology (b) as functions of the lead time.

According to Figure B.la, in terms of the mean CRPS all post-processing
methods outperform the raw ECMWEF ensemble forecast for all forecast hori-
zons by a wide margin and climatology also performs rather well. The clear
diurnal cycle in the mean CRPS corresponds to the different observation times
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| MLP-L | MLP-C | MLP-R | POLR-L | POLR-C | POLR-R | Climatology

CRPS | 70.65% | 70.75% | 72.94% 68.09 % 69.60 % 72.52% 75.60 %
LogS 45.31% | 44.10% | 44.88% 44.28% 43.45% 44.44 % 66.05 %

Table B.1: Overall mean CRPS/LogS of post-processed and climatological vis-
ibility forecasts for calendar year 2021 as proportion of the mean CRPS/LogS
of the raw ECMWF ensemble.
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Figure B.2: Mean LogS of post-processed, raw and climatological visibility
forecasts for calendar year 2021 (a) and LogSS of post-processed forecasts with
respect to the POLR-L model (b) as functions of the lead time.

(0000, 0600, 1200 and 1800 UTC), indicating that the skill of the predictions de-
pends on the time of the day. Raw ensemble forecasts show the best predictive
performance at 0600 UTC, whereas both for climatology and for post-processed
predictions the lowest mean CRPS is attained at 0000 UTC. Note that the su-
periority of climatology over the raw visibility forecasts is fully in line with the
results of Chmielecki and Raftery (2011). A deeper insight into the differences
between the various calibration techniques can be obtained from Figure B.1b
depicting the CRPSS values with respect to climatology. In general, clustering-
based modelling is superior to regional, and the advantage of post-processing
with respect to climatology decreases with the increase of the lead time. For
POLR models the chosen training period length is long enough even for reliable
local estimation and the POLR-L approach results in the highest skill score for
all lead times. This is not the case for the MLP models, where the CRPSS of
the semi-locally estimated MLP-C is often above the skill score of the MLP-L,
especially for lead times corresponding to 0600 UTC. POLR models outperform
their MLP counterparts for most of the forecast horizons; however, up to 156 h
even the poorest MPL-R has better skill than climatology. A possible ranking
of the competing methods can be obtained from Table B.1 giving the overall
mean score values of calibrated and climatological forecasts as proportions of
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Figure B.3: CRPSS of POLR-L post-processed visibility forecasts for calendar
year 2021 with respect to climatology (a) and LogSS of POLR-C and MLP-L
approaches with respect to the POLR-L model (b) together with 95 % confi-
dence intervals as functions of the lead time.

the corresponding mean score of the raw ECMWEF ensemble. POLR-L results
in the lowest mean CRPS, closely followed by POLR-C.

As Figure B.2a and Table B.1 show, the difference between raw and post-
processed forecasts in terms of the mean LogS is even more pronounced than
in terms of the mean CRPS; however, the general picture slightly changes. On
the one hand, all post-processing methods outperform climatology by a wide
margin. On the other hand, in terms of the LogS, clustering-based modelling
is clearly superior to local estimation. According to Figure B.2b, for most of
the forecast horizons MLP-L underperforms even MLP-R, and at lead times
corresponding to 0600 and 1200 UTC, POLR-R also results in positive LogSS
with respect to POLR-L.

To enlighten the uncertainty of the investigated verification scores and sta-
tistical significance of the score differences, in Figure B.3 the CRPSS and LogSS
values of some post-processing approaches are accompanied with 95% confi-
dence intervals. According to Figure B.3a, the advantage of the best-performing
POLR-L model over climatology in terms of the mean CRPS is clearly signifi-
cant for all lead times but 204 h and 228 h. Regarding the LogS (Figure B.3b),
POLR-L significantly outperforms MLP-L for all lead times, whereas the dif-
ference between POLR-L and the best performing POLR-C is significant at a
5% level only at forecast horizons corresponding to 0600 UTC.

Furthermore, PIT histograms of Figure B.4 also demonstrate the positive
effect of post-processing and the superiority of climatology over the raw visibil-
ity ensemble forecasts. The histograms of the latter are rather U-shaped with a
more and more pronounced bias with the increase of the forecast horizon. All
other forecasts result in PIT values that are much closer to the desired stan-
dard uniform distribution; however, climatology still exhibits a small underdis-
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Figure B.4: PIT histograms of post-processed, climatological and raw visibility
forecasts for calendar year 2021 for lead times 6-60 h, 66-120 h, 126-180 h and
186-240 h.

persion, whereas MLP post-processed predictions are slightly overdispersive.
Similar to the case of EUPPBench forecasts (Section 5.3.1), the a3, rejects
the uniformity for all calibrated forecasts for all lead times; however, now the
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MLP-L | MLP-C | MLP-R | POLR-L | POLR-C | POLR-R

1.98 x 1071 0~ [ 1.15x 1077 | 431 x10°° | 1.54x 10~ | 2.00 x 10~°

Table B.2: Overall mean p-values of the a5, tests for uniformity of the PIT
values for calendar year 2021.
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Figure B.5: Coverage (a) and average widths (b) of 90 % central prediction
intervals of raw and post-processed visibility forecasts for calendar year 2021
as functions of the lead time. In panel (a), the ideal coverage is indicated by
the horizontal dotted line.

semi-local POLR model results in the highest overall mean p-value, see Table
B.2.

The improved calibration of post-processed and climatological forecasts can
also be observed in Figure B.5a showing the coverage of 90 % central prediction
intervals. For the raw forecasts this coverage ranges from 28 % to 66 % and
shows an increasing trend with a clear diurnal cycle. For post-processed and
climatological forecasts the diurnal cycle is far less pronounced and one cannot
observe dependence on the forecast horizon. The coverage of climatology is
almost perfect, whereas post-processed forecasts result in coverages slightly
above 90 %. For the POLR models the mean absolute deviations over all lead
times from the desired 90 % are 2.53 % (POLR-L), 2.96 % (POLR-C) and 2.99 %
(POLR-R), while for the MLP approaches one gets 4.86 % (MLP-R), 4.98%
(MLP-C) and 4.52 % (MLP-R). Note that for climatological forecasts this mean
absolute deviation is just 0.69 %. Naturally, the price for the better calibration
of post-processed and climatological forecasts has to be paid in the loss of the
sharpness. As depicted in Figure B.5b, the raw ECMWF visibility ensemble
results in far the narrowest 90 % central prediction intervals. This is a rather
common phenomenon stemming from the highly underdispersive character of
the raw forecasts, which in our case improves with the increase of the lead
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Figure B.6: RMSE of the mean forecasts for calendar year 2021 (a) and differ-
ence in RMSE from climatology (b) as functions of the lead time.

time (see Figure B.4). Post-processing usually increases the spread of the
predictions, which directly leads to deterioration in sharpness. Furthermore,
one should also note that in general, the average width values of the different
forecasts are fairly consistent with the corresponding coverages.

Finally, according to Figure B.6a, compared with the raw ensemble all
POLR and MLP models substantially improve the accuracy of the mean fore-
cast, whereas the advantage of climatology is far less pronounced, especially for
shorter forecast horizons. Note that the ranking of the different forecasts with
respect to the RMSE of the mean (Figure B.6b) is completely in line with the
ordering based on the mean CRPS (Figure B.1b), and the POLR-L approach
again outperforms the competitors for all lead times.

Again, besides the 30-day reference climatology, the predictive performance
of climatological forecasts based on a 350-day rolling training period was also
tested. However, such a long training period is unlikely to capture the seasonal
variations in visibility. In terms of the mean CRPS and RMSE of the mean, this
forecast is far behind the various MLP and POLR models, its mean absolute
deviation in 90 % coverage from the required value is 3.90 %, combined with
an average width similar to the MLP approaches. The only score where the
performance of the 350-day climatology is reasonable is the LogS, at 192 h,
216 h and 240 h it can compete with the regional versions of both studied
post-processing techniques.



Appendix C

Dawid-Sebastiani score

As mentioned in Chapter 6, the comparison of multivariate post-processing
methods described in Chapter 2, alongside the energy and variogram scores, was
also evaluated using the Dawid-Sebastiani score (DSS; Dawid and Sebastiani,
1999), which is based on the first two moments of the prediction. The related
results are presented in detail in this appendix.

C.1 Definition

For an L-dimensional forecast ensemble f,,fs,...,f); and vector y the DSS
is defined as T B
DSS:=1In(detS) + (y—F) S~ '(y—7),

where § and S denote the ensemble mean and covariance matrix, respectively.
To handle the possible singularity of the sample covariance matrix, Wilks
(2020) suggests to use a regularized version of the DSS (RDSS) defined as

RDSS := m}%n [ln(det @71(/\)) + (y —ﬂT@()\)('y - })],

where ©()) is a sparse approximation of S corresponding to regularization
parameter A obtained using graphical lasso (Friedman et al., 2008).

C.2 Forecast evaluation with RDSS

Following the suggestions of Wilks (2020), for all three investigated weather
quantities we calculated the RDSS by optimizing for A in the interval [0.01,0.02],
while ®(\) was obtained with the help of the glasso R package. For simplic-
ity we considered just the raw ensemble and multivariate forecasts addressing
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Figure C.1: Boxplots of the DM test statistic investigating the significance of
the difference in RDSS from the reference ECC-Q method for T2M (a), V10
(b) and PPT24 (c). Grey lines indicate the acceptance region of the two-tailed
DM test for equal predictive performance at a 5% level of significance.

temporal dependence. However, according to Figure C.1, the RDSS results in
a rather similar ranking of the various post-processing methods as the ES (see
Figures 6.2c, 6.7c, and 6.11c).



