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Introduction

Since dawn of time, humans are bound to weather conditions. To meet the
needs of inhabitants, most of great ancient cities were geographically placed in
intertropical areas, because the agricultural production is heavily depending on
the climate. Therefore, extreme weather events can lead to humanitarian crises.
In modern society, such events have both social and economic impacts.
Nowadays accurate weather forecasts became indispensable for many areas
such as renewable energies, management of freight transport, and natural dis-
aster control. With the advent of computers and supercomputers, one now is
able to produce Numerical Weather Prediction (NWP) providing forecast vari-
ables (ensemble forecasts) which we can use as predictors for weather forecast-
ing. Those ensemble forecasts issued differently either in the numerical model
or its initial condition. Despite that those forecasts are subject to errors and
not reliable in terms of representation of the weather quantity at hand. The
necessissity to reduce those errors or increase the sharpness of those forecasts
has created the need to develop a new field: “ensemble post-processing”.
Post-processing adds value to the NWP model output by improving the
sharpness and performance. Post-processing takes the form of any systematic
altering of the model output before it is publicly made available. It is basically
a statistical model that relates the observed variables of interest with the corres-
ponding model output. Given the ensemble forecasts and their corresponding
observations for a given lead time and training period, one can derive distribu-
tion based model. According to the dataset, the training period can be of the
form of rolling window or of the past or a sliding window around a specific time.
After that we have a post-processor that corrects the biases and dispersion er-
rors, preserves the predictive skill and the statistical dependency structure of
space and time of the ensemble forecasts (Schaake et al., 2007; Gneiting et al.,
2007; Gneiting and Katzfuss, 2014; Yuan et al., 2015). Additional benefit of
post-processing is that one does not need to be familiar with the local charac-
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teristics of the weather quantity at hand, and can rely on its statistical model
to fill in the gaps.

These statistical models or equations used in the post-processing methods,
are actually mathematical representations of the relationship between the pre-
dictors and the predictands. To produce such formulas one should start with
the data at hand and investigate the correlation between its variables. This has
made the opportunity for new applications of these statistical models. In this
thesis we present work that sought for novel probabilistic models for weather
forecasting.

We use various statistical and machine learning methods for post-processing
water levels at Kaub gauge in the Rhine River, solar irradiance at (3 and 7
locations in Germany and Hungary respectively) and total cloud cover of 3330
synoptic (SYNOP) stations around the world.

This thesis is organized as follows: First, in Chapter 1 we provide a literat-
ure review of post-processing, focusing on the models already used for the three
weather quantities we study on. Then, in Chapter 2 we present the various post-
processing methods used in this thesis. After that, in Chapter 3 we go through
the evaluation methods used throughout followed by detailed case studies for
each of the weather quantities, where we showcase the models, the data used
and results (Chapters 4, 5 and 6). These chapters contain our new scientific res-
ults where we develop and implement new statistical post-processing methods,
investigate the performance of the different models, develop and implement ma-
chine learning methods under various environments. The present results have
been published in Baran et al. (2019); Schulz et al. (2021) and Baran et al.
(2021). Finally, a chapter is dedicated to our conclusions summarising the res-
ults.



Chapter 1

Literature review of
post-processing

1.1 Introduction

The prediction of every physical system is tainted by uncertainty, restricting our
ability to forecast future states precisely. We make inherently imperfect math-
ematical models that describe the system’s underlying rule in our endeavor to
understand the behavior of a system. This uncertainty need to be quantified.
In this chapter we are going to check the shift from point forecasts to prob-
abilistic forecasts and the importance of post-processing. We will go through
post-processing literature for the three weather quantities investigated in detail
in Chapters 4, 5 and 6.

1.2 Probabilistic forecasting

If the time development of a system is sensitively dependent on the assumed
initial conditions, it is said to display chaotic behavior. The system could be
a mathematical system or a physical system, such as the Earth’s atmosphere
(such as a numerical model for weather forecasting). Because the exact state of
the atmosphere can never be known, forecasts of its future evolution are always
uncertain (White, 2007).

A NWP is a set of forecast values for different climatic variables at various
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time intervals. These forecasts are made using a numerical model that solves a
system of N differential equations resulting from a spatial discretization of the
laws that control atmospheric dynamics (Buizza, 2018b). By its very nature,
NWP is a subject that must cope with uncertainty. A NWP model’s initial
conditions can only be estimated to a certain degree of precision. Some of these
initial errors (initial conditions uncertainty) can increase during a forecast, res-
ulting in severe forecast errors. Furthermore, numerical algorithms’ depiction
of the dynamics and physics of the atmosphere includes additional uncertainties
(model uncertainty), such as truncation errors and the uncertainty of paramet-
ers describing subgrid-scale processes like cumulus convection in a global model
(Leutbecher and Palmer, 2008). Because the approximation of the initial con-
ditions requires the use of a forecast model, initial condition uncertainties are
influenced by model uncertainties.

In reality, meteorological centers compute the initial conditions based on a
combination of observations and very short-term forecasts, often known as first
guesses, utilizing statistical approaches. In the literature, this process is known
as data assimilation (Buizza, 2018b).

The Ensemble of Data Assimilations (EDA) is a collection of data assimila-
tions that takes into account uncertainty in observations, atmospheric boundary
conditions including sea-surface temperature, and model physics (Lang et al.,
2019). The EDA serves two purposes: it contributes to the high-resolution ini-
tial conditions (high-resolution analysis) by providing flow dependent estimates
of the errors in the short-range forecasts (background) used in the data as-
similation system; and it aids in the determination of the initial conditions for
ensemble forecasts by providing EDA-based perturbations to the high-resolution
analysis (Lang et al., 2019).

Other methods for quantifying uncertainty in NWP must deal with the sens-
itive dependency on initial conditions, the interaction of several spatial and
temporal scales, and the reality that the sources of uncertainty are themselves
uncertain (Leutbecher and Palmer, 2008). For example, some of the stochastic
representations of these uncertainties at ECMWF are stochastically perturbed
parametrization tendency (SPPT) and stochastic kinetic energy backscatter
(SKEB) schemes (Leutbecher et al., 2017). Another approach to simulate initial
uncertainties are singular vectors (SVs) and EDA-based perturbations (Buizza
et al., 2010).

Moreover, probabilistic forecasting itself aims to measure uncertainty by
making simple probability claims about the likelihood of future outcomes
(Gneiting and Katzfuss, 2014). This dotes the start of shifting towards probab-
ilistic forecasting (or ensemble forecasting). Since the climate system is dynamic
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and it’s behaviour is irregular, it cannot be predicted with confidence. Therefore
probabilistic forecasts are preferable to deterministic forecasts.

The concept of ensemble forecasting in meteorology is introduced by Epstein
(1969). Bauer et al. (2015) proposes a probabilistic method allowing represent-
ative sampling of the state of the atmospheric variable. In fact, a complete
resolution of a probabilistic solution (by the Liouville and Fokker-Planck equa-
tions) is not possible from a computational point of view. The idea will be
to slightly disturb the initial conditions and / or the physical parameteriza-
tions of the model resulting in not a single deterministic forecast but a set of
forecasts (ensemble forecast members). For reasons of computation time, the
members are produced at a spatial resolution which is generally less fine than
the corresponding deterministic model.

The advent of high performance computing allowed the establishment of the
first ensemble forecasting systems across the world (Toth and Kalnay, 1993;
Mureau et al., 1993). Ensemble forecasting became a major tool for national
meteorological services through the decision making support that it can provide
to forecasters and the probability calculation of events of interest (Buizza et al.,
1999; Palmer, 2002).

An ensemble forecasting system’s principal goal is to evaluate forecast un-
certainty by running a number of physically consistent future development scen-
arios. These scenarios are caused by uncertainty in the initial conditions as well
as model error. The uncertainty in the boundary conditions is an additional
source of forecast uncertainty for limited area ensembles (Reinert et al., 2021).

Effective alerts require accurate and informative weather forecasts to reduce
both non-detections and false alarms. A good representation of the uncertainty
is also necessary to have a reliable forecast of meteorological events. This makes
it easier for users to make decisions, as they often have difficulty using prob-
abilistic information (Hagedorn, 2017). Ensemble forecasting is more and more
used in so-called weather-sensitive areas such as energy production (Taylor and
Buizza, 2003; Pinson et al., 2009), hydrology (Krzysztofowicz, 2001; Schaake
et al., 2007), agriculture (Calanca et al., 2010), ecology (Poulos et al., 2012), air
quality (Mallet and Sportisse, 2006) or economy (Ravazzolo and Vahey, 2014).
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1.3 The importance of statistical post-
processing

Each ensemble forecast model has errors and biases that are not entirely ran-
dom (there are often weaknesses due to the deterministic model that serves as
the basis for generating the sets as well as a quantification of the erroneous un-
certainty). Hence, to improve predictions, statistical post-processing methods
have been used since the development of NWP (Glahn and Lowry, 1972).

The purpose of post-processing methods is to automatically build a statist-
ical relationship between the observations and the corresponding meteorological
variables predicted by the numerical model. Many data mining and machine
learning techniques can be used (Hastie et al., 2009; Wu et al., 2014). These
statistical models are then applied to the new forecasts in order to improve them,
or to predict variables observed but not predicted by the numerical model. This
approach, called ensemble Statistical Adaptation, predicts all or part of the dis-
tribution of the observation (Gneiting et al., 2005). A particularly interesting
fact is that, whatever the initial performance of the ensemble forecasting model,
a well-designed statistical post-processing manages to improve the performance
of the forecasts (Ruth et al., 2009; Hemri et al., 2014; Taillardat et al., 2016).

The European Center for Medium-Range Weather Forecasts (ECMWF) has
drawn up a report inventorying various existing statistical post-processing meth-
ods (Gneiting and Katzfuss, 2014). The Report of ECMWF discusses the poten-
tial operational application of state-of-the-art techniques in the field. Various
methods of statistical calibration of ensemble forecasts for various weather vari-
ables have been established over the last decade, (see, e.g. Ruiz and Saulo, 2011;
Schmeits and Kok, 2010; Williams et al., 2013; Wilks, 2018; Pinson and Mess-
ner, 2018), and parametric approaches such as ensemble model output statistics
(EMOS; Gneiting et al., 2005) or Bayesian model averaging (BMA; Raftery
et al., 2005) offer full predictive distributions. EMOS predictive distribution
is given by a single parametric probability law with parameters depending on
the ensemble, while BMA predictive probability density function (PDF) is a
weighted mixture of PDFs corresponding to the individual ensemble members.
In the applied parametric distribution family, the EMOS and BMA models dif-
fer in various weather quantities. Once a predictive distribution is given, its
functionals (e.g. median or mean) can be considered as classical point fore-
casts. Non-parametric approaches like quantile regression (see e.g. Friederichs
and Hense (2007); Bremnes (2019a)), and mixed methods like quantile map-
ping (see e.g. Hamill and Scheuerer (2018); Gascén et al. (2019)) also provide



1.4. WATER LEVEL FORECASTING 7

estimates of the probability distributions of the weather quantities of interest.

Machine learning approaches also have recently become increasingly com-
mon in ensemble post-processing. For example, Taillardat et al. (2016) used
quantile regression forests (QRF) for temperature and wind speed ensemble
forecast calibration, and Taillardat et al. (2019) recently expanded the tech-
nique to precipitation forecasts. Rasp and Lerch (2018) used neural networks
incorporating nonlinear relationship between predictor variables and forecast
distribution parameters, while Bremnes (2019b) used neural networks in post-
processing of ECMWF near-surface temperature ensemble forecasts using QRF
as a benchmark model. Several machine learning methods, including random
forests, gradient boosting, and neural networks, are compared by Bakker et al.
(2019) for post-processing NWP predictions of solar irradiance based on quantile
regression. For a detailed overview of new research trends and organizational
implementations, see Vannitsem et al. (2021).

Probabilistic forecasting approaches that estimate predictive distributions
are the most advanced prediction methods not only in the atmospheric sci-
ences, but also in other fields of science and economy, such as economic risk
management, seismic hazard prediction, and financial forecasting. For a de-
tailed overview of the key concepts and properties of probabilistic predictions,
as well as the areas of application see Gneiting and Katzfuss (2014).

In the following we will go through the post-processing methods used for the
three investigated weather quantities.

1.4 Water level forecasting

In addition to the successful application, e.g. for temperature ensemble forecasts
(Gneiting et al., 2005), wind speed (Baran and Lerch, 2015; Lerch and Thor-
arinsdottir, 2013; Thorarinsdottir and Gneiting, 2010) or precipitation (Baran
and Nemoda, 2016; Scheuerer, 2013; Scheuerer and Hamill, 2015), EMOS-based
statistical post-processing has been shown to improve the predictive perform-
ance of hydrological ensemble forecasts for different gauges along the Rhine river
(Hemri et al., 2015; Hemri and Klein, 2017), too EMOS is a fairly parsimonious
post-processing approach, and its performance is then restricted by i) the degree
to which the true mechanism can be interpreted by the parametric distribution
family and ii) the extent to which the complete information from the ensemble
can be summarized in a limited set of ensemble statistics.

For example, a typical EMOS approach based on a Gaussian or Gamma
distribution family is not capable of modeling bimodal forecast distributions.
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However, BMA, which has also been applied to hydrological ensemble forecasts
(Duan et al., 2007; Hemri et al., 2013), is more flexible in that it converts a
(multi-model) raw ensemble into a mixture distribution that allows multimodal
shapes. Accordingly, in this thesis, we assume that BMA may be able to out-
perform EMOS.

1.5 Solar irradiance forecasting

For decades, the literature on energy forecasting has largely concentrated on de-
terministic predictions. However, it is now generally accepted that probabilistic
forecasting is critical for making the best decisions in planning and operating
solar power (Hong and Fan, 2016; Van der Meer et al., 2018; Haupt et al., 2019;
Hong et al., 2020). In their recent analysis on energy forecasting, Hong et al.
(2020) identified probabilistic forecasting with the aim of providing a predictive
probability distribution for a future quantity or event in order to measure fore-
cast uncertainty (variance, probabilities of different events, etc.) as one of the
most relevant emerging research topics.

We will concentrate on solar energy, which is one of the most effective re-
newable energy sources connected to photovaltaic (PV) power. Photovoltaics is
the process of converting sunlight into electricity using semi-conductors and for
example, PV contributes significantly to Germany’s power supply, accounting
for 9.2% of gross electricity consumption in 2020 and more than 66% of current
electricity consumption on sunny days, according to Fraunhofer Institute for
Solar Energy Systems (2021).

There are two types of solar energy forecasting approaches: those that aim
to predict solar irradiance and those that aim to predict PV power. Solar
irradiance and PV system output are naturally highly correlated, and the stat-
istical methods used are similar (Van der Meer et al., 2018). In this thesis,
we’ll concentrate on probabilistic solar irradiance forecasting, see Van der Meer
et al. (2018) and Yang (2019) for detailed overviews and analyses of current ap-
proaches. Most methods of the ones for probabilistic solar irradiance forecasting
combine physical knowledge from NWP models with statistical methods, with
the exception of short-term prediction (e.g., Zelikman et al., 2020).

In the literature on probabilistic solar energy forecasting, post-processing
ensemble predictions of solar irradiance has recently got a lot of attention. It
should be noted that similar post-processing methods have also been used for
direct PV power production forecasting, such as in Sperati et al. (2016), but
they are out of scope in this thesis. Bakker et al. (2019) compares clear-sky in-
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dex post-processing methods that use deterministic NWP predictions of many
variables as input and use different machine learning approaches for quantile
regression. Le Gal La Salle et al. (2020) proposes an EMOS model for global
horizontal irradiance, comparing quantile regression and analog ensemble ap-
proaches to truncated normal and generalized extreme value distributions as
forecast laws. For hourly clear-sky index forecasting, Yagli et al. (2020) com-
pares several parametric and nonparametric post-processing methods, including
EMOS models based on Gaussian, truncated logistic, and skewed Student’s t
distributions, quantile regression based on random forests, and generalized ad-
ditive models for location, scale, and shape. Yang (2020a) suggests the use
of EMOS models for probabilistic site adaptation of gridded solar irradiance
products, and Yang (2020b) compares building models for irradiance and the
clear-sky index, and examines the option of parametric distributions in a closely
related paper.

1.6 Total Cloud Cover forecasting

According to the World Meteorological Organization, ” Total cloud cover is the
proportion of the sky covered by all visible clouds” (World Meteorological Or-
ganization, 2017). Total cloud cover (TCC) observations are typically recorded
in eighths of sky cover called oktas, which take only nine different values, despite
the fact that the definition implies a continuous quantity in the [0,1] interval.

TCC forecasts are produced using numerical NWP models (see Koltzow et al.
(2019) for a comparison of the performance of state-of-the-art techniques), and
all major meteorological centers have recently issued ensemble TCC forecasts
using their operational ensemble prediction systems (EPSs). The EPS of the
independent intergovernmental ECMWEF (Molteni et al., 1996; Leutbecher and
Palmer, 2008; ECMWF Directorate, 2012) or the Global Ensemble Forecast
System of National Centers for Environmental Prediction (Zhou et al., 2017)
are good instances.

TCC ensemble forecasts are typically highly underdispersive and have sys-
temic bias, they underperform ensemble forecasts of other weather variables
such as temperature, wind speed, pressure, or precipitation in terms of forecast
skill (see, for example, Haiden et al. (2015, 2018)).

Since TCC is discrete, the predictive distribution should be a discrete prob-
ability distribution, and post-processing can be thought of as a classification
problem that yields the oktas’ probabilities. Hemri et al. (2016) propose two
discrete parametric post-processing approaches for calibrating TCC ensemble
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forecasts: multiclass logistic regression (MLR) (Izenman, 2008) and propor-
tional odds (or ordered) logistic regression (POLR) (McCullagh, 1980). Vari-
ous versions of logistic regression had already been successfully implemented in
statistical post-processing (see, for example, Wilks (2009); Schmeits and Kok
(2010)), and ordered logistic regression even performed well for forecasting dis-
crete categories (Messner et al., 2014).



Chapter 2

Post-processing approaches

2.1 Introduction

In this chapter, we are going to go through all post-processing approaches used in
this thesis. Classical parametric approaches are applied in water level and solar
irradiance forecasting, whereas for total cloud cover we use machine learning
techniques.

2.2 Statistical approaches

In what follows, let fi,..., fx denote the ensemble forecast of a given weather
quantity X for a given location, time and lead time. However, most opera-
tional EPSs now include ensembles in which at least some of the members are
statistically indistinguishable, therefore they are considered exchangeable. As
an example one can consider the 51-member operational EPS of the ECMWF or
the 11-member AROME-EPS of the Hungarian Meteorological Service (HMS).

In the case of exchangeability, having M ensemble members that are divided
into K exchangeable groups where the kth group contains My > 1 (ZkK:l My, =
M) forecasts, we denote the fth member of the kth group by f .

2.2.1 Bayesian model averaging

For the BMA post-processing approach, the predictive distribution of a future
weather quantity is a weighted mixture of probability laws corresponding to the

11
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individual ensemble members. The BMA predictive PDF (Raftery et al., 2005)
of X equals

K
p(x| fi, s fr; 01,00, 0K) = Zwk9($| Jrr Ok)» (2.1)
k=1

where g(:ﬂ| fk,Gk) is the component PDF from a parametric family corres-
ponding to the kth ensemble member f; with parameter (vector) 65 to
be estimated, and wy is the corresponding weight linked to the relative per-
formance of this particular member during the training period. Note that the
weights should form a probability distribution, that is wi >0, £k =1,..., K,
and Zle wp = 1.

Fraley et al. (2010) propose using the same weights and parameters inside a
particular group to account for the presence of groups of exchangeable ensemble
members. Therefore, in this situation, equation (2.1) is replaced by

K My

p(lfis- o finns e fRs o fRM 01, OK) = Zzwkg(x\fk,u@k)
k=1 (=1
(2.2)

To model temperature and sea level pressure for example, Raftery et al.
(2005) proposed a normal mixture with the following predictive distribution

K
Zwkj\/'(ak +bkfk,02), (2.3)

k=1

where N (u, 02) denotes a Gaussian distribution with mean p and variance

2.

2.2.2 Ensemble model output statistics

The EMOS or non-homogeneous regression approach, proposed by Gneiting
et al. (2005), uses a single parametric distribution as a predictive PDF with
parameters linked to the ensemble members. Those parameters depend on the
kernel used in the EMOS model which has the following general form

X|f1,..., K~h($|fl,...7f}(;9) (24)

where h(x|f1, ..., [K;0) is a parametric PDF.
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For example, in modeling temperature and sea level pressure, Gneiting et al.
(2005) proposed the following EMOS predictive distribution

K
N(ao+a1f1+...+akfk,b0+b152) with §2%.:= K 1 ; fk—i )

where f is the ensemble mean.
In case of exchangeability, the model (2.5) becomes

N(ao—l—alﬁ—i—...-i-a;(f?,bo +b152)

where fi, denotes the mean of the kth exchangeable group, k=1,2,..., K.

2.3 Post-processing methods for discrete quant-
ities

Let Y €Y = {y1,92,...,yn} be a discrete weather quantity observed at a
given location and time point. A good example is TCC to be discussed in detail
in Chapter 6, which is expressed in oktas, that is it can take n =9 different
values. In this case post-processing is reduced to a classification problem where
the aim is to predict the probabilities of the different outcomes based on feature
vectors x derived using ensemble members or/and other covariates. Thus,
one can use either classical parametric approaches to classification like MLR
or POLR to be discussed in details in Sections 2.3.1 and 2.3.2, respectively, or
apply some state-of-the-art machine learning classification method (see Section
2.4).

2.3.1 Multiclass logistic regression

In MLR the log-odds of a given class with respect to a fixed reference class, which
can be chosen arbitrarily, is represented as an affine function of the features.
This means that after setting e.g. the last class ¥, as reference class, the
conditional distribution of the predicted weather quantity with respect to an
M-dimensional feature vector « equals

L (=)
%7 k=1,2,...,n—1;
P(Y =y | @)={ Xy e o with (2.6)

1...2;:11 eLe(=)?
T
Li(x):=Bor + = By,
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where SBor € R, B, € RM, resulting in (n—1)(M +1) free parameters to be
estimated on the basis of the training data.

2.3.2 Proportional odds logistic regression

The POLR model is designed to fit ordered data. Given a feature vector =,
the conditional cumulative probabilities of Y are expressed as

eLr(x)

with  Lix(z) :=yor+x 'y, k=1,2,...,n, (2.7)
where we assume that 791 < Y02 < -+ < Yon. In this way POLR model (2.7)
is more parsimonious than MLR model (2.6), as it has just n + M unknown
parameters.

2.4 Machine learning approaches

In this thesis, the machine learning approaches were only used for the TCC
weather quantity, where the feature vector « is derived from the ensemble mem-
bers or/and other covariates.

2.4.1 Multilayer perceptron neural network

A multilayer perceptron (MLP) is a type of feedforward neural network that
consists of an input layer, an output layer, and several intermediate layers (also
known as hidden layers) that each contain several neurons. The value in each
of the neurons is a transformed value (via an activation function) of a weighted
sum of all neuron values from the previous layer plus a bias term. The number of
neurons in the input and output layers is determined by the number of features
and classes, respectively, while the number of hidden layers and the number of
neurons in each hidden layer are network parameters that are free (or tuning).
For a detailed introduction to neural networks, see, for example Goodfellow
et al. (2016).

The weights of the neurons are calculated in order to minimize a given loss
function on the training set, and the network is trained using a set of labeled data
(training set). Early stopping rules based on a validation set are recommended
to prevent overfitting. Typically, a subset of the labelled data set available for
training is selected randomly. If the value of the loss function computed on the
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validation set does not change after a certain number of iterations, the minimiz-
ation process ends. Other machine learning approaches use similar techniques;
see Section 6.4.1 for more details.

The addition of a regularization term to the loss function is another way
to avoid overfitting. We use a Lo regularization here, in which the sum of
squares of the network’s weights is multiplied by a factor (which is an additional
tuning parameter of the network). A probability distribution corresponding
the different classes (oktas for TCC) provided by the trained network for each
feature vector.

2.4.2 Random forest models and gradient boosting ma-
chines

Machine learning models based on ensembles of decision trees include random
forests (RF) and gradient boosting machines (GBM). Since the 1950s, decision
trees have been used in meteorological forecasting as flowchart-like structures
(McGovern et al., 2017). These models are obtained by iteratively splitting
training data into groups according to a threshold in one of the features & which
is chosen to maximize the homogeneity of the target variable within the resulting
subsets. This process is repeated until a criterion for stopping is met. Out-of-
sample forecasts can be obtained by recursively partitioning the feature space
according to the predictor input and estimating class probabilities using the
empirical frequencies of observed classes in the corresponding subset. Although
there are multiple decision tree learning algorithms, we will concentrate in this
thesis on classification and regression trees (CART), which were first introduced
by Breiman et al. (1984).

Random forest models

RF models (Breiman, 2001) repeatedly resample the training set to obtain mul-
tiple decision trees to increase robustness and solve overfitting issues of decision
trees. At each splitting node, this bootstrap aggregation (or bagging) method is
combined with only considering a random subset of the predictors. Averaging
over the decision trees in the RF ensemble yields class probability predictions
for out-of-sample instances.

When implementing RF models, several tuning parameters must be selected.
Most significantly, the number of trees in the forest must be determined, as
well as the depth (number of levels of recursive partitioning) and number of
predictor variables randomly chosen at each splitting node for each tree. RF
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models, in general, are relatively resistant to these tuning parameters and are
less susceptible to overfitting for a wide variety of parameter choices.

Gradient boosting machines

GBM, as opposed to randomly resampling the training data, are made up of en-
sembles of decision trees that are grown sequentially using data from previously
grown trees. As a result, each decision tree is fitted to a changed version of
the original training set, with a focus on areas where previous model iterations
failed to predict accurately.

The term ”boosting” refers to a class of machine learning algorithms that
suit models by combining many simpler models, in this thesis we used decision
trees. Various notions of gradient boosting have been established following
Friedman (2000), and it has been demonstrated that boosting can be viewed as
a gradient descent algorithm in function space where a loss function is iteratively
optimized by selecting a function that points in the direction of the negative
gradient. Gradient boosting principles can be applied to a wide range of loss
functions, and algorithms for a variety of machine learning tasks have been
developed, see, for example, Hastie et al. (2009) for a general introduction to
gradient boosting.

We use extreme gradient boosting (Chen and Guestrin, 2016), a form of
tree-based gradient boosting that relies on second-order approximations of the
objective function. GBM model predictions are obtained via

M
0= 37 1 (a), (2.8)

where h¢ denotes a regression tree for category c¢ € {1,...,n} containing
a continuous value in all terminal leaves, and M is the number of boosting
iterations. For probabilistic classification tasks, separate sets of regression trees
are fitted simultaneously for all categories, and the obtained latent values Zz°¢
are transformed according to a softmax function. A regularized version of the
LogS (see Section 3.2) is used to learn the set of functions used in the model
(2.8), for details, see Chen and Guestrin (2016).

GBM often outperform RF models in a number of applications, but they are
more susceptible to overfitting and more difficult to tune than RF models. The
number of boosting iterations, M, is particularly important. Furthermore, the
complexity of individual trees h,, must often be limited; see Section 6.4.1 for
more details.
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2.5 Estimation of model parameters and train-
ing data selection

Typically, model parameters are estimated using training data, comprised of
ensemble members and verifying observations of previous dates. The most com-
mon one is rolling training period (RTP), where for a certain verification date,
we use the previous n days. Smaller datasets may benefit from RTP, which en-
able models to adjust to changes in meteorological conditions or the underlying
NWP system. Another option is to use all available data by considering longer
training periods, as shown by studies that demonstrate using long archives of
training data, regardless of possible NWP model changes during that period,
often result in superior performance (Lang et al., 2020). In operational imple-
mentations, extending training periods on a regular basis may also be useful,
where data archives are built up and extended over time.

There are two traditional techniques to spatial selection: local and regional
(often sometimes referred to as global) (Thorarinsdottir and Gneiting, 2010). In
the local approach, parameters for a specific location are computed using just
data from that location, resulting in different parameter estimates for different
locations. Local modeling needs long time periods for training in order to ensure
numerical stability of the estimation process, which is the main drawback of this
method. The regional selection, on the other hand, uses training data from the
whole ensemble domain and the same set of parameters for all locations. Since
local modeling adresses location-specific forecast error characteristics, it often
produces better forecast skill than the regional one. Examples of all mentioned
training data selection methods are seen in the case studies of Section 5.4:
regional estimation with a rolling training period in Section 5.4.1 and local
estimation with rolling and extending training periods in Section 5.4.2.

In this thesis we used other methods for training data selection, e.g. for a
certain verification date we select data only of the same season from the previous
years. Other methods such as analog-based ones, detailed in Section 4.2.5.
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Chapter 3

Forecast evaluation

3.1 Introduction

The main aim of probabilistic forecasting, as mentioned in Gneiting et al. (2007),
is to maximize the sharpness of the predictive distribution subject to calibration.
Sharpness refers to the predictive distribution’s concentration (see e.g. Lauret
et al. (2019)), while calibration refers to the statistical consistency between fore-
casts and observations. These two goals can be met at the same time by using
proper scoring rules, which are loss functions S(F,z) that assign numerical
values to pairs (F,z) of forecasts and observations. For each case of weather
quantity, we use several scores presented in this chapter.

3.2 Logarithmic score

The logarithmic score of a continuous distribution F' is defined as

LogS (F,z) := —log (f(x)),

where f is the density corresponding to the Cumulative Distribution Function
(CDF) F, whereas in the discrete case, the logarithmic score is the negative
logarithm of the probability mass function (PMF) evaluated at the observation,
that is

LogS (F, :1:) := —log (pp(a:))
LogS is proper and negatively oriented, that is the smaller values indicate better
forecast.

19
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3.3 Continuous ranked probability score

In atmospheric sciences, one of the most popular scoring rules is the continuous
ranked probability score (CRPS; Gneiting and Raftery, 2007; Wilks, 2019), as
it assesses calibration and sharpness simultaneously. For a predictive CDF F
and real-valued observation z, the CRPS is defined as

CRPS (F, x) = /jo (F(y) — ]l{y2$})2dy = /j F2(y)dy + /OO (1 — F(y))Qdy
(3.1)

1
= E[X — | - JE[X - X'

where 15 denotes the indicator of a set H, while X and X’ are independent
random variables with CDF F and finite first moment. The CRPS is also a
negatively oriented score, and the third representation in (3.1) implies that it
can be expressed in the same unit as the observation. Further, it can be seen
as a generalization of the absolute error to probabilistic forecasts and allows
comparisons with point forecasts. The CRPS of an ensemble forecast is defined
with the help of the empirical CDF.

Discrete Case

The CRPS for the discrete case can be given as

n n k—1
CRPS (F,z) =Y pr(ye)|ue — 2| = > > pr(ue)pe(ye)|yx — ve-
k=1 k=2 (=1

3.4 Improvements in scores

For a given probabilistic forecast F', the improvement in a score Sp with
respect to a reference forecast Fiof can be quantified with the help of the
corresponding skill score defined as
S
SSpi=1— =X
SFrcf

where Sp and Sp_, denote the mean score values over the verification data
corresponding to forecasts F' and F.f, respectively.
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In particular, over all forecast cases in the verification data, the goodness
of fit of competing forecasts in terms of probability distributions is compared
with the aid of the mean CRPS and mean LogS values CRPS and LogS,
respectively. Further, the improvement in CRPS and LogS with respect to a
reference model can be quantified using the continuous ranked probability skill
score (CRPSS) and logarithmic skill score (LogSS), respectively, defined as

CRPSS :=1-— ﬂ and LogSS :=1 — _LogS
CRPS,cy

Logsref 7

where CRPS,.; and LogS,. s denote the mean CRPS and mean LogS of the
reference approach (see e.g. Gneiting and Raftery (2007); Murphy (1973)). It’s
worth noting that both CRPSS and LogSS are positively oriented, meaning that
higher skill scores indicate better predictive performance.

3.5 Brier score

For assessing the predictive performance of the different forecasts with respect
to the binary event that observation x exceeds a given threshold y, one can
consider the Brier score (BS; Wilks, 2019, Section 9.4.2), which for a predictive
CDF F is defined as

BS (FLaiy) = (F(y) ~ Lgy>a)” (32)

(see e.g. Gneiting and Ranjan, 2011). Note that the BS is also negatively ori-
ented and the CRPS is the integral of the BS over all possible thresholds.

3.6 Probability integral transform

One of the simplest tools for getting a first impression about the calibration of
forecast distributions is the probability integral transform (PIT) histogram. By
definition, the PIT is the value of predictive CDF at the validating observation
(Raftery et al., 2005), with possible randomization at points of discontinuity
(Gneiting and Ranjan, 2013). In case of proper calibration, PIT should follow
a uniform distribution on the [0, 1] interval. In the case where uniformity is
not achieved, the shape of the PIT histogram provides information about the
possible cause of the problem. In this way the PIT histogram is the continuous
counterpart of the verification rank histogram for the raw ensemble, which is
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defined as histogram of ranks of validating observations with respect to the
corresponding ensemble forecasts (see e.g. Wilks, 2019, Section 7.7.2). Again,
for a properly calibrated ensemble the ranks should be uniformly distributed.

3.7 Coverage and average width

Calibration and sharpness of a predictive distribution can also be investigated
using the coverage and average width of the (1 —«)100%, « € (0,1), central
prediction interval, respectively (Gneiting et al., 2007). As coverage we consider
the proportion of validating observations located between the lower and upper
a/2 quantiles of the predictive CDF, and level « should be chosen to match the
nominal coverage of the raw ensemble, that is (K —1)/(K +1)100%, where K
is the ensemble size (see e.g. Raftery et al., 2005; Baran and Lerch, 2015). As the
coverage of a calibrated predictive distribution should be around (1 — «)100 %,
such a choice of « allows direct comparison with the raw forecast.

3.8 MAE and RMSE

Point forecasts such as median and mean of the raw ensemble and of the predict-
ive distribution are evaluated with the help of the mean absolute error (MAE)
and root mean square error (RMSE). Note that the former is optimal for the
median, whereas the latter for the mean (Gneiting, 2011).

3.9 Diebold-Mariano test

As suggested by Gneiting and Ranjan (2011), statistical significance of the differ-
ences between the verification scores is assessed by utilizing the Diebold-Mariano
test (DM; Diebold and Mariano, 1995), which allows accounting for the tem-
poral dependencies in the forecast errors. The detailed description of the DM
test can be found for example in Baran and Lerch (2016).



Chapter 4

Post-processing of
probabilistic water level
forecasts

4.1 Introduction

Hydrological forecasts are essential for a diverse group of users, such as
operators of hydrological power plants, flood prevention authorities or shipping
companies. Any forecasting should be provided for rational decision-making
based on cost-benefit analysis of the predictive uncertainty (Krzysztofowicz,
1999; Todini, 2008). The state-of-the-art method of using a series of parallel
runs of a hydrological models driven by the meteorological ensemble forecast
given by the NWPs. Cloke and Pappenberger (2009) offers a first estimate of
the meteorological input uncertainty. However, NWP ensembles are usually
biased and underdispersed (Bougeault et al., 2010; Buizza et al., 2005; Park
et al., 2008). Additional sources of uncertainty, such as hydrological model
formulation, boundary and initial uncertainty as well as measurement uncer-
tainties, are usually neglected. Statistical post-processing is therefore necessary
in order to minimize systematic errors and to obtain an accurate estimation of
the predictive uncertainty (Buizza, 2018a).

BMA models with Gaussian components offer a suitable fit for weather vari-
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ables such as temperature or pressure (Fraley et al., 2010; Raftery et al., 2005),
whereas wind speed requires a non-negative and skewed distribution such as
gamma (Sloughter et al., 2010) or a truncated normal distribution from below
at zero (Baran, 2014). Although water levels are usually non-Gaussian (see,
e.g. Duan et al., 2007), it is true that they are bounded both from above and
below. It is imperative to also account for these constraints when formulating
the model.

Since the use of the BMA approach is very convenient in the Gaussian
framework, both Duan et al. (2007) and Hemri et al. (2013) perform a Box-Cox
transformation (4.1) before applying BMA in order to achieve approximate
normality despite the positive skewness of water level. In addition, it is
necessary to ensure that the water level quantiles resulting from the predictive
distribution are within the practical physical bounds. At the upper bound
of the distribution level, the water level should be less than level threshold
resulting from an extreme flood with a slight overflow probability, and at the
lower bound water levels should be greater than a threshold resulting from an
extreme long-lasting low water duration with a small non-exceeding probability.
In order to ensure practical values while also being able to benefit from the
mathematical simplicity of Gaussian models, a lower and upper truncated
normal distribution is used. The data of the water level gauges is usually
established in order to prevent water levels below zero. As a consequence, we
use an ad hoc lower truncation limit of half the lowest value ever registered.
While this ad hoc limit turned out to be appropriate for the gauge considered,
it is usually suggested that the derivation of the lower truncation limit be based
on physical properties such as the cease-to-flow stage. While river physics does
not provide a hard upper limit for the water level, as a result of the Box-Cox
transformation we need to apply an upper limit for the truncation. Otherwise,
due to the skewness of the water level, the back-transformation of the Box-Cox
transformed into the original space can lead to predicted water levels that are
far above the rating curve range. In this chapter, the upper truncation limit
has been set to two times the highest gauge level ever reported. However, in
general, we suggest that the upper limit be based on an evaluation of the range
of validity of the rating curve. Above this range, the hydrometric gauge may
be bypassed and, thus, the rating curve becomes obsolete.

To our best knowledge, up to now, there is no study that has applied
a doubly truncated normal BMA approach. In this chapter, the work of
Baran (2014), which applies a one-sided truncated normal BMA method, is
adapted to a two-sided truncated normal BMA approach. Its performance and
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suitability for hydrological ensemble forecasting is tested by using the example
of a multi-model ensemble forecasts of water level at the Kaub gauge in the
Rhine River.

Doubly truncated BMA is introduced in Section 4.2, followed by a brief
description of the data in Section 4.3. The results are presented in Section 4.4,
see also Baran et al. (2019).

4.2 Post-processing methods

4.2.1 Truncated Normal BMA model

One standard practice is to normalize forecasts and observations, for example,
by applying the Box-Cox transformation

. (:CAfl)/)\, A#£0,
h,\(l‘) = {log(x% N— 0 (4.1)

with some coefficient A, perform post-processing, and then back transform
the results using the inverse Box-Cox transformation (Duan et al., 2007; Hemri
et al., 2014, 2015). Following the ideas of Hemri and Klein (2017), to model Box-
Cox transformed water levels, we use a doubly truncated normal distribution
NE(p,0?), with PDF

2o (Z4)
ga,b(gj‘:u70) = @(ZTTM)—@(U’;H)’ IG[CL,bL (42)
and ga,b(x|u,a) := 0 otherwise, where a and b are the lower and up-

per bounds and ¢ and ¢ are the PDF and CDF of the standard normal
distribution, respectively. Note, that the mean and variance of N? (u, 02) are

o) — e
K= ,u—l—a@ ) (= and (4.3)
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respectively. The proposed BMA predictive PDF is defined as

K
p(’r|f17"'7fK;ala"'7O[K;Bla"'a/8K;a) = Zwkga,b(x|ak+6kfk7a)v (44)
k=1

where we assume that the location of the kth mixture component is an affine
function of the corresponding f; ensemble member and the scale parameters
are assumed to be equal for all PDF components. The last assumption is for
simplicity’s sake and is common in the BMA modeling (Raftery et al., 2005,
see, e.g.), while the form of location parameter, is consistent with the truncated
normal BMA model of Baran (2014). The estimation of model paramters is
detailed in Section 4.2.2.

An example of the BMA predictive distribution (4.4) of Box-Cox transformed
water levels for 30 July 2008 is shown in Figure 4.1, where the overall predictive
PDF's and the component PDF are plotted together with the BMA median and
the transformed validating observation.

Note that, a standard EMOS approach based on a Gaussian or Gamma dis-
tribution families is incapable of modeling bimodal forecast distributions. BMA,
on the other hand, is more flexible as it transforms a (multimodel) raw ensemble
to a mixture distribution, allowing for multimodal shapes. This justifies the use
of BMA in post-processing,.

4.2.2 Parameter estimation

Location parameters «y, Bk, weights wg, kK =1,..., K; and scale parameter
o of the Truncated Normal BMA model (4.4) are estimated from training data,
which comprises of ensemble members and corresponding validating observa-
tions for a given time period of length n. Usually, for the BMA approach,
location parameters are calculated by regressing validating observations on the
ensemble members; while, scale and weight parameters are estimated using the
EM algorithm for mixture distribution (Dempster et al., 1977; McLachlan and
Krishnan, 1997) to optimize (maximize) the log likelihood function (Raftery
et al., 2005; Sloughter et al., 2007, 2010) of the training data. Although the
location parameters are considered to be simple functions of the mean, the re-
gression method is not really suitable as the mean does not equal the location.
Therefore we propose a pure ML method estimating all model parameters by
maximizing the likelihood function, which ideas have already been considered,
for example, by Sloughter et al. (2010); Baran (2014).
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Figure 4.1: BMA predictive distribution and its components of Box-Cox trans-
formed water levels for 30 July 2008 corresponding to 48 hours lead time. Ver-
tical solid line: transformed verifying observation; dashedline: BMA median.

Let fg s+ denote the kth ensemble member, and let x5 ; denote the corres-
ponding validating observation for a location s € & and time t € T, where S
denotes the set of locations sharing the same BMA model parameters and 7T
denotes the set of training dates. For the case study of Section 4.4, S consists of
a single location; however, for more complex ensemble domains, different choices
of training data are possible, as described in Lerch and Baran (2016). In Section
4.4, the different lead times are addressed separately, and thus the lead time of
the forecast is omitted. Assuming conditional independence of forecast errors in
space and time, the log-likelihood function for model (4.4) for all forecast cases
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(s,t) in the training set is as follows

e(wla"wwKaala"'7aK7515"'76K70-) (45)
K
= Z log Zwkga,b (zs,e| ar + Bifrs,.0)
s,t k=1

We apply the EM algorithm for truncated Gaussian mixtures suggested by
Lee and Scott (2012) and add a mean correction to obtain the ML estimates.
In line with the classic EM algorithm for mixtures, we first implement latent
binary indicator variables zjs: which classify the mixture component from
which observation x,; originates, i.e. z,: is one or zero based on whether
ornot x5, follows the distribution of the kth component. Using these indicator
variables, the full data log-likelihood corresponding to (4.5) can be given in the
following form.

ZC(Wla"'7wK7a17"'7aK7ﬁ1u"'7ﬁK7o—) (46)

= Zsz st [log Wk) +log (Qab(

s,t k=1

395

with pig st = ok + B fr,sc. After defining the initial values of the parameters,
the EM algorithm alternates between the expectation (E) and the maximization
(M) step up to the convergence. As first guesses a,(co) and b,&o), k=1,....K,
for location parameters we consider the linear regression coeflicients of x,; on
fr,s, SO ,u,(fl ;= 04,20) ﬁ,io)fkysﬁt. Initial scale 0(® may be the standard
deviation of the observations in the training data set or the average residual
standard deviation from the latter regression, while the original weights may be
chosen uniformly, i.e. w,i ) = 1/K, k=1,...,K. Then, in the E step, the
latent variables are estimated using the conditional expectation of the complete
log-likelihood on the observed data, while in the M step, the estimations of the
parameters are updated by maximizing /¢ given the actual values of the latent
variables. For the doubly truncated normal model specified by (4.2) and (2.1),
the E step of the (j + 1)st iteration is

(]+1) w](cj)ga b(l‘s,t| Ngcj,l,w 0(3))

k s,t T i N
ZzK 1 w(])ga b(-rs,t‘ ,ul('yjs)’ta U(]))

Once the estimates of the indicator variables (which are not necessarily 0 or
1 any more) are given, the first part of the M step of updating the weights is

(4.7)
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evidently

Wit = Z ), (4.8)

s,t

where N is the total number of forecast cases in the training set.

Further, non-linear equations ch =0 and ggc =0, k=1,...,K, lead

us to update formulae

() )]
(+D) ) ) (e ) ()
> (xkst_ﬂkgtfkst)"‘a'j

z 3
s,t “k,s,t )5, )8, »S 0 b— “;cj)st > ‘L*“Scj,)s,t
(j+1) (@) (@)
LI S LG7D
s,t “k,s,t
(4.9)
bi“'gc‘],.)s,f, — “7“2{1,t
(]) H T e
Dot ? t k s, t fk st (xk,s,t )+U( e P ED
& kst ) _g k,s.t
(j+1) (@) (@)
B = (G+1)
Es t k s,t k: s,t
. . . i+1 j+1 j+1
respectively. However, simply using u,(j:t) = a,(f+ ) 4+ ﬁ,(cﬁ )fk’s,t as the

location change results in an unstable parameter estimation process due to nu-
merical problems. Thus, analogous to Baran (2014), where the same problem
occurred in case studies of wind speed data, a mean correction is applied of the
following form

o () o)

(a*&(]+1)*ﬁ(j+1)fk,.e,t ) (b,a(ﬁ-l) 75(j+1)fk,s,t )
G+1 ._ 0 _ () v
Frst = Mg st gp(b—a(jJrl)_ﬂ(jJrl)fk_Y&t) B ¢<a—a(j+1)—ﬁ(j+1)fkysyt) ’

e o)

(4.10)
which reflects to the difference between the location and mean of a truncated
normal distribution, see (4.3). Finally, from 22 =0 we obtain the last update
formula,

K
. 1 ,
2(j+1) . 2 : (+1) (j+1
oHITD = N 2 {(IS £ M, t)) (4.11)

s,t k=1
Gy (b=nit) G+, (a—nlty
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J
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45 _@ k,s,t
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Note that without truncation (—a = b= 00) the terms (4.9) and (4.11) based
on o) will disappear, so the location (mean) and scale (standard deviation)
will be updated separately, no mean correction is needed, and we will get back
the classical EM algorithm for normal mixtures.

As a simple alternative, one can ignore the (4.9) update step for «j and
B, simplify the mean (4.10) correction step to

) )
A= Mg st b—py 4
| () (i)
(G+1) ._ , (0) d o
Pt = Hiay — 0 NG PN (4.12)
k,s,t k,s,t
é( o) ) - @( o) )

and only after the EM algorithm stops, estimate location parameters «; and
Br from a linear regression of the final value of py s+ on fi s+
Finally, one can also try the classical naive method, where the location

parameters oy and [y are not updated at all, i.e. ug:? = aéo) +[3,(€0)fk,s7t.

4.2.3 Truncated normal EMOS model

As reference model for calibrating Box-Cox transformed forecasts for water level,
we use a truncated normal distribution N (u, U) in (2.4), where the location p
and scale o are linked to the ensemble members using the following equations

pi=ag+aifr+-+apfr and o2 =by + b, 5? (4.13)

where S? is the ensemble variance (see Hemri and Klein, 2017).

4.2.4 Verification scores

For a truncated normal distribution the CRPS has a simple closed form (see
e.g. the R package scoringRules; Jordan et al., 2019), whereas for the trun-
cated normal mixture (2.1), similar to the mixture model of Baran and Lerch
(2016), the second integral expression in the definition (3.1) should be evaluated
numerically. Moreover, in our case study each calibration approach provides a
predictive CDF F' for the Box-Cox transformed water level X € [a,b]. Thus,
the CRPS corresponding to the predictive CDF  G(y) := F(hx(y)) of the

original water level Y = hy'(X) € [hy'(a),h, "' (b)] and areal value y equals

Y

CRPS (G, y) = /

hy ' (b)
i F2(h,\(U))du+/y (1 _F(hx\(u)))2du, 1)



4.3. DATA 31

which integral should again be approximated numerically.
In the case study of Section 4.4 we report the p-values of the DM test.
p-values less than 0.05 indicate significant difference in scores at a 5% level.

4.2.5 Analog-based approaches to choosing training data

Following Hemri and Klein (2017), besides the rolling training date we also
consider the series distance method (SD; Ehret and Zehe (2011); Seibert et al.
(2016)), the hydrograph matching algorithm (HMA; Ewen (2011)), and dynamic
time warping (DTW; Sakoe and Chiba (1978)). To mimic the human hydrolo-
gist, SD and HMA have an aim of quantifying the gap between two hydrological
time series. The SD does a decent job balancing all peaks and troughs as well as
the intermediate rising and dropping limbs. This calculation of similarity takes
into account adjustments that are necessary to balance the two time series with
regard to both amplitude and timing. Similarly, HMA allows for moderate time
changes between series, but connects each component of the first to the others.
It is also possible to consider the cumulative length of all connections. DTW
measures similarity by finding the minimum amplitude error between two time
series.

For these purposes, we first locate training data with a forecast time series
that is similar to the observations of the considered verification date (generally
these methods are used to compare simulated with observed hydrological time
series). For each date of verification and each of DTW, HMA, and SD, we pick
the 100 most similar training dates from the ECMWEF ENS mean trajectories.
The verification and training dates with overlapping forecast trajectories are
omitted. To read more about these methods, see Hemri and Klein (2017).

4.3 Data

The BMA and EMOS calibration approaches are tested on ensemble water level
forecast (cm) at the Rhine River Kaub gauge (546 km) and the correspond-
ing validation observations. Predictions covering an eight-year period from 1
January 2008 to 31 December 2015 are analyzed, with lead times from 1 to
120 hrs and a time step of one hour. This particular gauge has registered
the minimum and maximum water levels to be 35 and 825 cm, respectively.
The multimodel water level ensemble in our study is formed by plugging fore-
cast predictions for weather variables produced by different ensemble prediction
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systems into the hydrological model HBV-96 (a hydrological model designed
and operated by the German Federal Institute of Hydrology BfG) (Lindstrom
et al., 1997), which is used for operational runoff forecasting. We consider the
ECMWF high-resolution (HRES) forecast, the 51-member ECMWF forecast
(ENS) (Leutbecher and Palmer, 2008; Molteni et al., 1996), the 16-member
COSMO LEPS forecast of the consortium for small-scale modeling (Montani
et al., 2011), and the 11-member NCEP GEFS forecast of the reforecast version
2 of the global ensemble forecast system of the National Center for Environ-
mental Prediction (Hamill et al., 2013). While these EPSs have different ranges,
the considered maximal lead time of 5 days is in the intersection of their time
spans. A hydrodynamic model is used to transform the runoff forecasts into
water level forecasts for the navigation-relevant gauges, including gauge Kaub.
Ensemble forecasts are initialized at 6 UTC. The data set in question is part of
the data analyzed in Hemri and Klein (2017), where we refer to for more details.

4.4 Results

We apply EMOS and BMA post-processing models for Box-Cox transformed
water levels. Similar to Hemri and Klein (2017), a different Box-Cox parameter
A is applied for each lead time (Figure 4.2). The selected parameter maxim-
izes the in-sample skill of the seasonally fitted EMOS models with regard to
the CRPS relative to the raw ensemble. As for training, data from the same
season of other years is selected. We obtain one estimate for each lead time by
taking the mean of the model’s estimates over all training periods. The Box-
Cox coefficients are applied for all data at all levels (i.e. the observations too).
The upper and lower bounds for the truncated normal distribution in BMA and
EMOS models, similar to Hemri and Klein (2017), are the Box-Cox transformed
bounds of the interval that goes from half the minimum to double the maximum
of the recorded water levels. In our case this means the Box-Cox transform of
17.5 and 1,650 cm, respectively.

There’s a natural grouping of of the ensemble members, due to the generation
process of the hydrological ensemble forecasts. These groups are the ECMWF
HRES, ECMWEF ENS, COSMO LEPS and NCEP GEFS ensemble forecasts,
containing 1, 51, 16 and 11 members respectively. Therefore, Box-Cox trans-
formed water level forecasts are calibrated using the truncated normal BMA
model for these exchangeable ensemble members specified by (2.2) and (4.2)
and truncated EMOS given by (4.13) and (2.2.2) with k =4, M; =1, My = 51,
M3 = 16 and My = 11. This results in 12 parameters to estimate for the
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Figure 4.2: Box-Cox transformation parameter A\ as function of the lead time.

BMA model, whereas the corresponding EMOS model has 7 parameters only.
To ensure stability of parameters estimation, both BMA and EMOS models are
trained using forecasts and observations of 100 days. We consider RTPs and
analog-based approaches.

The quantile-based scores (MAE, coverage and average width) are evaluated
using the inverse Box-Cox transformation of the observations and forecasts. This
ensures comparability, since the BMA and EMOS models are fit to Box-Cox
transformed values.

4.4.1 BMA Vs. EMOS using RTP

To check the forecast skill of the truncated normal BMA model introduced in
section 4.2.1, first the standard approach in BMA and EMOS post-processing
(Gneiting et al., 2005; Raftery et al., 2005) is applied, where model parameters
are estimated using RTP of 100 days. This means that BMA and EMOS models
are verified for the period from 10 April 2008 to 31 December 2015 (2822 calen-
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dar days). We consider 1 day ahead calibration for all lead times, which means,
that for example, to model the water level for the 1 of January 2015, we use
forecasts and observations for the preceding 100 days ending at 31 December
2014. For 24-hour and 120-hour lead times, the last forecasts are initialized at
30 December 2014 and 26 December 2014 respectively.
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Figure 4.3: Mean CRPS values (a) and CRPSS with respect to the raw ensemble
(b); p-values of DM tests for equality of mean CRPS of the two BMA approaches
(c) and of all models compared to EMOS (d). Horizontal dotted lines of (c) and
(d) indicate a 5% level of significance.

In Figure 4.3a, the mean CRPS values of all post-processing approaches
with the raw ensemble are plotted as functions of the lead time. Compared to
the raw ensemble, all calibration approaches reduce the mean CRPS and the
gap increases with the lead time. The difference between the forecast skills is
more clear in Figure 4.3b that shows the CRPSS values with respect to the raw
ensemble forecast. All presented methods have their maximal skill score at hour
9. This means that the relative gap in CRPS between raw and post-processed
forecasts increases up to hour 9 and decreases again thereafter. This does not
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mean that the absolute forecast skill increases with lead time between hours 1
and 9. For short lead times, this increase is very fast and naive BMA shows the
best predictive performance, whereas for longer lead times, the pure ML BMA
start outperforming the competitors. When comparing predictive performance,
we should take into account the obvious association of longer lead times with
larger forecast uncertainty. The DM tests for equal predictive performance
show that naive BMA significantly outperforms the ensemble for all lead times,
whereas for pure ML BMA the same holds except for hour 1. In terms of mean
CRPS, the two BMA approaches differ significantly for very short and long lead
times. This is reflected on the graph of p values displayed in Figure 4.3c. As
depicted in Figure 4.3d, EMOS also outperforms significantly the raw ensemble
for all lead times except for the first few hours where it underperforms the BMA
approaches.

In terms of the MAE, there’s much less variety in the performance of BMA
and EMOS calibrated medians. Showing the different MAE values with respect
to the raw ensemble, Figure 4.4a tells us that the pure ML BMA has the best
forecast skill, but it underperforms the raw ensemble until hour 70. DM tests
for equality of MAE values tell that all differences shown from the raw ensemble
in Figure 4.4a are significant (DM test results are not shown), while it’s not the
case if a comparison of the performance of the three post-processing methods is
made. To see the p-values, please check Figure 4.4b.

In Figure 4.4c, the coverage of nominal 97.5% central prediction intervals as
function of the lead time are shown. Clearly, we can see the beneficial effect of
post-processing on calibration. For all lead times, all post-processing approaches
result in an almost perfect coverage, while the coverage of the raw ensemble is
much lower and heavily dependent on the lead time. In terms of coverage the
two BMA approaches are almost identical, and after hour 4 they are more closer
to the nominal value than those of EMOS after hour 4. Finally, as shown in
Figure 4.4d, for all lead times, the raw ensemble produces the sharpest forecasts,
however, this is at the cost of being uncalibrated.

This is fully in accordance with the verification rank histograms of the raw
ensemble and PIT histograms of post-processed forecasts, as shown in Figure
4.5a for lead times 24, 72 and 120 hours. All verification rank histograms for
all lead times are U-shaped, which means that the raw ensemble is strongly
underdispersive and requires post-processing. The statistical calibration of the
forecast is greatly improved by using BMA and EMOS approaches. This is
reflected more on the uniform shape of the PIT histograms, whilst the naive
BMA and EMOS still shows a small underdispersion at 120 hour lead time.
Kolmogorov-Smirnov’s test statistic values for the uniformity of the PIT values
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Figure 4.4: Top row: Difference in MAE values from the raw ensemble (a)
and p-values of DM tests for equality of MAE of the various post-processing
approaches (b). Horizontal dotted lines indicate the reference raw ensemble
(a) and a 5% level of significance (b). Bottom row: Coverage (c¢) and average
width (d) of nominal 97.5% central prediction intervals. In panel (c¢) the ideal
coverage is indicated by the horizontal dotted line.

for all post-processing approaches are presented in Figure 4.5b (the better the
fit, the smaller the test statistic). Figure 4.5b nicely demonstrates the ranking
of all approaches in terms of goodness of fit, even though the uniformity of the
PIT values of naive BMA, ML BMA and EMOS can be accepted at a 5% level
of significance for only 6 (4,5,6,7,14 and 17 hrs), 9 (5,6,7,14,17,72,75,77 and 79
hrs) and 4(5,6,7 and 9 hrs) different lead times, respectively.

4.4.2 Analog-Based Vs. RTP

In comparison to the use of RTP methods of selecting training data, Hemri and
Klein (2017) found that the analog-based ones undoubtedly improve the pre-
dictive performance of EMOS. Here we examine whether this holds for doubly
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Figure 4.5: Verification rank histogram of the raw ensemble and PIT histograms
of the BMA and EMOS post-processed forecasts for lead times 24, 72 and 120
hours (a); values of the test statistic of Kolmogorov-Smirnov tests for uniformity

of PIT values (b).

corresponds to 5 % level of significance.

Smaller values indicate better fit, dotted horizontal line
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truncated normal BMA or not. We analyze the forecast skill of the pure ML
BMA with training data selected according to the DTW, HMA and SD ap-
proaches described in section 4.2.5 (BMA DTW, BMA HMA and BMA SD)
and using BMA RTP. To guarantee equivalence, all models are verified on the
same data (2,822 calendar days, from 10 April 2008 to 31 December 2015 as in
section 4.4.1).
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Figure 4.6: Mean CRPS values of BMA forecasts (a) and CRPSS with respect
to the BMA with rolling training period (BMA RTP) (b); p-values of DM tests
for equality of mean CRPS of the analog-based BMA approaches (c) and analog-
based models compared to BMA RTP (d). Horizontal dotted lines of (c¢) and
(d) indicate a 5% level of significance.

The mean CRPS values of the four methods in question as function of the
lead time, are plotted in Figure 4.6a, while the analogous skill scores with respect
to the BMA RTP are shown in Figure 4.6b. The DM tests of equal predictive
performance in terms of the mean CRPS are reported in Figures 4.6¢ and 4.6d.
They show that, after hour 50 all of the analog-based methods outperform
the BMA RTP significantly and there’s no big difference between the various
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analog-based approaches.
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Figure 4.7: Top row: Difference in MAE values from the BMA RTP (a) and
p-values of DM tests for equality of MAE of the various analog-based BMA
approaches (b). Horizontal dotted lines indicate the reference BMA RTP (a)
and a 5% level of significance (b). Bottom row: Coverage (c) and average
width (d) of nominal 97.5% central prediction intervals. In panel (c) the ideal
coverage is indicated by the horizontal dotted line.

Figure 4.7a shows that the analog-based training methods have more gain in
terms of MAE. For all lead times, the MAE values of the analog-based methods
are significantly lower thant those of the BMA RTP (DM test results are not
reported). For lead times until 35 hr the BMA SD, for lead times between 40
and 104 hrs the BMA HMA, whereas for longer lead times again the BMA SD
yields the smallest MAE values. But the difference in MAE is not significant
after 80 hours for all analog-based methods, as shown in Figure 4.7b.

The coverage values reported in Figure 4.7c indicate that all analog-based
models outperform the BMA RTP for very short lead times, while there is no
big difference within the analog-based models, moreover, BMA DTW, BMA
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HMA and BMA SD models have a slightly sharper central prediction intervals
than BMA RTP (Figure 4.7d).

Finally, as shown in Figure 4.8a, the PIT histograms of the analog-based
models are similar to the corresponding histograms in the second row of Figure
4.5a. They indicate similar calibration of all BMA approaches for lead times
24, 72 and 120 hrs. The behaviour of PIT values can be more investigated by
comparing Figure 4.8b, where the values of the test statistic of the Kolmogorov-
Smirnov test for uniformity for the analog-based BMA approaches are plotted,
with the corresponding line (BMA ML) of Figure 4.8b. The uniformity of PIT
of BMA SD, BMA HMA, and BMA DTWcan be accepted at a 5% level of
significance for 25, 21, and 24 lead times, respectively, whereas for the BMA
RTP (BMA ML in Figure 4.5b) there are just 9 such lead times.

As detailed previously, BMA RTP is significantly outperformed by the
analog-based BMA approaches at shorter lead times up to about 40 hour. Up
to around 80 hours this outperformance is still borderline significant, while this
isn’t the situation for longer lead times. This means that only for shorter lead
times we have benefit by the analog-based models. This is not surprising so
far as that a higher predictability at shorter lead times, which is usually the
case compared to longer lead times, implies also that similarity in forecasts is
more likely to be connected to similarity in the observations. Any analog-based
approach assumes that such a connection can be established.

4.4.3 Analog-Based BMA Vs. Analog-Based EMOS

The results of section 4.4.1 state that, when the coefficients estimation of the
post-processing model is based on RTP, pure MLL BMA significantly outperforms
EMOS for almost all lead times (Figures 4.3b and 4.3d) in terms of the mean
CRPS and MAE for very short (1-5 hr) and medium (21-75 hr) lead times
(Figures 4.4a and 4.4Db).

This situation changes significantly when using analog-based training data.
Figure 4.9a shows the CRPSS values of the analog-based BMA models with
respect to the corresponding EMOS ones, as a function of the lead time. The
skill scores range between -0.0117 and 0.0084 (very short interval), and BMA
DTW , BMA HMA and BMA SD outperform their EMOS counterpart for only
80, 82 and 60 different lead times respectively; however, for lead times 27, 28,
31, 43-46, and 71-117 hr none of the differences are significant (see Figure
4.9b). In this way, for SD, HMA, and DTW approaches there are 46, 47, and
41 different lead times, respectively, when BMA is significantly better in terms
of mean CRPS and 11, 8, and 14 when EMOS performs better.
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the corresponding EMOS approaches (¢) and p-values of DM tests for equality
of MAE (d). Horizontal dotted lines indicate the reference EMOS model (c)
and a 5 % level of significance (d).
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BMA DTW, BMA HMA and BMA SD have lower MAE values than EMOS
DTW, EMOS HMA and EMOS SD in 77, 82 and 77 cases respectively (see
Figure 4.9¢). Moreover, at a 5% significance level, as indicated in Figure 4.9d,
the corresponding DM tests show no big difference at most of the cases.

Unlike the case of RTPs, the differences are more less clear in this situation,
but the analog-based BMA approaches still perform slightly better than their
EMOS counterparts. Since EMOS is based on a simple parametric predictive
distribution, it’s clear why it gains a lot from the analog-based selection of
training periods. This is most likely because of the fact that analog-based
training periods allow for a strong dependence between raw ensemble means
and the corresponding observations. As Hemri and Klein (2017) stated, this
improves sharpness, at the cost of slightly deteriorating calibration. In contrast,
BMA ends in a pretty flexible predictive distribution, which in our case study
can have several modes. This flexibility results in a robust improvement in
forecast skill in comparison to EMOS when RTP selection of training periods
is used. Using analog-based selection of training periods sharpens the BMA
predictive distribution; however, its impact on forecast skill is lighter than in
the case of EMOS. This may also imply that through the usage of analog-
based training periods, the post-processed forecast skill is near the theoretically
achievable skill based on the available forecast model used here, and accordingly,
the benefit through the usage of the more sophisticated BMA is rather marginal.

4.5 Conclusion

Post-processing often increases the calibration of probabilistic and accuracy of
point forecasts when compared to the raw ensemble. The BMA model outper-
forms the reference EMOS method significantly with rolling window training
data. When using analog-based training period selection, the difference in fore-
cast skill narrows dramatically, leaving BMA with only a minor advantage over
EMOS. With analog-based training period, we suggest the use of BMA model
when the data set at hand is short and EMOS model otherwise.

Further, following the ideas of Hemri et al. (2015) and Bellier et al. (2018),
one can combine the BMA calibrated forecasts corresponding to different loc-
ations and lead times either into temporally, or both spatially and temporally
coherent multivariate predictions with the help of modern calibration techniques
such as e.g. the ensemble copula coupling (Schefzik et al., 2013) or the Gaussian
copula approach (Pinson and Girard, 2012).
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Chapter 5

Post-processing of solar
irradiance

5.1 Introduction

Transitioning to renewable energy sources such as wind and solar power is crit-
ical for reducing greenhouse gas emissions (Van der Meer et al., 2018). For
incorporating dynamic power systems into the electrical grid in order to bal-
ance demand and supply, accurate and reliable forecasts of power generation
from those sources are becoming increasingly relevant (Gottwalt et al., 2016;
Gonzélez Ordiano et al., 2020).

There are four major factors that limit solar irradiation (Bozonnat and
Schlosser, 2014). First the geometry, revolution, and rotation of the earth.
Second the gases, liquids, and solid particles in the atmosphere. The third
factor is cloud attenuation. While the fourth factors are the terrain elevation,
shadow, surface orientation, and inclination. In this chapter, we consider 7
and 3 representative observation locations for Hungary and Germany respect-
ively. In Hungary, the highest recorded radiation is in July, while the lowest
in December. This is because the amount of cloud cover is less in July (even
though daylight does not last as long as in June). Moreover, the maximum
cloud cover and short daylight is in December. Typically, southern regions re-
ceive more solar irradiance (of 1334-1362 kWh/m? as average annual global
radiation) than northern regions (less than 1195 kWh/m? as average annual
global radiation) (www.met.hu). For Germany, the highest recorded global ir-
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radiance is in June (169-224 kW h/m?) while the lowest is in December (12-34
kEWh/m?) (www.dwd.de as monthly global radiation).

Using corresponding NWP ensemble predictions as data, we propose post-
processing models for various measured forms of solar irradiance, based on the
EMOS approach. We use a censored logistic forecast distribution inspired by
similar models for post-processing ensemble forecasts of precipitation accumu-
lation (Scheuerer, 2013; Baran and Nemoda, 2016), to account for the specific
discrete-continuous aspect of solar irradiance due to the positive probability of
observing zero irradiance during night-time. For lead times of up to 48 and
120 hrs, respectively, the post-processing models are used in two case studies
that concentrate on different solar irradiance variables, NWP models, temporal
resolutions, and geographic regions (Hungary and Germany). We also look at
various temporal compositions of training datasets for model estimation and use
periodic models to better capture seasonal variance in solar irradiance.

The remainder of this chapter, which is based on Schulz et al. (2021), is
organized as follows. We start with the proposed post-processing approach
in Section 5.2 followed by an introduction of the datasets at hand in Section
5.3. Finally, results for the two case studies is presented in Section 5.4 and
the chapter ends with some conclusions. The results of this chapter have been
published in Baran et al. (2021).

5.2 Post-processing methods

A distribution-based approach, in general, is less capable of representing com-
plex forecast distributions than a non-parametric one, but it is computationally
more efficient and particularly well suited in sparse data settings. We chose the
distribution-based EMOS approach due to the limited amount of data. In the
following section we propose a new model based on a censored logistic distribu-
tion.

5.2.1 Choice of forecast distribution

Because of the discrete-continuous nature of solar irradiance, non-negative pre-
dictive distributions with positive mass for zero irradiance are needed. Similar
to parametric approaches to post-processing ensemble forecasts of precipitation
accumulation, one can either choose the more complex method of mixing a point
mass at zero and a suitable continuous distribution with non-negative support
(Sloughter et al., 2007; Bentzien and Friederichs, 2012), or left-censor an ap-
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propriate continuous distribution at zero (see e.g. Scheuerer, 2013; Baran and
Nemoda, 2016). In this chapter, we’ll focus on the latter and implement the
censored logistic distribution that our approach is based on.

Consider a logistic distribution L£(p, o) with location g and scale o >0
specified by the PDF

e—(x—n)/o

g(ws p,0) := r €R,

o (1+e=(e=mw/7)?’

and the CDF G(z;p,0) := (1 + e_(w_“)/g)_l.

The logistic distribution left-censored at zero (CLO) assigns point mass
GO, u,0) = (1 + e”/")fl to the origin, i.e. the probability of observing a neg-
ative value (before censoring) is the probability of observing zero afterwards.
The CLO-distribution can be defined by the CDF

G(z;p,0), x>0,
Gy(x; p,0) == 5.1
o(i1,0) {0, z <0, (5-1)
or the generalized PDF
96(zip1,0) = Lm0y G(0s 1, 0) + Ligsoy9(2; 1, 0). (5.2)

The p-quantile ¢, (0 <p<1) of (5.1) equals 0 if p<G(0;u,0) and g, =
p—o(log(1—p)—logp), otherwise. With the help of (5.2) it is straightforward
to show that the corresponding mean equals

ug ==+ olog (1 + e_"/”).

Initial tests on the ICON-EPS dataset detailed in Section 5.3.2 were con-
ducted with a censored normal predictive distribution; however, the results in-
dicated that the proposed CLO-EMOS method results in a slightly improved
predictive performance. In post-processing research, the choice of parametric
families for the forecast distribution has been critical, see for example, Yang
(2020b), Yagli et al. (2020), and Le Gal La Salle et al. (2020) for considerations
in the sense of solar irradiance forecasting. More involved approaches based
on mixtures or combinations of several forecast distributions proposed in the
meteorological literature (Baran and Lerch, 2016, 2018) may be able to improve
performance, but they increase model complexity and computational costs.
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5.2.2 Ensemble model output statistics models for solar
irradiance forecasting

As before, for a given location, time point, and forecast horizon, denote the
ensemble member forecasts of solar irradiance by fi, fo,..., fx. In the simplest
proposed EMOS model, the location parameter p and the scale parameter o of
the CLO-distribution are connected to the ensemble members via the following
link functions

p=ag+ayfi+ - +agfx+vpo and o = exp (by + by log S?), (5.3)

where pp and S? are the proportion of zero observations and the ensemble
variance, respectively, that is

1 & 1 &
— 2. 72
Po ._EZ]l{szo} and S° = 7Kflz<fk_f) .
k=1 k=1
As before, EMOS coefficients ag,a1,...,ax,v and bg,b; are estimated ac-

cording to the optimum score principle of Gneiting and Raftery (2007), i.e.,
by optimizing the mean value of an appropriate verification metric (usually
the CRPS defined by (3.1)) over the training data consisting of past pairs of
forecasts and observations for a given time period.

Following the ideas of Hemri et al. (2014), we also fit separate periodic
models to both observations and ensemble forecasts of the training data in order
to capture seasonal variation in solar irradiance. Two regression models are
investigated that deal with oscillations of a single and two separate frequencies,
namely

27t 2mt
Yt = o + ¢1 8in (WTS) + o cos (%) + &4 and (5.4)
2wt 2wt 4t 47t
Yy = do + dy sin (%) + ds cos (%) + d3 sin (%) + dy cos (%) + &4,
(5.5)
where y;, t=1,2,...,n, are either irradiance observations for a given location

or members of the corresponding ensemble forecast with a given lead time h
from a training duration of length n. One can calculate the h ahead predictions
y and fr of the observation and ensemble members, respectively, using either
(5.4) or (5.5), and consider the following modified link function for the location:

p=g+ao+a(fi — fr) + - +ax(fx — fx) + vpo. (5.6)
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Under the assumption that each ensemble member can be identified and
tracked, the model formulations (5.3) and (5.6) are valid. However, both ICON-
EPS and AROME-EPS discussed in details in Section 5.3 have exchangeable
groups of ensemble members. The exchangeable versions of link functions (5.3)
and (5.6) are

w=ao+ a1?1 +oeeet aK?K + Vpo (5.7)

and
#:37+ao+a1(?1*f1)+"'+GK(?K*fK)+Vp07 (5.8)

respectively, where ﬁ is the prediction of f, for lead time h based either
on (5.4) or (5.5).

5.3 Data

In the case studies of Section 5.4, we test the EMOS models proposed in Section
5.2.2 using forecasts of different types of solar irradiance provided by the fol-
lowing two different EPSs, which cover distinct forecast domains. The locations
of observation stations used in this case study are shown in Figure 5.1 for both
AROME-EPS and ICON-EPS.

5.3.1 AROME-EPS

The HMS operates the 11-member Applications of Research to Operations at
Mesoscale EPS (AROME-EPS) which spans the Transcarpatian Basin with a
horizontal resolution of 2.5 km (Jdvorné Radnéczi et al., 2020). Tt is made up of
ten exchangeable ensemble members derived from perturbed initial conditions,
as well as a control member derived from an unperturbed analysis. For seven
representative locations in Hungary (Aszéd, Budapest, Debrecen, Kecskemét,
Pécs, Szeged, Tépidszele), the dataset at hand includes ensemble forecasts of in-
stantaneous values of global horizontal irradiance (GHI) (W/m?) for grid points
closest to these stations along with the corresponding validation observations of
the HMS for the period between 7 May 2020 and 14 October 2020. Forecasts
are initialized at 00 UTC and have a prediction horizon of up to 48 hrs with
a temporal resolution of 15 minutes. However, as observations are available in
every 10 minutes, in the following analysis, a 30 minutes common time step is
applied.
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Figure 5.1: Location of observation stations on the map for both AROME-EPS
and ICON-EPS.

5.3.2 ICON-EPS

The 40-member global ICOsahedralNonhydrostatic EPS (ICON-EPS; Zéngl
et al., 2015) of the German Meteorological Service (DWD; Deutsche Wet-
terdienst) was launched in 2018 and has a horizontal resolution of 20 km over
Europe (ICON-EU EPS). The ensemble members are generated using perturb-
ations in initial conditions and in various physics tuning parameters, and the
forecasts are updated four times per day at 00/06/12/18 UTC with lead times of
up to 120 hrs (Reinert et al., 2021). Hourly forecasts are available up to 48 hrs,
while 3 hr forecasts for lead times 51 to 72 hrs, and 6 hr forecasts for lead times
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78 to 120 hrs. Ensemble forecasts of the two components of GHI: direct normal
irradiance (DNI) calibrated for the solar zenith angle 6 (i.e., DNI - cos(6)) and
diffuse horizontal radiation (DHI) (W/m?) are included in our dataset. From
the Open Data Server of DWD (DWD Climate Data Center, 2020), we also
obtained corresponding observational data for weather stations located near
the major cities of Berlin, Hamburg, and Karlsruhe. ICON presently offers
three ways for horizontal interpolation of data from a native triangular grid
to a latitude-longitude grid (Reinert et al., 2021): radial basis functions, bary-
centric interpolation and nearest-neighbor interpolation. The observations are
computed based on 10-minute sums of the corresponding variables. For more
details we refer to Becker and Behrens (2012) for the observations and Reinert
et al. (2021) for the ensemble predictions.

The ICON ensemble forecasts are given as averages over the time interval
from the previous lead time to the lead time of interest, for example, the fore-
cast for a 12 hr lead time is the average predicted irrandiance between 11 and
12 hr after initialization time, and the forecast for a 90 hr lead time is the av-
erage between 84 and 90 hr. The entire dataset used here covers the period 27
December 2018 — 31 December 2020.

In the following, we will refer to GHI as global irradiance, DNI - cos(f)
as direct irradiance, and DHI as diffuse irradiance to simplify the distinction
between the different forms of irradiance.

5.4 Results

Please note that ensemble predictions are available for both datasets over several
lead times, as well as four separate initialization times of the NWP model in
the case of the ICON-EPS dataset. When estimating model parameters, these
are handled separately, i.e., a separate post-processing model is calculated for
each lead and initialization period, based on training datasets that only contain
data from such lead and initialization times. By ensuring that the training data
covers the same time of day as the observation, we aim to account for changes
in the forecast error characteristics of the raw ensemble predictions over time,
as well as possible diurnal effects. When using (5.4) or (5.5), seasonal variations
for a given time of day, such as the effects of different solar zenith angles, are
implicitly modeled.

The forecast skill of various variants of the CLO-EMOS model introduced in
Section 5.2.2 is evaluated in the following case studies. For the HMS AROME-
EPS ensemble forecasts of GHI, we first consider a simple CLO-EMOS variant,
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Figure 5.2: Mean CRPS of regionally post-processed and raw ensemble forecasts
of GHI (a) and CRPSS with respect to the raw ensemble (b) as functions of
lead time for the AROME-EPS dataset.

and then we investigate the performance of the more complicated models for
the DWD ICON-EPS ensemble forecasts of direct and diffuse irradiance.

5.4.1 Results for the AROME-EPS dataset

As discussed in Section 5.3.1, the AROME-EPS consists of a control member and
10 exchangeable ensemble members obtained using perturbed initial conditions.
In comparison to the ICON-EPS dataset particularly, the dataset at hand only
spans a short time period, with forecast-observation pairs available for only 159
calendar days.

As a result, the available training periods are insufficient for accurate mod-
eling of seasonal oscillations, we only consider a CLO-EMOS model in which the
ensemble members are connected to the location through (5.7) with K =2 and
M; =1, Ms = 10, requiring the estimation of six parameters. We consider
regional estimation with a 31-day RTP and 127 calendar days for forecast veri-
fication (9 June 2020 — 13 October 2020), and label this model the simple RT
model. The choice of the training period length corresponds to typical values in
the post-processing literature and was made to have a similar forecast case per
parameter ratio as for the best performing model of Section 5.4.2. Given the
dataset’s small scale, it’s not surprising that using monthly expanding train-
ing periods or local parameter estimation procedures leads to poor predictive
performance; hence, we’ve omitted the corresponding results.

Remember that the global irradiance ensemble predictions are given with a
30-minute temporal resolution. Since all AROME-EPS forecasts initialized at
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Figure 5.3: CRPSS of EMOS regional post-processed forecasts with respect to
the raw ensemble together with 95 % confidence intervals for the AROME-EPS
dataset.
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Figure 5.4: BSS of regionally post-processed forecasts with respect to the raw
ensemble as function of lead time for the AROME-EPS dataset.
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00 UTC, the forecast lead time is either the same as the observation time or has
a 24-hour shift. As a result, all scores are expressed as functions of lead time.
We then take the average of the results from all seven observation locations over
Hungary.
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Figure 5.6: PIT histograms of regionally post-processed and verification rank
histograms of raw ensemble forecasts of global irradiance for lead times 1-12h,
12-24h, 24-36h and 36-48h.

The mean CRPS of post-processed and raw ensemble forecasts, as well as
the CRPSS with respect to the raw ensemble, are shown in Figure 5.2. When
positive irradiance is likely to be observed (3 — 19 UTC), post-processing using
the simple RT method enhances forecast performance; otherwise, no correc-
tions are made, resulting in a skill score of zero. We used 2000 block bootstrap
samples (resampling) using the stationary bootstrap scheme with mean block
length determined according to Politis and Romano (1994), to compute 95%
percent confidence intervals to determine the statistical significance of the im-
provements in predictive performance relative to the raw ensemble predictions,
and found that the observed improvements are statistically significant (Figure
5.3). The large jumps in the CRPSS at 4, 19, 27 and 42 hr are mainly caused
by numerical issues, as at these lead times the mean CRPS of both raw and
post-processed forecasts is very close to 0, and also leads to an increased width
of the confidence intervals (Figure 5.3). One can acquire qualitatively similar
observations in a related context e.g. in Bakker et al. (2019, Figure 7).

The BSS values in Figure 5.4, where the thresholds correspond to the 40th,
60th, 90th, and 95th percentiles of observed non-zero GHI (25, 127, 498, 604
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W/m?), show a similar pattern. The higher the threshold, the shorter the time
with a positive mean BS, as the higher thresholds are often observed around
midday, when the irradiance is highest. Post-processed forecasts outperform the
raw ensemble for the corresponding lead times, negative skill scores only occur
at the boundaries where the mean score values to compare are very small.

The improved calibration of post-processed forecasts is further confirmed by
Figure 5.5a, which shows the coverage of the nominal 83.33 % central prediction
intervals. When positive global irradiance is likely to be observed between 3
and 19 UTC, the EMOS model produces coverage close to the nominal value,
while the raw ensemble’s coverage is consistently below 60%.

Furthermore, the MAE of the median forecasts in Figure 5.5b shows that
post-processing increases the accuracy of point forecasts as well. The difference
in MAE during peak irradiance hours exceeds 20 W/m?2. This is in strong
contrast to the findings of the second case study (see Figure 5.14) and shows
the existence of a bias in the AROME-EPS that is mitigated by post-processing,
as we will see below. The RMSE of the mean forecasts yields similar conclusions
(not shown).
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Figure 5.8: CRPSS of locally post-processed forecasts of direct (a) and diffuse
(b) irradiance with respect to the raw ensemble as functions of the lead time for
the ICON-EPS dataset.

The presence of a bias in the raw ensemble forecasts can also be observed in
the verification rank histograms of Figure 5.6. Furthermore, the distinctly U-
shaped verification rank histograms reveal a significant underdispersion, which
is consistent with the low coverage of the raw ensemble forecasts shown in Fig-
ure 5.5a and persists throughout all lead time ranges considered. The ensemble
members, on the other hand, are more likely to underestimate the true irradi-
ance, indicating a negative bias. Statistical post-processing effectively corrects
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both deficiencies. The upper row of Figure 5.6 shows PIT histograms of EMOS
predictive distributions that are almost flat, indicating only a small bias for
observations between 12 and 24 UTC.
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Figure 5.9: CRPSS of the best performing locally post-processed forecasts of
direct (a) and (b) diffuse irradiance with respect to the raw ensemble together
with 95 % confidence intervals for the ICON-EPS dataset.

5.4.2 Results for the ICON-EPS dataset

The ICON-EPS dataset, in contrast to the first case study, spans a much longer
time period, allowing for the consideration and comparison of more complex
model formulations and estimation procedures. Remember that we are using
forecasts of direct and diffuse irradiance at temporal resolutions of 1 hr (for lead
times up to 48 hrs), 3 hrs (for lead times 51 — 72 hrs), and 6 hrs (for lead times
78 — 120 hrs).

Members of the ICON-EPS may be considered exchangeable since they are
generated by random perturbations. As a result, for post-processing, we utilize
the CLO-EMOS model, with locations linked to ensemble members via (5.7)
or (5.8) with K = 1. Thus, for model (5.3) with location (5.7) (which was
the only model variant considered in Section 5.4.1 and is referred to as simple
model) one has to estimate five unknown parameters, whereas more complex
approaches, which account for seasonal variations in the link function (5.8) of
the location parameter via (5.4) (referred to as periodic model) or (5.5) (referred
to as periodic 2 model), require the estimation of a total of 11 and 15 parameters,
respectively.

The time period from 27 December 2018 to 31 December 2019 is only used
for training, while calendar year 2020 (366 calendar days) is used for model
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Figure 5.10: CRPSS of locally post-processed forecasts of direct (a) and diffuse
(b) irradiance with respect to the raw ensemble, computed based on monthly
mean values for the ICON-EPS dataset.

verification, giving enough flexibility to choose a sufficiently long training period
even for local modeling. Two training configurations are investigated: a 365-day
RTP and a monthly expanding training (MET) scheme, in which all data up to
the end of the previous month before the forecast date under consideration is
used for training. The first training period in the latter case covers all data prior
to calendar year 2020. According to preliminary research (not shown), MET
only offers fair verification scores for the simple model. As a result, we present
results for the simple model with rolling training (simple RT) and monthly
expanding training (simple MET), as well as the periodic models with rolling
training (periodic RT and periodic 2 RT).

As reference models, raw ensemble forecasts of direct and diffuse irradiance
are used. Unless otherwise stated, the results discussed below are averages of
all three observation locations and all four NWP model initialization times.
Because of the interacting effects of forecast initialization time, lead time, and
corresponding time of day of observation, the interpretation of the results may
be more involved than in the first case study.

First, we investigate diurnal effects by analyzing the dependence of the mean
CRPS of the various forecast models on the time of the observation shown in
Figures 5.7a,b. To provide a reasonable comparison, only lead times up to 48
hrs are considered where hourly forecasts are available. At all time points when
positive irradiance is possible, all post-processing methods outperform the raw
ensemble forecasts for both direct and diffuse irradiance. According to the skill
scores shown in Figure 5.7c, predictive performance in the case of direct ir-
radiance is primarily determined by the complexity of model formulations and
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Figure 5.11: Coverage of nominal 95.12 % central prediction intervals of locally
post-processed and raw forecasts of direct (a) and diffuse (b) irradiance for the
ICON-EPS dataset.

parameter estimation, with more complex models exhibiting better forecast per-
formance. However, the differences between the various EMOS approaches are
relatively minor. The same is true for diffuse irradiance in the early and late
hours (see Figure 5.7d), while there is no discernible difference in the skill of
the different EMOS models between 6 and 18 UTC. It should be noted that the
apparent periodic oscillations in the CRPSS values can be caused in part by the
pooling of different observation hours as a result of the four considered initial-
ization times. Post-processing, in comparison to the AROME-EPS, improves
predictive performance even at night, achieving a CRPS of nearly zero, which
is not the case for the raw ICON-EPS.

The observations from Figure 5.7c are confirmed by Figure 5.8a, which shows
the CRPSS with respect to the raw direct irradiance ensemble forecasts as a
function of lead time. Because of the different scaling of the vertical axis, the
variations are more pronounced here, and once again, the periodic 2 model
with RTP has the best forecast skill, while the simple model with MET has
the smallest CRPSS. In general, longer lead times result in lower skill scores,
which is also true for the corresponding CRPSS values for diffuse irradiance
(Figure 5.8b). Overall, increases in direct irradiance are slightly greater than in
diffuse irradiance, and none of the models result in negative skill scores. There
are no discernible distinctions between the different EMOS approaches up to a
lead time of 48 hrs. For longer lead times, comparable to direct irradiance, the
most complex periodic 2 model performs better, while the simple model with
parameters estimated using a rolling training period is now the least skillful.
Remember that forecasts with longer lead times apply to a longer time period,
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histograms of raw ensemble forecasts of DNI for lead times 1-24h, 25-48h, 51-
72h and 78-120h for the ICON-EPS dataset.
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and thus seasonal effects related to the diurnal cycle can be captured by more
complex models.

Figure 5.9 shows the CRPSS of the best performing periodic 2 RT EMOS
bootstrap with respect to the raw ICON-EPS forecast and the corresponding
95% confidence intervals. In the case of direct irradiance the improvement
in mean CRPS is significant up to 60 hr, whereas for diffuse irradiance it is
significant for all considered lead times. Further, comparing Figures 5.9 and 5.8
it can be observed (especially in the case of diffuse irradiance), that in terms of
mean CRPS there is no significant difference between the various post-processing
methods.

A third consideration is the forecast skill’s reliance on the location of obser-
vation. Table 5.1 displays the average CRPSS of the various EMOS models with
respect to the raw forecasts, as well as the corresponding CRPSS values of the
three different cities for four different lead time intervals. The conclusion from
these results is that the magnitude of improvements in predictive performance
that result from post-processing is highly dependent on location. For both vari-
ables, Karlsruhe gains the most, while the simple MET model performs worse
than the raw direct irradiance ensemble forecast and results in negative skill
scores for Berlin after 24 hr and Hamburg after 78 hr lead time. Among the
competing direct irradiance models, the most complex periodic 2 RT model has
the best forecast skill for Berlin and Hamburg, as well as the best overall per-
formance. The variations in performance between the different EMOS models
are much smaller in the case of diffuse irradiance, which is consistent with the
results shown in Figure 5.8b. None of the more complex models, in particular,
consistently outperform the simple MET approach.

Figure 5.10 displays the CRPSS of post-processed forecasts based on monthly
mean values to examine seasonal effects in the improvements achieved by post-
processing. The enhancement in direct irradiance are generally greater in winter
than in summer. From November to April, the variations in post-processing ap-
proaches are most pronounced, with more complex model formulations that
integrate seasonal effects performing especially well. The overall level of ad-
vancement in terms of mean CRPS is lower for diffuse irradiance (mind the
different scale of the vertical axes) and there are only mild seasonal effects in
the form of smaller corrections between October and December.

To make the results easier to understand, the rest of this section considers
combined data from all locations, months, and observation hours, and only
shows the dependence on the lead time.

The enhanced calibration of post-processed forecasts can also be seen in
Figure 5.11, showing the coverage plots. For all lead times, all post-processing



5.4. RESULTS 63

Simple MET

0-24h 25-48h 51-72h 78-120h

Relative fre(we_gcy
oo o

1.
10 A8 O A :
o« INMNNNNNEN | nENNEENE
0.0

00 02 04 06 08 1000 02 04 06 08 1000 02 04 06 08 1000 02 04 06 08 1.0

PIT
Simple RT
0-24h 25-48h 51-72h 78-120h

g

Relative fre%Je_gcy
oo,

SO = =7
o w

1000 02 04 06 08 1.00.

0.0 6 08 10

02 04 O

Periodic RT
-~ 0-24h 25-48h 51-72h 78-120h
%2.5
22.0
215

210+ e L ] min
- N ] i
[}

0.0 6 08 10 0.0 8 10

02 04 O 000 02 04 06 08 1.00. 02 04 06 O. 0.0 04 06 08 1.0
PIT
Periodic 2RT
- 0-24h 25-48h 51-72h 78-120h
225
320
5

=)

08 1000 02 04 06 08 1000 02 04 06 08 1.0

Relative fre
S
o o

00 02 04 06 08 1000

PIT

Ensemble

- 0-24h 25-48h 51-72h 78-120h

2006

3

Soos I

) Sm— | SN S, S

%o AINNNNEEEEN | SNNNEEEEnE EEnEnEnEER RENEEmEnd
0 10 20 30 40 0 10 20 30 40 0 10 20 30 40 0 10 20 30 40

Verification Rank
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72h and 78-120h for the ICON-EPS dataset.
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Direct irradiance

Lead time Model Overall Karlsruhe Berlin Hamburg

Simple MET 0.076 0.114 0.029 0.082

1-24h Simple RT 0.095 0.130 0.070 0.083
Periodic RT 0.101 0.133 0.077 0.090

Periodic 2 RT 0.104 0.132 0.082 0.097

Simple MET 0.050 0.091 -0.000 0.054

95-48h Simple RT 0.064 0.102 0.032 0.054
Periodic RT 0.072 0.102 0.045 0.066

Periodic 2 RT 0.074 0.099 0.047 0.073

Simple MET 0.021 0.062 -0.018 0.018

51-72h Simple RT 0.033 0.071 0.008 0.020
Periodic RT 0.043 0.075 0.021 0.030

Periodic 2 RT 0.046 0.069 0.024 0.043

Simple MET 0.004 0.028 -0.016 -0.002

78-120h Simple RT 0.013 0.036 -0.001 0.001
Periodic RT 0.019 0.032 0.017 0.008

Periodic 2 RT 0.022 0.024 0.021 0.022

Diffuse irradiance

Lead time Model Overall Karlsruhe Berlin Hamburg

Simple MET 0.089 0.099 0.075 0.093

1-24h Simple RT 0.091 0.100 0.080 0.092
Periodic RT 0.089 0.099 0.080 0.086

Periodic 2 RT 0.091 0.097 0.083 0.092

Simple MET 0.066 0.076 0.050 0.070

95-48h Simple RT 0.066 0.075 0.053 0.069
Periodic RT 0.064 0.071 0.055 0.063

Periodic 2 RT 0.066 0.069 0.060 0.069

Simple MET 0.048 0.055 0.041 0.046

51-72h Simple RT 0.046 0.053 0.041 0.043
Periodic RT 0.047 0.053 0.045 0.041

Periodic 2 RT 0.051 0.049 0.055 0.049

Simple MET 0.032 0.032 0.039 0.025

78-120h Simple RT 0.031 0.031 0.040 0.021
Periodic RT 0.038 0.037 0.048 0.026

Periodic 2 RT 0.043 0.036 0.062 0.030

Table 5.1: Overall CRPSS and CRPSS for individual locations of locally post-
processed forecasts of direct and diffuse irradiance with respect to the raw en-
semble.

methods produce coverage close to the nominal 95.12%, while the raw en-
semble’s maximum coverage is below 85% for both variables. The disparity
between post-processed direct irradiance forecasts is more apparent, with peri-
odic models being the most accurate. The shapes of the PIT and verification
rank histograms in Figures 5.12 and 5.13 match these results. For all lead
times, raw ensemble forecasts of direct irradiance are highly underdispersive
and slightly biased. The PIT histograms of all EMOS models are far closer
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Figure 5.14: MAE of the median forecasts of direct (a) and diffuse (b) irradiance
for the various locally post-processed approaches

to the optimal uniform distribution, even though this is slightly alleviated for
longer lead times. The post-processed forecasts, however, still have some bias.

Neither the PIT histograms of post-processed nor the verification rank his-
tograms of raw diffuse irradiance forecasts show any bias (Figure 5.13), and
all EMOS approaches successfully correct the raw ensemble’s underdispersion,
resulting in nearly perfectly uniform PIT histograms.

Finally, Figure 5.14 showing the MAE of the median forecasts indicates
that while post-processing substantially improves the calibration of probabilistic
forecasts, it has a minor effect on the accuracy of point forecasts. For all lead
times considered, the gap in MAE is less than 2 W/m? for direct irradiance and
0.6 W/m? for diffuse irradiance. The sharp differences in MAE values at 51 hr
and 78 hr are due to a shift in forecast temporal resolution. The RMSE of the
mean forecasts results very similar figures, so they are not shown here.

5.5 Conclusions

The proposed post-processing models are capable of improving the forecast per-
formance of raw ensemble predictions reliably and significantly up to lead times
of at least 48 hrs. These improvements are larger for AROME-EPS even with the
simplest EMOS approach, while for ICON-EPS more complex post-processing
models perform better in terms of prediction; however the discrepancies between
model variations are rarely statistically significant.

The solar irradiance post-processing models considered in this chapter open
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up a number of possibilities for future research. We only used ensemble predic-
tions of the target variable as inputs to the post-processing model in terms of
the general model setup. However, the use of modern machine learning methods
to integrate arbitrary predictor variables and model potentially nonlinear rela-
tions to the forecast distribution parameters has recently become a subject of
the post-processing literature (see Vannitsem et al., 2021, for a recent review).
The gradient boosting extension method proposed in Messner et al. (2017) or the
neural network-based approach proposed in Rasp and Lerch (2018) may be used
to expand the EMOS models considered here. See, for example, Sperati et al.
(2016) and Bakker et al. (2019) for related considerations in the solar irradiance
forecasting literature, where additional predictors from NWP model perform-
ance are used, albeit for different types for probabilistic forecasting methods.

In addition, we’ve focused on univariate forecasts for a single location, lead
time, and target variable. Many practical applications, particularly in the con-
text of energy forecasting, require accurate modeling of spatial, temporal, or
inter-variable dependencies (Pinson and Messner, 2018). Over the last few years,
a wide range of multivariate post-processing methods have been proposed (see
Lerch et al., 2020, for a recent overview), and a study of those approaches in
the context of solar energy forecasting may be an important starting point for
future research.

Finally, the creation of solar irradiance post-processing models was driven
by the desire to improve probabilistic solar energy forecasting. To that end,
it would be useful to look into the impact of post-processing NWP ensemble
forecasts of solar irradiance on PV power prediction, and compare it to direct
probabilistic PV power production models (see e.g. Alessandrini et al., 2015).
Phipps et al. (2020) finds that a two-phase strategy of post-processing both
wind and power ensemble forecasts performs better in a related study in the
context of wind energy, and that the calibration of the power predictions is a
crucial step. Ideally, statistical post-processing of solar irradiance forecasts will
be a key component of modern, fully integrated renewable energy forecasting
systems (see e.g. Haupt et al., 2020).



Chapter 6

Total cloud cover prediction
using machine learning

methods

6.1 Introduction

TCC prediction is critical in observational astronomy (Ye and Chen, 2012) and
photovoltaic energy production forecasting, as it is the main cause of variation
in solar-radiation energy supply (Matuszko, 2011; McEvoy et al., 2012); how-
ever, it is also relevant in agriculture, tourism, and other fields of economy.
TCC forecasting in our case can be considered as a nine-group classification
problem, requiring methods that are significantly different from those used for
other continuous weather variables like temperature, wind speed, or precipita-
tion accumulation.

The main aim of our work here is to investigate the use of machine learn-
ing methods for total cloud cover prediction in the context of statistical post-
processing of TCC ensemble forecasts, as probabilistic multi-category classific-
ation is one of the main areas of application of machine learning. We compare
the performance of MLP (Goodfellow et al., 2016), GBM (Friedman, 2000), and
RF (Breiman, 2001) with the raw TCC ensemble and the MLR and POLR ap-
proaches of Hemri et al. (2016) using ECMWTF global ensemble forecasts for the
years from 2002 to 2014. We further investigate the effect of using precipitation

67
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ensemble forecasts as additional predictors in TCC post-processing.

In this chapter, first a reference to the calibration methods for TCC fore-
casts is presented in Section 6.2. Then, we provide a description of the TCC
and precipitation ensemble forecasts and observations in Section 6.3, followed
by a show case of the results in Section 6.4 and the chapter ends with some
conclusions. The following results of this chapter have been published in Baran
et al. (2021).

6.2 Post-processing methods

In what follows, let Y € ¥ = {y1,92,...,y9} be TCC at a given location and
time expressed in oktas and denote by f = (f1, fa,..., f52) the corresponding
52-member ECMWF TCC ensemble forecast with a given lead time, where f; =
fures and fo = forrr are the high-resolution and control members, respect-
ively, whereas f3, f4,..., fs2 correspond to the 50 statistically indistinguishable
(and thus exchangeable) ensemble members fgns 1, fens,2, ..., fENs,50 gener-
ated using random perturbations. In this discrete setting the estimation of the
predictive distribution of Y reduces to the estimation of conditional probabil-
ities

PY =ui | f), E=1,2,...,9. (6.1)

Obviously, in (6.1) the raw ensemble forecast f can be replaced by any feature
vector x derived from the ensemble and/or other covariates. In order to
ensure comparability with the reference MLR and POLR approaches (presented
in Sections (2.6) and (2.7)) for classification using TCC data only (see Section
6.4.2), we consider the same feature set as in Hemri et al. (2016). For details of
the calibration methods we refer to Section 2.4.

The investigated covariates are the HRES forecast furgs, the control fore-
cast forry, the mean of the 50 exchangeable ensemble members TENS, the
ensemble variance

1 52 ) 1 52
2. __ r T
s* = a;(fi—f) ,  where  fi= 5—2;f

the proportions of forecasts predicting zero and maximal cloud cover

1 52 1 52
Po = 52 Z;H{fizo} and p1 = 52 Z;H{ﬁ::l}?
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respectively, and an interaction term
I:=s%ign(d)d®  with  d:= ((fures—0.5)+(forr—0.5)+(fens—0.5))/3

connecting the ensemble variance and the mean deviation of the first three
features from 0.5.

As additional feature we also consider the mean fprpe of the ECMWE
51-member precipitation ensemble forecast for some of the models (see Section
6.4.3). The use of the HRES precipitation forecast or of the mean of the 52-
member precipitation ensemble (including HRES) instead of fpgrpe Wwas also
tested; however, these models did not result in a significant improvement in the
forecast skill.

Verification scores

As mentioned in the Introduction, the case of TCC by forecast F we refer to
a discrete probability distribution on ) characterized by a PMF pg(y). In
this chapter, as proper scoring rules, we going to use CRPS and LogS (defined
in sections 3.2 and 3.3) and their corresponding skill scores defined in Section
3.4.

Furthermore, the differences between verification scores is assessed by DM
test defined in section 3.9. We address spatial dependencies in simultaneous
testing for the different stations using the Benjamini-Hochberg algorithm (Ben-
jamini and Hochberg, 1995) to control the false discovery rate at a 5% level of
significance (see e.g. Wilks (2016)). We further provide confidence intervals for
mean score values and skill scores. We also consider the PIT histograms defined
in section 3.6. Implementation details for all models are provided in Section
6.4.1.

6.3 Data

We use 52-member ECMWF global ensemble forecasts of TCC and 24 hr precip-
itation accumulation initialized at 1200 UTC (high-resolution forecast (HRES),
control forecast (CTRL), and 50 members (ENS) generated using perturbations
in initial conditions (see for instance Buizza (2018b))) for 10 different lead times
ranging from 1 day to 10 days for the time interval between 1 January 2002 and
20 March 2014, as well as the corresponding observations. During these 12 years,
there were several changes in EPS; however, according to preliminary results (see
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e.g. Hemri et al. (2014) and Hemri et al. (2016)), these changes have no signific-
ant influence on the skill of the post-processing approaches. The TCC data set
is identical to the one investigated in Hemri et al. (2016), which includes data
for 3330 SYNOP observation stations which encompasses the entire globe as
ECMWEF forecasts are issued on the global domain. TCC SYNOP observations
are reported in values Y = {0,0.1,0.25,0.4,0.5,0.6,0.75,0.9,1} corresponding
to the different oktas, whereas the raw ensemble forecasts are continuous values
in the [0,1] interval. The matching of forecasts and observations is performed
with quantization of forecast values using intervals

[0,0.01], [0.01,0.1875[, [0.1875,0.3125[, [0.3125,0.4375[, [0.4375,0.5625],
[0.5625,0.6875], [0.6875,0.8125[, [0.8125,0.99[, [0.99, 1],

that is raw or post-processed forecasts falling e.g. into the interval
[0.1875,0.3125] correspond to observation value 0.25 (see Table Al in Hemri
et al. (2016)).

As quality control, stations having questionable or excessively large amounts
of missing data are removed from the data set. The percentage of data points
that are equal to the previous 10 data points is the main criterion for removing
a station from the data set for both TCC and precipitation (Hemri et al., 2014,
2016). A station is considered unreliable if this number surpasses 20%. Stations
having recorded observations outside the range [0,1] and [0 mm, 1826 mm)] are
removed for TCC and precipitation, respectively. The range for precipitation
span from the smallest to the largest measurements ever taken on the Earth.
After this, our additional precipitation data set, which was investigated in Hemri
et al. (2014), includes forecast-observation pairs for 2917 SYNOP stations. TCC
and precipitation data are available at 2239 of these stations. Note that the
corresponding forecasts are interpolated from the model grid using bilinear and
nearest-neighbour interpolation schemes.

6.4 Results

All of the calibration methods described in sections 6.2 and 2.4 require training
data that is large enough to provide numerical stability and fair predictive per-
formance. Following Hemri et al. (2014), we concentrate on local calibration,
that is, post-processing of forecasts for a single station using only that station’s
training data. As a consequence, in order to obtain a sufficiently large training
set, relatively long training periods are required. As in Hemri et al. (2016), we
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use 5-year training periods and both non-seasonal and seasonal training schemes
to ensure comparability with the reference approaches. Forecasts and observa-
tions from the previous five calendar years (e.g., 1 January 2003 to 31 December
2007) are used to train the model for calibration of TCC ensemble forecasts for
the entire following calendar year (1 January to 31 December 2008), then the
training period is rolled forward by one year (1 January 2004 — 31 December
2008). In the seasonal approach, two different seasons are considered covering
April-September and October—March respectively, and the TCC ensemble fore-
cast for a given day is calibrated using only training data from the same season.
Because of the use of 5-year training periods, predictive PMFs are available
for the period 1 January 2007 to 20 March 2014 (2636 calendar days), where
one can measure the forecast skill of the post-processing methods presented in
section 6.2.

Furthermore, as Hemri et al. (2016) suggest, numerical problems with LogS
calculation can be prevented by replacing unrealistically low values pr(y;) of
the predictive PMF corresponding to okta y; with a probability pmin ensuring
that okta y; is observed at least once during the training period with a 1%
chance. Translated to formulae, this means that instead of pr(y,;) we consider
max {pmin, pr(y;)}, where puin solves 0.01=1— (1 —pmin)T with T being
the length of the training period in days, and adjust the probabilities to get a
PMF again (for more details see Hemri et al. (2016)). Note that this is a minor
technical adjustment that results in negligible changes in CRPS or PIT values
as compared to the original predictive PMF's.

6.4.1 Implementation details

Here, we discuss implementation details for the different statistical and machine
learning methods for TCC post-processing.

Multiclass and proportional odds logistic regression

Both models have a variety of different implementations. The coefficients of
different MLR and POLR models are estimated here using respectively the
R packages nnet and MASS (Venables and Ripley, 2002). It should be noted
that the implementation based on the nnet package uses neural networks to
estimate the parametric MLR model (2.6), which is a fundamentally different
use of neural networks compared to our MLP models presented in Section 2.4.1.
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Multilayer perceptron neural networks

In our computations, we use Matlab’s patternnet function with two hidden
layers of 10 and 15 neurons. Both hidden layers use the hyperbolic tangent
as activation function. We use the LogS loss function (also known as cross-
entropy in machine learning) with a regularization parameter of 0.1 and scaled
conjugate gradient as minimization algorithm. The corresponding data set is
split into a training and validation set for each 5-year training period (both
for seasonal and non-seasonal approaches), the latter being a randomly selected
subset consisting of 15 % of the data. Training with a growing data set using all
available forecast cases from previous years while simultaneously increasing the
weight of the regularization term was also tested as an alternative to the 5-year
RTP. However, this approach did not result in an improved forecast skill.

Random forests

Our RF model implementation is based on the R package XGBoost (Chen et al.,
2019). For a particular observation station and forecast horizon, the tuning
parameters (depth of trees, number of predictors sub-sampled at each splitting
node) are determined as follows. The first of the rolling 5-year training periods,
from 2002 to 2006, is divided into an initial training set (2002-2005) and a
validation set (year 2006). RF models consisting of 300 trees are estimated based
on the initial training set and evaluated on the validation set using the LogS
for all combinations of tree depths between 2 and 4 and number of predictors
between 1 and 3. The tuning parameters that result in the lowest LogS on the
validation set are then used to fit a 1000-tree RF model for the entire training
set (years 2002 to 2005) and to generate forecasts for the first out-of-sample test
set (year 2007). This optimal combination of tuning parameters is also used for
all subsequent 5-year training periods for that particular station and lead time
to reduce computational costs.

Tree depths of 2, 3, and 4 are selected in about 43 %, 36 % and 21 % of cases,
respectively, for 5-year RTPs. The number of predictors chosen for subsampling
is slightly more uniformly distributed, with trees of depth 3 with 3 predictors
sub-sampled at each split (around 17 % of all cases) being the most commonly
chosen tuning parameter combination. We did not consider a larger set of
possible parameter values to reduce computational costs because initial testing
did not show improvements in predictive performance and RF models are also
reasonably robust to the choice of tuning parameters.
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Gradient boosting machines

We use the R package XGBoost (Chen et al., 2019) to implement GBM models.
Throughout, we use shrinkage with a learning rate of A = 0.1, to reduce the
effect of each individual tree hm¢ by only adding a scaled version of that
tree. We use an early stopping criterion to determine the number of boosting
iterations M for a given tree depth to further prevent overfitting. To that
end, each 5-year training set is divided into two parts: an initial training set
(the first four years) and a validation set (the last year). GBM models of the
form (2.8) are then estimated iteratively for m = 1,2,..., based on the initial
training set until the LogS on the validation set has not improved during the
last 25 iterations. This process is repeated for all tree depth values between 1
and 4, and the combination of tree depth and the corresponding optimal number
of boosting iterations that produces the best LogS on the training set is chosen
as a set of tuning parameters. The final out-of-sample forecasts for the test set
are produced based on a GBM model fitted on the full training set using these
tuning parameters. A separate set of tuning parameters is determined according
to the procedure described above for any combination of station and lead time,
and any of the 5-year RTP.

For models with a 5-year RTP, an optimal tree depth of 1 is chosen in
approximately 86.5 % of all GBM models, a depth of 2 in approximately 11.5 %
of the cases, and a depth of 3 or 4 in less than 2% of the cases. The average
number of boosting iterations is 78.3, but this varies widely depending on the
depth of the corresponding tree.

When fitting seasonal RF and GBM models, the procedures for determining
optimal tuning parameters of RF and GBM models mentioned above are applied
separately to the two seasons. As a result, the sets of optimal tuning parameters
for those variants differ not only by station, lead time, and year (only for GBM),
but also by season.

6.4.2 Post-processing of TCC ensemble forecasts

As a first step, we look at the use of the MLP, RF, and GBM ap-
proaches to post-process TCC ensemble forecasts. The raw TCC ensemble
forecast, as well as the MLR and POLR models, are considered as refer-
ences. All calibrated forecasts are based on the 7-dimensional feature vector
(?ENS, forry, fures, 82, po, p1, )T except the MLR, where following Hemri
et al. (2016) the number of parameters is reduced by omitting the interaction
term 1. It should be noted that the MLP model was also tested with the
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Figure 6.1: Mean CRPS (a) and LogS (b) of the raw ensemble and post-
processed forecasts together with 95 % confidence intervals.

52-member TCC forecast ensemble as a feature vector, but this approach did
not improve predictive performance. Further, in the POLR model, the coeffi-
cients of fENS, forry and furgs are forced to be non-negative by iterative
exclusion of covariates with negative weights, following the suggestions of Hemri
et al. (2016). Finally, we test both non-seasonal and seasonal training for all
five calibration approaches. Forecasts obtained using the latter are referred to
as MLPS, RFS, GBMS, MLRS, and POLRS, respectively.

The mean CRPS and LogS of the raw ensemble and post-processed fore-
casts, as well as 95% confidence intervals as functions of the lead time, are
shown in Figure 6.1. All calibrated TCC forecasts outperform the raw ensemble
by a large margin, and the different approaches are clearly grouped. The MLP,
GBM, POLR, and MLR methods, as well as their seasonally estimated counter-
parts, produce the lowest mean CRPS and LogS values and display very small
differences in forecast skill. The non-seasonally and seasonally estimated RF
forecasts are in the second group, with the latter yielding slightly lower score
values than the former.

Figure 6.2 plotting the CRPSS and LogSS with respect to the POLRS fore-
casts, which shows the best forecast skill among the methods studied in Hemri
et al. (2016), makes it easier to compare the performance of the forecasts in the
first group. According to Figure 6.2a, POLRS outperforms its competitors in
terms of mean CRPS up to day 7, while MLLPS has the best predictive perform-
ance for longer lead times. Forecasts based on seasonal training produce lower
mean CRPS than non-seasonal counterparts in general, but the differences de-
crease as the lead time increases. Results in terms of the LogS shown in Figure
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Figure 6.2: CRPSS (a) and LogSS (b) with respect to the POLRS model of
MLPS, MLP, GBMS, GBM, MLRS, MLR and POLR forecasts together with
95 % confidence intervals.

6.2b indicate a different behavior and ranking of the models namely the mean
LogS of the MLPS approach reaches that of the POLRS model only at day 10
and MLRS underperforms all other methods for all lead times.

These observations are further supported by Figure 6.3 showing the propor-
tion of stations where DM test indicates significant difference in mean CRPS
and LogS for lead times 1, 4, 7 and 10 days. To simplify the presentation we
compare only the raw ensemble and seasonally trained versions of the calibration
approaches, as seasonal models in general outperform their non-seasonal coun-
terparts. The raw ensemble and RFS forecasts are distinctly separated from
the other four methods for all lead times, as most of the corresponding cells’
entries are almost 100 %. For longer lead times, GBMS outperforms its rivals
in almost all stations, both in terms of CRPS and LogS. On the other hand,
as the lead time is increased, the proportion of stations where the mean LogS
of MLPS and POLRS forecast decreases, whereas in terms of the mean CRPS
after decrease one can observe a slight increase. This behaviour is in line with
the MLPS skill scores of Figures 6.2a and 6.2b, respectively. Overall, we find
that, despite the fact that the absolute differences in CRPS and LogS between
the different approaches are small, they thus are often statistically significant
for a large proportion of the stations.

Figure 6.4 demonstrates the positive effect of post-processing in the PIT his-
tograms, where only the results for better performing seasonally trained models
are reported. The raw ensemble’s U-shaped histograms at days 1 and 4 clearly
show underdispersion, while a slight hump appears at days 7 and 10. For short
lead times, RFS forecasts are overdispersive, and as the forecast horizon in-
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Figure 6.3: Proportion of stations with significantly different mean CRPS (upper
triangle) and LogS (lower triangle) at a 5% level of significance for lead times
1 (a), 4 (b), 7 (c) and 10 (d) days.
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creases, some bias emerges. GBMS forecasts exhibit the same behaviour, how-
ever, to a much smaller extent. POLRS and MLPS PIT histograms are almost
perfectly flat, suggesting better calibration than the other approaches.

6.4.3 Post-processing using an extended feature set
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Figure 6.5: CRPS (a) and LogS (b) of different MLP, GBM and POLR fore-
casts and the corresponding skill scores with respect to the POLRS model (c,d)
together with 95 % confidence intervals.

Several recent studies on post-processing (e.g. Taillardat et al. (2016); Rasp
and Lerch (2018); Bakker et al. (2019)) have shown the added value of incor-
porating additional features based on geographical data from SYNOP stations
and/or forecasts of other weather variables. Functionals of precipitation en-
semble forecasts are a natural option for additional predictors because of their
direct connection to clouds (Mishra, 2018). We here use the mean fpgpe of
the ECMWF 51-member precipitation forecast as additional covariate and in-
vestigate the performance of MLP, GBM and POLR approaches, showing the
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best forecast skill in Section 6.4.2, with extended feature vector

(fens, forr, fures, s°,p0, 01,1, fprEC) -

We take into account both non-seasonal and seasonal training, and the cor-
responding models are reported as MLP-P, GBM-P, POLR-P, and MLPS-P,
GBMS-P, POLRS-P, respectively.
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Figure 6.6: Proportion of stations with significantly different mean CRPS (upper
triangle) and LogS (lower triangle) at a 5% level of significance for lead times
1 (a), 4 (b), 7 (c) and 10 (d) days.

According to Figures 6.5a and 6.5b, where the mean CRPS and LogS values
of different MLP, GBM and POLR forecasts are plotted as functions of the
lead time, and Figures 6.5c and 6.5d displaying the corresponding skill scores
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with respect to the POLRS model, the additional covariate results in different
effects for the MLP, and the GBM and POLR models. MLP models that use
precipitation forecasts outperform MLP models that only use TCC forecasts
after day 2 in terms of both CRPS and LogS, regardless of the training scheme
(MLP is not shown), and MLPS-P and MLP-P result in the best predictive
performance for longer lead times. The use of precipitation, on the other hand,
has the highest effect on POLR models at day 1, and the differences between
POLRS-P and POLRS and POLR-P and POLR models (POLR is not shown)
decrease as the lead time increases. The GBMS and GBM models exhibit the
same phenomenon (not shown). The use of a precipitation forecast significantly
improves predictive performance, but the difference decreases as the lead time
increases. GBMS-P and GBM-P approaches have lower mean CRPS than the
POLRS model up to day 5, but GBMS-P outperforms POLRS-P and MLPS-P
for days 1 and 2.

These results are consistent with the proportions of stations with signific-
antly different mean CRPS and LogS values shown in Figure 6.6, where for visual
clarity we only consider models with the extended feature set. For example, the
proportion of stations where the mean CRPS of the GBMS-P and GBM-P mod-
els differ shows a monotone decreasing sequence of 38.59 %, 31.80%, 28.18 %,
20.99 %, which mimics the decreasing distance of the corresponding curves in
Figure 6.5¢, while the bow of the CRPSS of MLPS-P with respect to POLRS
and the decrease of the CRPSS of POLRS-P matches the change of the corres-
ponding entries (68.65 %, 26.98 %, 78.70 %, 75.72%) in Figure 6.6.

In terms of calibration, Figure 6.7 shows the PIT histograms of the calibra-
tion approaches using precipitation forecasts for days 1, 4, 7 and 10. Generally
speaking, all six methods produce reasonably well calibrated predictive PMF's
in all considered forecast horizons. For all lead times, the histograms of the
GBMS-P and GBM-P approaches are overdispersive, while the histograms of
the MLPS-P, MLP-P, and POLR-P approaches are slightly overconfident only
on day 1, transforming to a small underdispersion at longer lead times. Notice
that, unlike Figure 6.4, which uses verification data from 3330 locations, we
only use PIT values from 2239 SYNOP stations where precipitation ensemble
forecasts are available. However, since the PIT histograms of the raw ensemble
and the MLPS, GBMS, and POLRS forecasts do not change in shape as a result
of this reduction, they are not shown in this case. Finally, the MLPS-P, MLP-
P, GBMS-P, GBM-P, POLRS-P, and POLR-P approaches almost completely
inherit the general behavior of the MLPS, MLP, GBMS, GBM, POLRS, and
POLR forecasts in terms of PIT values.
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6.5 Conclusions

In this chapter, we propose a novel method for statistical post-processing of
TCC ensemble forecasts using a variety of machine learning based classification
techniques. This is the first study to compare cutting-edge machine learning
approaches with parametric classification methods. The superiority of neural
network classification over the best parametric models is demonstrated in an
extended case study focused on the ECMWEF global TCC ensemble forecasts
for 2002-2014 (Hemri et al., 2016). The possibility of incorporating further
covariates into TCC statistical post-processing is also investigated. When the
mean precipitation accumulation is applied as additional covariate, the results
indicate that MLP neural network classification has the best predictive perform-
ance for long lead times. The flexibility of neural network models, as well as
the broad variety of reasonable covariates, opens the door to further research.
These studies may have a direct economic benefit since more accurate TCC
prediction is important in many industries, such as PV energy production, agri-
culture, and tourism. Several of the probabilistic classification methods exhibit
complementary systematic errors in calibration. As a result, forecast combin-
ation techniques like the ones investigated in Baran and Lerch (2018) might
be able to boost predictive performance. The related topic of calibrating and
combining probabilistic classifiers has recently sparked interest in the machine
learning literature, see e.g. Kull et al. (2019).

The MLP model, in particular, offers some interesting starting points for
potential extensions due to the flexibility of neural network model architec-
tures. Long short-term memory neural networks (Hochreiter and Schmidhuber,
1997), for example, are commonly used for time series modeling and may en-
able temporal dependencies of forecast errors of raw ensemble predictions to be
incorporated. Furthermore, techniques similar to those suggested in Rasp and
Lerch (2018) could theoretically aid in the construction of a single MLP model
jointly for all stations that is still locally adaptive.

As precipitation data is added, the performance improves even further com-
pared to the one without adding an extended feature set, demonstrating the
benefits of modern machine learning approaches like GBM and MLP for total
cloud cover prediction. In comparison to the traditional MLR and POLR mod-
els, these methods make it simple to incorporate new predictors and provide
tools for avoiding overfitting. Additional predictor variables, such as indices
of atmospheric stability, pressure, humidity, and temperature information at
higher levels of the atmosphere, or seasonal information, can boost predictive
performance even more. Furthermore, using techniques such as measures of fea-
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ture importance (Rasp and Lerch, 2018; Breiman, 2001), more complex machine
learning models incorporating several predictors which not only boost TCC pre-
dictions, but also allow for a better understanding of the shortcomings of the
raw ensemble predictions.
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Summary

The thesis presents several statistical and machine learning post-processing tech-
niques for various weather and hydrological quantities. We consider water level,
solar irradiance and total cloud cover, and propose novel post-processing meth-
ods for each of these variables. The efficiency of the suggested approaches is
tested in several case studies, the ensemble forecasts and observations used in
this research were produced by different ensemble prediction systems, cover
various geographical areas and the temporal resolutions also vary.

Water level forecasting

We present a new BMA model for calibrating Box-Cox transformed hydrological
ensemble forecasts of water level, which produces a predictive distribution that
is a weighted mixture of doubly truncated normal distributions. The model with
three different parameter estimation approaches is evaluated on the 79 member
ensemble forecast of BfG for water level at gauge Kaub of the Rhine, for 120
different lead times. The CRPS of the probabilistic forecast distributions and
the MAE of the corresponding median forecasts are used for verification. We
also took a look at coverage and the average width of nominal central prediction
intervals, which is a sharpness metric. The forecast skill of the BMA model is
also compared to that of the raw ensemble and the recently implemented EMOS
model of Hemri and Klein (2017).

Based on our findings, one may infer that, compared to the raw ensemble,
post-processing often improves probabilistic calibration and point forecast ac-
curacy. Furthermore, the BMA model, which uses pure ML for parameter es-
timation, has the best predictive performance, and, with the exception of very
short lead times, it outperforms the EMOS calibration significantly. A direct
comparison of the CRPSS values obtained in the case of water level forecasting
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(shown in Figure 4.5a ) shows that seasonal and analog dependent training peri-
ods outperform RTP at least for EMOS. Hence, this suggests that using a more
advanced post-processing method or a more intelligent training period selection
is fairly unnecessary. As a result, if a sufficiently long set of hydrological hind-
casts is accessible, we suggest using EMOS with analog-based training periods
and BMA otherwise.

Solar energy forecasting

We suggest a post-processing approach for solar irradiance ensemble weather
predictions in which probabilistic forecasts are obtained as a logistic distribution
left-censored at zero. In two case studies, several model variants are evaluated
that vary in terms of the temporal composition of training datasets and changes
to seasonal variations in the model formulation. Despite the fact that the case
studies cover a variety of geographical areas, NWP systems, solar irradiance
types, and temporal resolutions, the results in Section 5.4 show that the pro-
posed post-processing models can reliably and significantly boost the forecast
performance of the raw ensemble predictions up to lead times of at least 48 hrs.
The AROME-EPS dataset benefits more from post-processing, which may be
due to a lower skill of the raw ensemble predictions due to a bias in addition
to the observed underdispersion. We found that more complex post-processing
models have better predictive performance on the ICON-EPS dataset, but the
discrepancies between model variations are rarely statistically significant.

In the case of the ICON-EPS dataset, the overall level of improvements
achieved through statistical post-processing of the raw ensemble’s solar irradi-
ance forecasts are comparable to meteorological variables such as precipitation
accumulation (Scheuerer, 2013; Baran and Nemoda, 2016) or total cloud cover
(Baran et al., 2021), and these enhancements are even slightly larger for the
AROME-EPS results. Post-processing ensemble predictions of such variables is
often seen as a more difficult task when compared to variables like temperat-
ure (Gneiting et al., 2005) or wind speed (Thorarinsdottir and Gneiting, 2010),
where significant improvements can be made. Nonetheless, for lead times of
up to 2 days, the observed improvements are statistically significant, and will
likely be relevant for solar energy forecasting in terms of possible economic be-
nefits and enhanced demand and supply balancing for incorporating dynamic
PV power systems into the electrical grid.
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Total cloud cover forecasting

For statistical post-processing of total cloud cover ensemble forecasts, we in-
vestigate a variety of machine learning classifiers. In particular, we consider
multilayer perceptron neural networks, random forest methods and gradient
boosting machines, which are tested on ECMWF global TCC ensemble fore-
casts with lead times from 1 to 10 days and the corresponding discrete SYNOP
observations. As reference models, we use raw TCC ensemble forecasts, multi-
class and proportional odds logistic regression, and we consider both seasonal
and non-seasonal training (following Hemri et al. (2016)).

First we investigate the settings of Hemri et al. (2016), where the classi-
fication is solely dependent on predictors determined from the TCC ensemble
forecasts. In general, for all lead times, all post-processing methods outperform
the raw ensemble in terms of mean CRPS and mean LogS over the verification
data, and the corresponding PIT histograms are closer to the uniform distribu-
tion than the rank histograms of the raw forecasts. Seasonally trained models
further perform slightly better than their non-seasonal counterparts in terms of
predictive performance. While the differences between MLP, GBM, POLR, and
MLR approaches are generally small, RF models underperform their competit-
ors. The POLR model with seasonal training appears to be the most skillful for
short and medium forecast horizons, followed by the seasonally trained MLP
model, which performs best for long lead times.

The inclusion of mean precipitation accumulation as a covariate increases
predictive performance and alters the ranking of the various methods. The
seasonal POLR model outperforms the seasonally and non-seasonally trained
MLP with this extended feature set only for short lead times; after days 3-4, it
is substantially outperformed by both the seasonally and non-seasonally trained
MLP. However, as the lead time increase, the benefit of the extended set of
covariates diminishes.
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