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Abstract

The objective of this study is to provide reliable nowcasting (up to six hours) to short-range wind speed
forecasts of up to 40 hours ahead in 10 meters height for meteorological observation sites ‘(i.es’ point
forecasting). The proposed method is a data-driven approach combining artificial neural networks, ensemble
learning, and feature selection techniques. Particularly, we improve a pre-defined baseline setup using
meteorological features, pre-classification by forecasting intervals, as well as spatial and temporal related
data. This combination of methods is the so-called ZIANN (ZAMG interval artificial neural network) and it
is optimized for both nowcasting and short-range forecasts. The developed method is'ene of the first machine
learning based wind speed forecasts for the Austrian domain and Austrian observation sites. Heterogenous
data sources are combined to derive training data for ZiANN. In particular, we consider (1) observations
from weather stations and (2) output of one or several numerical weather prediction models. For (1), we use
data from the TAWES network in Austria, while for (2), we use the AROME, ALARO, and/or ECMWEF-IFS
model interpolated for the observation site location. The model is validated by two test episodes and selected
sites in Austria. Forecasts are compared to alternative methodssarandom forest approach, the persistence,
the currently operational nowcasting system INCA, the model output statistic META, and the NWP model
AROME. Our results show that ZiANN outperforms alterhative models, especially in the nowcasting-range.
We conclude that machine learning techniques are suitable post-processing tools, which outperform classical
methodologies.

Keywords: wind speed, machine learing, feature-selection, ensemble-learning, seamless-prediction, Austria

1 Introduction

Accurate, robust and computationallyffast wind speed
forecasts are needed for a wide range of\applications.
Especially sensitive applications’ such\as load balanc-
ing (power grid), forecasting for power trading, the esti-
mation of snow accumulation foravalanche services, or
optimizing routes in aviation,and transport need robust
forecasts. Here, forecast frequency and availability can
be crucial within,a very short time frame, especially for
the nowcasting-range (i.e., up to six hours ahead). Cur-
rently, weather forecasting is carried out using numer-
ical weather prediction (NWP) models including their
underlying physics, often combined for post-processing
using classical statistical methods such as model out-
put statistics. Forecasts provided by NWP models can
vary in their horizontal and vertical extent and resolu-
tion. For instance, the Austrian AROME (SEITY etal.,
2011) model covers the Greater Alpine Region (GAR)
with a horizontal resolution of 2.5 km. Using such a high
resolution guarantees at least to a certain extent the rep-
resentation of local meteorological phenomena.
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Geodynamik, Hohe Warte 38, 1190 Vienna, Austria, e-mail: petrina.papazek
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However, such resolutions and reproducibility come
with high computational demands due to their com-
plex underlying physics and dynamics. Especially for
the nowcasting-range, the latency of NWP models with
their computational delay of three to four hours past
initialization is a drawback. To solve these issues, one
can combine the most recent observations with the latest
available NWP data. Depending on the complexity of
the underlying topography, we require additional post-
processing methods. These post-processing methods can
include model output statistics or quantile mapping. The
aim of these methods is to statistically downscale the
coarser NWP model forecast to a higher resolution or
even stations or points in a region (GLAHN etal., 1972;
PANOFsSKY et al., 1968; FEIGENWINTER et al., 2018). Fre-
quently, for nowcasting the persistence model proved to
be a skillful benchmark.

More recently, the development of rapid update cy-
cle NWP models, initialized hourly for the next e.g.,
12-hours ahead, were developed to overcome the gap in
the nowcasting-range. However, also more techniques
of the family of artificial intelligence, particularly ma-
chine learning, emerged in short-range weather forecast-
ing. Machine learning techniques are generic methods
often combining various data sources for training of pre-
dictive and descriptive algorithms. In the case of mete-
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orology, one can state that they learn relationships from
meteorological observations, spatial dependencies, and
NWP model data, depending on the data they are fed
with. Once fitted, machine learning algorithms are able
to produce post-processed forecasts very fast and often
more accurately than other post-processing methodolo-
gies. Especially in the field of renewable energy wind
speed and power, predictions based on artificial intelli-
gence keep emerging and perform well for different de-
mands.

Ramasamy etal. (2015) used a feed-forward artifi-
cial neural network (ANN) for daily wind speed pre-
dictions in complex terrain showing that, for daily pre-
dictions, an observation-based ANN already provides
useful information. Among others, CaaM etal. (2005),
Ax etal. (2013); Ak etal. (2015), or PELLETIER etal.
(2016) use similar ANN structures and model input
data. Often, machine learning is combined with meta-
heuristic or pre-processing techniques such as feature
engineering, such as by CHANG (2013) and Xu etal.
(2015). Techniques based solely on NWP data as input
can be found, too (Diaz etal., 2015).

Recently, SCHICKER etal. (2017) showed that com-
bining NWP data and observations can improve the
short-range wind speed forecasts when using an artificial
neural network. Similar results are found in statistical
post-processing of e.g., ensemble forecasts by DELLE
MONACHE etal. (2011); DELLE MONACHE et al. (2013);
GNEITING et al. (2005). Based on the results of the previ-
ous studies and findings, we plan to evaluate the effects
of different input data and parameters from NWP mod-
els and observations within this study.

While the above-mentioned studies focus' solely on
ANNSs, other studies investigate data pre-processing
techniques as an additional step beforedapplying a ma-
chine learning algorithm. Kusiak et al. (2009a); Kusiak
etal. (2009b) implement a k-nearest neighbor model,
combined with a principal component analysis and a fil-
tering algorithm whereas ROBERT etal. (2013) investi-
gate spatial relationships i the. prediction. Particularly,
RoBERT et al. (2013) usela general regression neural net-
work to learn relationships between topographic fea-
tures, observed monthly wind speeds, and spatial data
(e.g.: terrain convexity; terrain height, slope, and expo-
sure from the digital elevation model at different spatial
scales). Theyreveal that learning these spatial relation-
ships between topographic features and wind speed im-
proved the accuracy of their used ANN.

Data mining is the process of discovering patterns
in large data-sets involving methods including spatial
and temporal relationships. Such data mining techniques
substantially improve the skill of our methods, partic-
ularly utilizing spatial and temporal relationships be-
tween the data sources. Furthermore, using k-means
clustering for regime-dependent ANNs could improve
forecasts as can be seen in an example for solar radia-
tion (McCANDLESS et al., 2016a,b).

With the availability of more computational power,
the usage of complex neural networks emerge in geo-
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sciences. In conjunction with machine learning algo-
rithms data mining techniques like clustering and fea-
ture engineering are often able to boost a basic machine
learning approach. Recent contributions range from dif-
ferent types of recurrent neural networks (RNN), such as
the mixture density RNN and an LSTM RNN by FELDER
etal. (2010), a convolutional LSTM by SHi et al. (2015),
and RNNs based on a Nonlinear Autoregressive Neural
Network (NAR) by CHATZIAGORAKIS et al. (2014); et al.
(2016). Long short-term memory (LSTM) describes a
group of ANNs with feedback connections able to re-
members values over arbitrary time intervals (HOCHRE-
ITER etal., 1997). Not only different types of neural
networks are used but also extreme learning machines
(LEUENBERGER et al., 2015; LAIB etal., 2016; L1 etal.,
2016) and deep learning neural networks (DALTO etal.,
2015) are employed. However, a more«complex structure
such as convolutional neuralietworks (CNN), imply the
usage of larger data-sets.

As NWP models underly frequent change in physics,
data assimilation, et€we intend to use a powerful but
feasible feed-forward ANN model and boost its perfor-
mance by,data mining techniques. We develop a data-
driven methodology for'hourly forecasts of wind speed
in ten meéters height above ground level using a feed-
forward neural network. The network will be tailored to
thedespective sites for the nowcasting (1-6 hours ahead)
and the short-range (up to two days ahead). A basic ver-
sion of the ANN enables us to evaluate the impact of dif-
ferent data mining techniques. As sources, we consider
different NWP and observation data and pre-classify the
data to identify relevant features, define spatial relation-
ships, and use temporally related training as well as fore-
casting episodes. To ensure the robustness of the fore-
casts, we setup neural network ensembles. The forecasts
are validated against observations of the Austrian me-
teorological observation system (Teilautomatische Wet-
terstationen, TAWES), the AROME model, a model out-
put statistics (META), and the Austrian nowcasting sys-
tem INCA (HAIDEN etal., 2011).

Our methodology represents the first approach for
Austria addressing wind speed forecasts by machine
learning techniques by utilizing Austrian TAWES data.

The remainder of the paper is organized as follows.
In Section 2 the data sources, input as well as comparing
models, are described. Section 3 gives an overview of
the experiments, the methodology and considered data-
driven techniques, and the reference baseline model. In
Section 4 we describe the results and in Section 5 we
draw the conclusions.

2 Data

The data used in this study are observations from the
Austrian TAWES network! and NWP forecasts of the
Austrian AROME NWP model (SEiTy etal., 2011). We

Thttps://www.zamg.ac.at/cms/en/climate/meteorological-network (English)
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Austrian test locations — A24
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Figure 1: Left: Locations of the selected statiofis with differing altitudes. Right: Vienna topography and station groups.

select two months, one summer‘and<one winter month
(i.e., July 2016 and Januagy 2017) and use a subset of
24 out of the approx. 300, TAWES sites. The selection
of the sites was carried out to represent the different
Austrian climate,zones, (Figure 1). To evaluate the skill
of the proposed methods, we use data of the INCA
model and the model output statistics model META,
which combinesidifferent sources of global and regional,
lagged NWP models.

2.1 Observations

The Austrian TAWES network consists of approx. 300
semiautomatic observation sites unevenly distributed
over Austria. They provide meteorological parameters
every 10 minutes measured two meters (2 m) or ten me-
ters (10 m) above the ground —e.g., 2 m temperature (T),
10 m wind speed (ff), 10 m wind direction (dd), surface
pressure (p), 2m relative humidity, precipitation, sun-
shine duration.

The average wind speed for the selected sites is
2.6 m/s with a left-censored distribution and generally
prevailing low wind speeds. Higher wind speeds tend to
occur in summer more frequently than in winter. The
prevailing wind direction for the selected sites is north-
westerly. Due to seasonal changes, particularly in the
distribution of wind speed and direction, it is meaning-
ful to select training data of the same season as test-
ing data. The characteristics across the sites are sub-
stantially different. This issue becomes particularly rel-
evant if artificial intelligence or statistical models inte-
grate several sites at once without any kind of additional
pre-processing. Sites located in harsh regions, such as
mountain tops, recurrently cause outliers, which need to
be fixed, as we further explain in Section 3.

2.2 Numeric Weather Prediction Models

Numeric Weather Prediction (NWP) models provide a
large variety of meteorological parameters not only for
surface or sub-surface but also in the vertical. Here,
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Table 1: Available NWP models.
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Model Prediction horizon & horizontal Resolution  Update frequency = Used parameters
Frequency

AROME 60 hours; hourly 2.5%x2.5km 3-hourly ff,dd, T, p

Application of Research toOperations

at MEsoscale

ALARO 72 hours; hourly 4.8 x 4.8km 6-hourly ff,dd, T, p

Aire Limitee Adaptation/Application de

la Recherche a I’Operationnel

ECMWEF IFS > 90 hours;hourly 9 X 9km 12-hourly ff,dd, T, p

European Centre for (up to 490 h)

Medium-Range Weather Forecasts
Integrated Forecasting System

Met. parameters: ff: wind speed at 10 meters above ground level, dd: wind direction at 10 meters above ground level, T: air temperature

(ground level), p: surface air pressure

we retrieve only surface layer fields interpolated bi-
linear to the TAWES sites. The surface layer fields
correspond to meteorological parameter near the sur-
face, particularly temperature measured at 2-meters
and wind speed and direction (or their components)
measured 10-meters above the ground. We use data
of three NWP models, namely the AROME (SEITYy
etal., 2011), the ALARO (TErmoONIA etal., 2018), and
the ECMWF IFS (ECMWEF, 2016a; ECMWEF, 2016b)
model (hereafter referred to as the ECWMF model).
AROME and ALARO are both regional non-hydrostatic
models part of the ALADIN family, whereas ECMWF
is a global model. AROME provides the highest reso-
lution in Austria and in the Alpine region with 2:5km
and is a convection permitting model. ALARO/will be
dismissed by the end of 2019. Depending'on the'model,
the NWP output is available between three to six hours
after their initialization due to the NWP’s high computa-
tional complexity. AROME proyides, eight forecast runs
per day. In Table 1 a summary /of the models is given.

2.3 Integrated Nowgasting through
Comprehensive ‘Analysis — INCA

The INCA (Imtegrated  Nowcasting through Compre-
hensive Analysis) model (HAIDEN etal., 2011) is a
dynamical-statistical model providing gridded analyzes
and nowcasting’ fields. The INCA model covers the
whole of Austria including parts of neighboring coun-
tries with a horizontal spatial resolution of 1km. This
resolution is necessary to resolve the complex topogra-
phy of the Alps which is a large part of Austria. It is
initialized every hour for the next 48-hours ahead.

The INCA system combines all available observation
data, weather radar data, topography and background
model data (e.g., gridded forecasts for temperature, hu-
midity, wind, precipitation amount, precipitation type,
cloudiness, and global radiation) to produce a gridded
analysis and forecasts. For the nowcasting-range INCA
uses a weighted combination of most recent observa-
tions and the model led trend of the AROME model.

It employs classical coerrelation-based motion vectors
derived from previous consecutive analyses. After 2—6
forecast hours the,nowcastis merged into an NWP fore-
cast, such as AROME: INCA provides wind speed fore-
casts in-between stations, however, we solely employ
forecasts_ intetpolated to the selected sites for our evalu-
ation. More detail about INCA can be found in (HAIDEN
et alg2011).

2.4 Model Output Statistics (MOS)/META

The META model output statistics uses the information
of available global and regional NWP models includ-
ing lagged versions. It provides weighted forecasts ac-
cording to the skill of the individual NWP models of the
recent past. Recent changes are included via the model
forecast bias of the latest available observations. Similar
to INCA, META processes the wind speed forecasts.

3 Methodology

In Figure 2 an overview of the methodology is given.
Pre-processing and data analysis techniques are applied
to the input data in order to perform feature selection.

3.1 Description of the experiments

In total ca. 350 different settings and test scenarios were
carried out (see Table 2 for a summary). Additionally,
we define two different groups of observation sites. The
first consists of the 24 selected TAWES sites (A24, see
Figure 1) whereas the second focuses on Vienna and its
seven sites with the main focus on the site Wien Hohe
Warte (Figure 1).

Forecasts are validated for two episodes, July 2016
and January 2017, using the average performance and
extreme events (not discussed here). Hourly forecasts
for the next 40 hours ahead are produced for those two
months.
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Geo-Spatial
- station closeness

- altitude, slope
- topography

TAWES network - ALARO

site observations
- every 10 min.
- ff.dd, T, p. ..

- ECMWF
m—
interpolated fields:
-ff,dd, T, p, ...
- different lead times
- different run times

reasonable neighbors
spatial grouping

: préprocessir_lg - l data analysis

FEATURE SELECTION

Geo-Spatial
- station grouping
- indirect by met. data

Time
- which days

- length of time series
- time features

- combination of sources

Figure 2: Overview on the methodology: data sources and feature
selection.

3.2 Feature selection and preprocessing

Features describe the input or output of a machine learn-
ing model. Here, these features are based on observa-
tions and NWP model data (Sect. 2). Wind speed mea-
sured 10 meters above the ground is the target parameter
(denoted henceforth as ff). Wind speed is a continuous,
however also a highly variable meteorological quantity.
It serves as the single output feature of all experiments.

Wind speed and direction is driven by many param-
eters such as topography, sunshine, surface pressure, 1o<
cal and large scale pressure differences, surface rough-
ness, turbulence, and temperature. A careful selection
of input data is needed to be able to reproduce/past ob-
servations in the training period. Even mor€ so toper-
form predictions. Here, observed wind speed (f ), wind
direction (dd), 2m above ground level air temperature
(T), surface pressure (p) proved to_be useful input fea-
tures (experiment not shown here). For NWP data the
following surface level parameters are used: 2 m temper-
ature (temperature in 2 metérs above the ground), wind
speed and direction of the 10 m wind (horizontal wind
measured at 10 meters‘above the ground). Additionally,
we consider a history, of the latest available observa-
tions, including their agei(e.g., 10-minutes old). The his-
tory lengthl of observations is arbitrary and we chose it
empirically through experiments. For the feature selec-
tion of the NWP models, again, wind speed, wind di-
rection, temperature, and surface pressure are chosen.
Missing values in the observation or the NWP data are
replaced using linear interpolation unless the data gap is
too large (e.g., if there are six missing values in a row, or
1-hour of missing data occur these records are omitted).
An in-depth data analysis has shown that the behavior
and relationships between the parameters vary to a very
large extent among the stations. To better consider the
regional differences and the effects of the topography
for each site, location-based data-sets for each station or
a preselected group of stations (see Section 3.4.2) were
generated.

P. Papazek et al.: Feature selection/ensemble learning/ANNs for wind speed forecasts 5

Table 2: Overview on performed experiments, in total ca. 350 (ep. =
test episode, n.u. =non-uniform); (x,y) = (steps of ff+dd+T+p, steps
with only ff); MSE = mean squared error, MAE = mean absolute
error, MAPE = mean absolute percentage error, MSLE = mean
squared logarithmic error (see also Appendix A).

Set of Tested configurations runs/ep.
experiments (forecasts)
Baseline different ensemble interval setups, 6
(preliminary)  network setups ... (8928)
Intervals and  ensemble: 1, 5, 10,15, 20 17
Ensemble interval overlap/disjoint intervals: (25296)
1-sized, 2-sized, Sn.u., 6 n.u, 8A.u
Net 1-5 layers; 16—-100 Neurons 76
Optimization  algo: RMSProp, Adam, SGD; (113088)

Nadam, Adamax, Adagrad
obj.: MSE, MAE, MAPE, MSLE

Time Series full: (1,0), (2,0), (3,0), (4,0), (5,0) 8

Length partial: (1,1), (2,1) (2,2),(1,3) (11904)
Multi Model 1 model: AR (AROME), 9
Input AL (ALARQO), or EC (ECMWF) (13392)
2 models:"AR+AL, AR+EC,
AL+EC
3'models: AR+AL+EC
OBS 4param.: ff +dd+T +p 12
Features 3param.: ff+ T+ p, ff+dd+T  (17856)
2param.: ff+dd, ff+T, ff+p
1 param.: ff
NWP 4 param.:ff +dd +T + p 15
Features 3param.: ff+T+p, ff+dd+T (22320)
2param.: ff+dd, ff+T, ff+p
1 param.: ff
projected: Aff, AT
Rolling, rolling horizon: 120d 12
Fixed, fixed horizon: 30, 60, 90, 120, 150, (17856)
Seasonal 210d
Model seasonal: 1, 2, 3, 4 years (ca. 3 m/a)
Spatial regions.: wl, w2, w3 18
Grouping method: neighborhood, grouping, (26784)
Models similarity
train days: 60, 120
RF Model trees: 10, 50, 100, 150, 300, 500 8
(11904)

To use ANN approaches, one needs to scale the data
between [0,1] as the activation functions are defined to
work within this range and the data i.e., the parameters
can cover different ranges such as wind speed (0 m/s to
35 m/s) and temperature (max. —50 deg C to 45 deg C).
This normalization is also needed to unify the impact of
the diverse input features, i.e., meteorological parame-
ters, that come in very different ranges. Without normal-
ization, such diverse input features may impair learning
their significance for the output. Therefore, all neurons
but also all trees in the random forest use normalized
data. Here, the min-max normalization is used.
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We add time-related features to model temporal rela-
tionships in meteorological data which is otherwise lost
by the feed-forward ANN approach. Examples of time-
related features are the “observation age” and “NWP
forecast age”. The “observation age” is the time be-
tween the predicted time and the time of the observa-
tion record. The “NWP forecast age” gives the most re-
cent NWP forecast’s offset to the observation. Besides,
all input data are pre-processed. For instance, a periodic
function transforms the data before fed into an ANN.

In addition to features extracted from the data di-
rectly (i.e., observations, NWP forecasts), we examine
projected features as input features. They represent the
changing trend of meteorological parameters. For in-
stance, we compute the absolute difference between ad-
jacent time-steps of the NWP forecasts for a selected
meteorological parameter, such as the surface tempera-
ture. These adjacent time-steps would be otherwise not
considered in a basic ANN architecture.

The features of the baseline model and training
episode length are both adjustable, enabling a set of dif-
ferent experiments. We apply a minimum of eight fea-
tures to train the models using the previous 120 days of
data (see the following subsections).

3.3 Baseline model — Random Forests

As an alternative machine learning algorithm to the pro-
posed ANNs, we implemented a Random Forests (RFs)
method (Ho, 1995). RFs comprise a set of decision trees
for regression or classification. As the RF’s output i§ the
mean value of individual tree outputs, an RF can be'seen
as an ensemble method.

For this study, we configure an RF regressor _for the
same input and output features as used in the ANN
methods, and we train and test the .RF with the same
data-set.

The modular choice allows usto gain model flexibil-
ity. Indeed, we can easily switch\between the ANN and
the RF approach by activating the model in the configu-
ration.

As the focus of thisistudy is on the neural network
approaches, not much model tuning was carried out for
the RFs. We investigated different numbers of trees — the
final setup eomprises 150 trees.

3.4 Baseline Artificial Neural Network —
ZiANN

Artificial neural networks (ANNSs) are machine learning
methods used to recognize patterns and solve regression
tasks. A neural network is described by its network
architecture, i.e., the number of layers and connections.
They are inspired by the biological neural networks
constituting brain structures, which involves learning by
identifying characteristics from the processed input data
without prior knowledge. They are based on a set of
connected nodes, the neurons, transmitting a signal in
between them in different layers. The layers arrange the
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Figure 3: Top: The baseline ANN structure for forecasting on target
site; x; represents normalized input features, a; additional features
(i.e. extending the history), and z the normalized output feature. The
length of the input features depends on the configuration of features
from observations and NWP models with an 8-dimensional vector
as minimal/basic setup. Bottom: The ZiANN model: feed-forward
ANNSs applied on pre-classified data-sets (intervals of lead times)
combined with ensemble learning.

neurons into the input layer, the hidden layer(s), and the
output layer. In the simplest case, an ANN consists of
one input, one hidden, and one output layer.

In this study, we follow a supervised learning ap-
proach, thus we train the model by known target val-
ues in the output layer, which improves learning and,
hence, the reliability of results. In our applications we
define the observed wind speeds 10 meters above the
ground as the target values. In particular, a feed-forward
ANN (frequently referred to as multiple layer percep-
tron ANN) is used for all experiments. In Figure 3 the
baseline setup of the ANN is shown. Weighted arcs con-
nect neurons, the processing units of the feed-forward
ANN, to all neurons of the next layer. Each neuron ag-
gregates input values and generates an output value. An
optimization algorithm minimizes the error of the output
by adjusting these weights.

Fine-tuning of the neural network was carried out in
multiple steps. The input/output features, training data
length, and the interaction of various methods were
defined in intensive testing phases for all the experi-
ments separately. ANNs address the network optimiza-
tion problems by gradient descent search algorithms.
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Different gradient descent algorithms, such as RMSpop,
stochastic gradient descent, and the Adam optimization
algorithm (KinGma etal., 2014) were investigated. Re-
sults show that the Adam algorithm performs best in
conjunction with the mean squared error (MSE) and
mean absolute error (MAE) as objective functions for
minimization. Experiments on the number of hidden
layers reveal that two layers are sufficient for most of the
sites. The ANNs run well with medium numbers of neu-
rons, i.e., 50-70. With more neurons, the method tends
to overfit.

The ANN architecture itself was defined for all fol-
lowing experiments, based on the ANN baseline version,
using the Adam algorithm as an optimizer, MSE as the
objective, and two hidden layers with 64 neurons each.
As activation functions, we use the hyperbolic tangent
(tanh) and rectifier/rectified linear unit (relu) and a small
learning rate.

3.4.1 ZiANN - station based approach

The ZiANN station based approach combines three ma-
chine learning methods — feed-forward artificial neu-
ral networks (ANNSs), ensemble learning, and pre-
classification by selected forecasting intervals. There-
fore, this approach is denoted as the ZAMG interval-
based ANN ensemble method (ZiANN, see Figure 3).

For every selected site ZiANN is trained individu-
ally using the data specific to the location. The ensem-
ble learning technique addresses the robustness of the
ZiANN. Ensemble learning refers to training multiple
instances of ZiANN, using the same network atchitec-
ture and training data but applying the randomizeéd jini-
tialization (FRIEDMAN etal., 2001). Randomly “initial-
ized weights serve as a starting point for the eptimiza-
tion process during the training (refined by each iteration
of the optimization algorithm). Hence)one can consider
ZiANN as a non-deterministic model. For the final fore-
cast evaluation, the ensemblesmean 1s used.

To obtain good results/ for all forecasting ranges, a
pre-classification by intervals of the lead time is ap-
plied. Individual ZiANN sub-models address different
forecast horizon intervals, where an interval’s length is
independentiof the neighbouring intervals. Thus, we re-
move complexitemporal relationships of the data and
ease learning.

However, one has to take care not to reduce the
amount of data too much and ensure a certain amount
of training data samples. Therefore, a minimum training
length is needed.

We analyze four possible interval settings (see Fig-
ure 4): (1) uniform one sized disjoint intervals, (2) uni-
form two sized disjoint intervals, (3) non-uniform sized
disjoint intervals, and (4) non-uniform sized overlap-
ping intervals. Uniform, i.e., equally sized,intervals in-
dicate that we (1) associate each interval with one lead
time or (2) with two lead times (i.e., 40 or 20 intervals).
Both apply disjoint intervals, which means to use the
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Figure 4: Different methods for pre-classifying by forecast intervals
(1, 2, 3, 4) investigated in this study; Top: The pre-classification of
the training data set; Bottom: The pre-classification of the testing
data sets

same/forecasting hour in training and testing data. Typ-
ically, relationships in nowcasting are complex and re-
quire many intervals in this range. Non-uniform inter-
vals (3) provide this flexibility to define several intervals
in the nowcasting-range (defined here as +1-6 hours)
and few in later forecasting hours. In (4), we again use
non-uniform intervals. However, we overlap neighbour-
ing non-interval bounds for the training to increase the
amount of training data and variance. The most success-
ful method proved to be the latter, (4) — therefore, only
those results are considered in this study.

3.4.2 ZiANN - spatial grouping approach

Taking spatial relationships and topography into account
generally improve forecasts, especially in complex ter-
rain. For instance, considering northwesterly flows, data
of a site upstream can provide useful information. Fur-
thermore, similarities between observation sites, such as
those along the Danube River, can be exploited to learn
relationships and increase the data-set length.
Therefore, we investigate spatial station grouping
methods: the (8) neighborhood, the (9) grouping, and
the (10) similarity method. The grouping of sites implic-
itly enables ZiANN to consider topography and other
relevant spatial features. Thereby, forecasts for moun-
tainous sites and sites which are challenging for ma-
chine learning methods can significantly improve. For
this study, a spatially interesting group was selected
manually based on knowledge of the research team.
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We plan to replace this method in the future by a
novel unsupervised clustering method (student work by
C. PACHER, 2019, publication to appear).

For the neighborhood method (8) ZiANN learns from
spatial neighbor stations complementing the target sta-
tion. The model receives additional input features to in-
tegrate information from these neighbors. We select a
small group of stations for a target station. The grouping
method (9) uses data of several sites in a (possibly larger)
station group for the training. Here, ZiANN’s training
data is composed of joined data of all stations. Still, it
applies the same model to forecast within the chosen
group. Thereby, the variability and amount of data in
the training data-set increases. However, this requires
stations within a station group to have similar behav-
ior/characteristics. The similarity method (10) combines
both approaches to address sites with too small training
data-sets. Training data using their spatial neighbors ex-
tend the pool of available data. This training data utilizes
the neighbooring station’s input features but the target
stations output values for generating the training data
set. Thus, (10) exploits the relationship and similarity
of neighboring observation sites.

3.4.3 ZiANN - time horizon experiments

Given the nature of meteorological data, ZiANN learns
using recorded observations and past NWP forecasts.
For instance, for hourly issued two-day-ahead forecasts,
training data with at least 30 days of past observations
are needed (see Section 4). We consider different sets_of
training data starting from 30 past days up to 210 days.
Extending training data generally improves the forecast
skill unless it differs too much from the testing 'data.
As data analysis indicates to focus on the same se¢ason,
i.e., periods of similar weather situations, we consider
different temporal horizons.

We use the three following methods: the (11) rolling
horizon, the (12) fixed horizong and, the (13) seasonal
method. For (11), we roll the(time horizon of training
data each day, which results’ in“retraining ZiANN for
every forecast day. For[(12),fwe fix the training data
for several forecastsssWe use, for example, the same
model to forecast for a whole month without retraining.
For (13), we‘use,years,of data where we omit other sea-
sons. With,seasonal data, we fill the data pool by more
useful situations./for the forecast period. In experiments,
the latter works best proving that the season is rele-
vant for weather-related parameters. Method (12) works
equally well as (11) and we, thus, prefer (12) hereafter
for saving computational resources.

4 Results and discussion

In this study, in total ca. 350 experiments (see Table 2)
were performed focusing on three main topics: (I) reli-
able nowcasting and short-range forecasts of wind speed
using machine learning, (II) implement a data-driven
ensemble approach, and (III) apply spatial and tempo-
ral data mining techniques to define the best forecasting
setup.
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4.1 Feature selection results

Different meteorological parameters were investigated.
However, we reveal that for wind speed forecasts, the
parameters temperature (7°), air pressure (p), wind di-
rection (dd), and wind speed (ff) at the surface level
perform best. Other parameters did not improve the fore-
casts to an extent that the extra computational costs
would be justified. Furthermore, it turned out beneficial
to use the most recent with a history of past measure-
ments. Still, the most important parameter is the most
recent observed wind speed f f (see Figure 5). However,
using all parameters improves the forecasts even more.

Investigating the number of past time-steps of the ob-
served parameters showed that fourspast time-steps im-
proved the nowcasting already sufficiently enough even
though up to ten were used (not.shown here). However,
keeping data transfer of various observations sources in
mind, e.g., for wind energy applications, often one does
not get the past ten observations within a reasonable
amount of transfer time: Therefore, using four past time-
steps, i.e., the past 30 minutes, is sufficient enough to
cover recent trends.

Having a portfolio of at least three NWP models we
evaluated if using data of more than one NWP model
improves the forecast skills of the proposed baseline
model (see Section 4.2). ZiANN performs best for the
AROME, the NWP with the highest spatial resolution.
The. AROME model provides an average mean abso-
Iute error (MAE) of 1.40m/s in the investigated test
episodes. However, also ECMWF and ALARO show a
good forecast performance with an MAE of 1.68 m/s
and 1.30m/s. This implies that in the case of not hav-
ing a convection-permitting model such as AROME, the
usage of the ECMWF model would be a good choice.
The ECMWF model, with its reduced variance due to
the coarser topography, most likely might simplify the
learning process as the fluctuations are reduced in con-
trast to the other models. Thus, using less training data
might be sufficient for the ECMWF model. However,
ECMWEF appears to be redundant if AROME is avail-
able in most of our study cases. Investigating a combi-
nation of the three NWP models did not show any fur-
ther improvements. Table 3 shows the resulting scores
(description in Appendix A) of the NWP models and
INCA, an alternative statistical model.

4.2 ZiANN - baseline model results

Results of the baseline ZiANN are evaluated against ob-
servations, NWP model forecasts of ALARO, AROME,
and ECWMEF, and statistic-dynamical model forecasts of
INCA and META. Summarizing the setting of the base-
line ZiANN: as input, the past two available observed
time-steps — as well as — NWP model surface level fore-
casts of wind speed, wind direction, temperature and
pressure for the respective lead times are used. The train-
ing data comprises 120 days before the first forecasting
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Figure 5: Selected experiments showing the influence of the meteorological parameters on the ZiIANN forecasts for the skill-score of the
mean absolute error (SS-MAE) in July 2016. Top: effect of using different features ff, dd, T, p from the observations; center: effect of using
different features ff, dd, T, p of the NWP model AROME. The experiment “proj.-ff/-T” includes all used meteorological features plus the
wind speed/temperature trend. Bottom: using different NWP models and different lengths of time series of the observation(AR:AROME,
EC:ECMWEF, AL:ALAROH=2.2: two historic time-steps with all parameters ff+dd+T+p, two further time-steps with the ff parameter
only). The left column shows tesults for the 24 selected stations in Austria, A24, whereas the right column shows the station Wien Hohe
Warte. As referen¢e model (teferred to as “Ref. model”) we use ZIANN with a basic setting (see SS-MAE plot caption).

day. We train the baseline ZiANN with a single fore-
cast interval (i.e., no pre-classification) and ten ensem-
ble members.

Evaluations of the results show that ZiANN yields an
overall good performance for the two selected episodes
with mean absolute error (MAE) of 1.09 m/s and root
mean squared error (RMSE) of 1.42 m/s(baseline ver-
sion). However, INCA and the persistence model still
outperform the ANN for the first two forecasting hours,
the so-called nowcasting-range, with MAE 0.97 m/s
(ZiANN-120 d) by a reduced MAE of 0.95 m/s (INCA)
and 0.87 m/s (persistence). Results of urban stations,
such as Wien Hohe Warte, imply that ZiANN is still su-

perior to NWPs within the first couple of hours (see Ta-
ble 5). For the remaining forecasting hours, ZiANN is
close to the used NWP. ZiANN generally outperforms
other methods in mountainous terrain like Sonnblick.
These results imply that one has to use a different strat-
egy, especially for the nowcasting-range, to be able to
outperform the persistence model and the two statistical
methods.

In contrast to ZiANN, the RF implementation (us-
ing 150 trees and the same data-set as input) performs
usually very good in the first forecasting hours — it
achieves an MAE of 0.90 m/s in the first six forecasting
hours whereas ZiANN (final configuration: 120d) per-
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Table 3: Overall scores for July 2016: mae = mean absolute error,
corr = correlation, std = standard deviation for a subset of forecast-
ing hours. Top: Alternative models such as NWPs and the statisti-
cal model INCA; bottom: different setups of ZiANN (ZiANN-BL =
baseline version, see Section 4.2; ZiANN-120d = fixed horizon
method with 120 days of training, see Section 4.3; ZiANN-15m =
seasonal method with 15 months of data in 2013-2016, see Sec-
tion 4.5) and the RF model configured with the same data-set and

P. Papazek etal.: Feature selection/ensemble learning/ANNs for wind speed forecasts

150 trees.

INCA
fu |corr mae std

Alternative models

ALARO
corr mae std

AROME
corr mae std

ECMWF
corr mae std

0.62 0.89 1.47
0.53 1.03 1.50
0.49 1.10 1.45
0.48 1.16 1.45
0.46 1.24 1.50
0.44 1.35 1.59
0.43 1.36 1.60
0.43 1.37 1.61
0.43 1.37 1.58
2410.42 1.37 1.57
36(0.40 1.40 1.60
40(0.40 1.40 1.60

O N L BN

—_—
oo N

0.44 1.26 1.00
0.43 1.27 1.01
0.43 1.27 1.02
0.43 1.28 1.02
0.43 1.28 1.02
0.43 1.29 1.02
0.42 1.30 1.01
0.42 1.30 0.98
0.42 1.31 0.96
0.41 1.31 0.98
0.39 1.32 0.98
0.40 1.31 0.97

0.46 1.37 1.42
0.46 1.37 1.42
0.46 1.36 1.42
0.46 1.36 1.43
0.46 1.36 1.43
0.46 1.36 1.43
0.45 1.38 1.45
0.45 1.39 1.46
0.43 1.42 1.43
0.44 1.40 1.41
0.42 1.42 1.43
0.41 1.43 1.42

0.11 1.69 1.00
0.11 1.69 1.01
0.11 1.69 1.02
0.11 1.69 1.02
0.11 1.70 1.02
0.11 1.70 1.02
0.12 1.70 1.01
0.13 1.68 0.98
0.14 1.67 0.96
0.13 1.69 0.98
0.15 1.68 0.98
0.13 1.68 0.97

7.10.43

fu |corr mae std

1.34 1.58|0.41 1.30 O.98|0.43

1.40

Proposed models

ZiANN-BL  ZiANN-120d ZiANN-15m RF-150trees

(12)
corr mae std

(13)
corr mae std

1.43|0.13 1.68 0.98

corr mae std

0.54 0.96 0.95
0.52 0.98 0.94
0.50 0.99 0.93
0.49 1.01 0.93
0.48 1.02 0.92
0.47 1.03 0.92

0.65 0.77 1.13
0.58 0.86 0.99
0.55 0.90 0.97
0.53 0.92 0.93
0.52 0.94 0.93
0.51 0.94 0.89

0.63 0.79 0.97
0.57 0.83 0.93
0.54 0.86 0.93
0.54 0.89 0.94
0.52 0.91 0.90
0.52 0.92 091

0.66 0.74 1«15
0.58 0.83 1.08
0.53 0.8971.07
0.49°0.94 .1.08
0.480.96 1.08
0.46°1.02 1.14

O LN A W=

0.44 1.07 0.91
0.44 1.08 0.89
0.41 1.11 0.86
2410.40 1.09 0.83
36(0.38 1.13 0.81
40(0.36 1.14 0.81

—_—
[c. <l \S]

0.49 0.97 0.88
0.48 0.99 0.94
0.45 1.02 0.95
0.47 1.00 0.91
0.46 1.01 0.86
0.44 1.01 0.85

0.49 0.9570.86
0.46 0.96 0.85
0.4570:990.89
0.44 0.97 0.82
0:4041202 0.76
0438 1.05 0.76

0:43 1.05 1.18
043 1.14 1.34
0.40 1.12 1.09
0.40 1.11 1.09
038 1.14 1.12
0.36 1.20 1.16

f1]0.42 1.09 0.86[0.48 0.9870.94]0.45 0.97 0.83]0.42 1.09 1.14

forms with 0:89m/s and the persistence with 1.10 m/s.
The ZiANN-baseline (i.e., without using intervals in the
nowcasting-range) performs with MAE 1.00 m/s. How-
ever, for later forecasting RF still yields good results
with an average MAE of 1.06 m/s but ZiANN (final con-
figuration) is still better which achieves 0.97 m/s.

Case studies also indicate that ZiANN handles com-
plex situations like mountain tops or events better than
the RF (e.g., MAE of 2.03 m/s by the RF and 1.99 m/s by
ZiANN at the Sonnblick mountain observatory). This in-
dicates that ZiANN is the overall best choice for our ap-
plication. Table 3 and Figure 8 show the performance of
the baseline model along with the input models and the
final variant for the selected stations A24. The, some-
times, sharp bend between lead time 17 and 18 origi-
nates in the specification of the defined forecasting in-
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tervals (see Section 3, Figure 4). This will be changed in
a follow up version using a smoother transition between
the intervals.

4.3 ZiANN - station based interval approach

In these series of experiments ZiANN is trained sep-
arately for every defined forecasting time-step, ev-
ery station and every ensemble member. We exam-
ine four approaches of interval splitting, described in
Section 3.4.1. Using the smallest possible interval size
for uniform intervals, i.e., for a single forecast hour,
generally gives the highest scores in improving the
results, especially in the nowcasting-range (MAE of
0.89 m/s and RMSE of 1.18 m/s in the,forecasting hours
1-6). However, the observations and NWP appear to be
more uniformly weighted beyond ‘thesiowcasting-range
(+6-hours). Therefore, we décided, to use a single inter-
val for the lead time ramging,from seven to 40 hours
ahead. To prevent largeé jumps between lead times, we
overlap the boundaries,of the intervals instead of using
disjoint ones. Ovetlapping by one or two hours performs
best and improves the forecasts and extends the training
data-sets; enabling better learning of the model. Thus, as
the best possible interval method, we employ the non-
uniform 'sized overlapping intervals in the final setup.

Preliminary forecast simulations showed that ZIANN
is \dépendent on the way it is initialized. Therefore,
this_is tackled by applying an ensemble learning tech-
nique using multiple realizations of the forecast and ul-
timately the ensemble’s mean as deterministic forecast
(see Sect. 3.4.1). We determine the number of ensemble
members in a multi-step approach. Our findings indicate
that, generally, using a higher number of ensemble mem-
bers performs best in the nowcasting-range, while five
members seem to be a sufficiently large enough number
for later forecasting hours (hy > 6) in the short-range.
The method itself involves longer computational times
but improves reliability (see results compared to other
methods in Table 3 and Figure 8, ZIANN-BL.: the base-
line version without pre-classification, ZiANN-120d:
best setup of the station based variant using the fixed
horizon training method).

4.4 ZiANN - spatial grouping

To consider spatial relations, we investigate three meth-
ods of spatial grouping: the (8) neighborhood, the
(9) grouping and (10) similarity method (details in
Section 3.4.2). For this part a target site was chosen,
namely Wien Hohe Warte (located in Vienna). In Vi-
enna, seven observation sites are available. They were
grouped, based on e.g., land-use, location, etc. into three
different groups: wl, w2, and w3 (Figure 1).

Results indicate that for the (8) neighborhood method
using data of w2 is performing best for the nowcasting-
range with an RMSE of <1.21 m/s in contrast to w1 and
w3 with an RMSE of <1.22 m/s and <1.25 m/s, respec-
tively. This can be related to the fact that the sites in w2
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G - grouping method (9)

Ref. model: ZiANN-120d
Site(s): Wien Hohe Warte, 198 m a.s.l
—— ZIANN(G-w1-120d)
ZIANN(G-w2-120d)

ZiANN(G-w2-60d)
—— ZIANN(G-w3-120d)

0.045 4
0.030 4
0.015 7
0.000 1 ~,
 —0.015 4
Y —0.030 7

—0.045

—0.060 4

1 4

MAE

7 10 13 16 19 22 25 28 31 34 37
lead time
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N - neighborhood method (8)
Ref. model: ZiANN-120d
Site(s): Wien Hohe Warte, 198 m a.s.1
ZiANN(N-w1-120d) —— ZiANN(N-w2-60d)
—— ZiANN(N-w2-120d) ZIANN(N-w3-120d)

0.03
0.00
-0.03
-0.06
-0.09
-0.12
-0.15 +—rrrr T T T T T

1 4 7 10 13 16 19 22 25 28 31 34 37

lead time

r._.—l

/R Nl

SS-MAE

Figure 6: Skill-score for mean absolute error (SS-MAE) for ZiANN experiments for spatial methods (8, 9) for the station Wien Hohe Warte.
Shown are results for the grouping (left, denoted G) and the neighborhood (right, denoted N) method for different lead times. wi indicates
the cluster, —xyzT the training data length in days and months. As reference model (referred to as “Ref. model”) we use ZiANN trained with

the previous 120 days of the target site only.

share characteristics of being along the Vienna forest re-
gion and more sub-urban than the other sites. Similarly,
as all seven Viennese sites are grouped in w1 this clus-
ter provides good setup, too. This most likely is due to
ZiANN giving more weight to similar sites than to oth-
ers.

Same conclusions can be drawn for the (9) group-
ing method where the spatial characteristics are equally
important. The grouping method yields good forecasts,
especially for beyond the nowcasting-range with RMSE
of 1.29m/s (in total). If stations share similarities, it is
straight forward to use a grouping.

The (10) similarity method is a good method when
all other methods fail due to insufficiently long training
data. Here, we reduced the training data for WiensHohe
Warte and added spatially close stations — it yields a total
RMSE of 1.34 m/s.

Results (Figure 6) show that theq neighborhood
method performs with MAE 0.99 m/§ and the group-
ing with 0.96 m/s, both being significantly,better in the
nowcasting-range, where they reach MAE below 0.9 m/s
in the first hours.

Results in Table 4 show that using the neighbor-
hood method for the nowcasting-range and the grouping
method for stations which share similar characteristics is
the preferred configuration for ZiANN. In complex ter-
rain, the spatial grouping methods overpower the single-
site data miodels (see the previous section). However, es-
pecially the neighborhood method requires a sufficient
amount of data for training (i.e., at least 120 days). Thus,
it is crucial to take the temporal setup into account.

Station grouping is more or less easy when knowing
the sites and having a reduced number of sites. However,
for more sites, one might need to use specific clustering
methods or group stations based on climatic characteris-
tics.

4.5 ZiANN - time horizon experiments

We investigate different lengths of training data and
combinations of seasons and years. In particular, we
evaluate three strategies (details in Section3.4.3): the

Table 4: Results for July 2016 of ZiANN for station Wien Hohe
Warte for four different experiments, namely 120d: the fixed horizon
method (12) with 120 days, 15m:, the seasonal method (13) with
15 months, N-w2-120d: the neighborhood method (8) with the w2
cluster and 120 days<of training data, G-w2-120d: the grouping
method (9) with the w2 cluster and 120 days of training data. Best
performing experiment is written in bold font.

120d N-w2-120d

(12) (13) ®
mae corr! std |mae corr std /mae corr std |mae corr std
0.84 077 1.52|0.85 0.76 1.48|0.80 0.79 1.51|0.84 0.76 1.60
0.89°0.76 1.38(0.94 0.73 1.28[0.88 0.78 1.45(0.92 0.75 1.40
0.95 0.73 1.35|0.92 0.74 1.27[0.92 0.77 1.44|0.97 0.73 1.30
0.97 0.72 1.28|0.94 0.72 1.24|0.94 0.75 1.38|0.99 0.72 1.22
0.96 0.74 1.27|0.94 0.73 1.21{0.94 0.75 1.35|0.99 0.73 1.16
0.96 0.74 1.32]0.93 0.74 1.22]0.95 0.74 1.32|0.94 0.74 1.30
0.96 0.71 1.32]/0.96 0.71 1.20{0.95 0.74 1.26|0.95 0.72 1.24
0.96 0.72 1.33|0.95 0.72 1.23|1.00 0.71 1.31]|0.95 0.73 1.30
1.03 0.67 1.210.99 0.68 1.20|1.06 0.67 1.23|1.01 0.68 1.29
2411.00 0.66 1.16/0.97 0.68 1.15|1.03 0.67 1.17{0.96 0.69 1.16
36(1.04 0.67 1.16|1.04 0.67 1.04|1.06 0.66 1.10|1.02 0.69 1.14
40|1.11 0.64 1.21{1.07 0.65 1.04(1.10 0.65 1.09|1.06 0.66 1.11

7 |O.97 0.69 1.24|0.96 0.71 1.18|0.99 0.70 1.23|0.96 0.71 1.23

15m G-w2-120d

(C)]

> o Oy R LI =

Table 5: MAE in case studies: Wien Hohe Warte (urban), Inns-
bruck (urban), Sonnblick (mountain observatory), Kolm Saigurn
(valley); best setup of ZiANN for the site is chosen (spatial grouping/
seasonal/120 d).

W. Hohe Warte Innsbruck Sonnblick Kolm Saigurn

fu|ZIANN AR |ZiANN AR |ZiANN AR |ZIANN AR
1 080 1.02 | 0.77 093] 145 338 059 137
2| 088 1.02 | 077 093| 1.57 334 062 139
3 092 1.04 | 074 094| 1.74 333| 066 140
40 094 1.05 | 073 095 1.84 335 071 141
5/ 094 1.01 | 074 096| 1.87 333 072 142
6/ 093 098 | 072 097| 1.78 333 073 143
9] 095 1.00 | 0.74 099] 1.88 3.40] 0.75 145
12| 095 098 | 075 1.00| 200 3.41| 083 146
18] 099 1.03 | 0.83 097| 202 3.52| 086 1.44
241 096 099 | 086 096| 1.99 339 0.82 144
36| 1.02  1.04 | 122 098| 214 332| 079 143
40[ 1.06  1.08 | 1.19 096] 2.18 335 078 143
fi] 097 101 | 092 097] 1.99 3.41] 0.79 142
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Fixed horizon method (12) Seasonal method (13)
Ref. model: ZIANN-120d Ref. model: ZiANN-1.5m
Site(s): A24, mean skills Site(s): A24, mean skills
—— ZiANN(30d) —— ZIANN(150d) - -
—— ZIANN(60d) —— ZIANN(210d) ZIANN(2.5m) ZIANN(10.0m)
ZiANN(90d) — ZIANN(7.0m) = ZIANN(15.0m)
0.150 1
0.025 A 0.125 1
0.000 4 w 0.100 4
< b <<
= ~0.025 = 0.075 1
 ~0.050 @ 0.050 1
—0.075 0.025 1
_0.100- T T T T T T T T T T T T 0.000 ) T T T T T T T T T T T T
1 4 7 10 13 16 19 22 25 28 31 34 37 1 4 7 10 13 16 19 22 25 28 31 34 37
lead time lead time

Figure 7: Skill-score for mean absolute error (SS-MAE) for ZiANN experiments of temporal methods (12, 13) — fixed horizon with different
training days and seasonal training — for selected stations in Austria (A24) in July 2016: various number of training days (left) for A24;
extension by the seasonal method (right) for A24 for different lead times. The numbers in parenthesis xxxd indicates the number of training
days and yym the number of training months. As reference model (referred to as “Ref. model”) we use ZiANN trained with the previous

120 days or 1.5 months, respectively.

A24, July 2016 A24, January 2017
—— ZIANN(120d) —— AROME — ZIANN(120d) —— AROME
——— ZIANN(15.0m) — INCA e ZIANN(15m) —— INCA
—— RF: 150 trees — META =—— RF: 150 trees — META
—— ZiANN(baseline) PERSISTENCE —— ZiANN(baseline) PERSISTENCE
16 / 2.0 =
1.8
1.4+ P == Y
<12 <14
s~ s -
1.0 _/f____ﬂ- _ 1.2
1.0
0.8 0.8
1 :1 ]Ir' llﬂ 1I3 1‘6 1I9 2I2 2I5 ZIS 3I1 3I4 I‘;? ]I. :1 ':r' 1I0 1‘3 llﬁ 1I9 2I2 2r5 2IB 3I1 3‘4 3I}'
lead time lead time
Station Wien Hohe Warte, July 2016 Station Wien Hohe Warte, January 2017
— ZIANN(120d) —— AROME — ZIANN(120d) —— AROME
e ZIANN(15m) —— INCA e ZIANN(15m) —— INCA
- ZIANN(G-w2) PERSISTENCE . - ZIANN(G-w2) PERSISTENCE
— ZIANN(N-w2) — ZIANN(N-w2)

MAE

1 4 7 10 13 16 19 22 25 28 31 34 37 1 4 7 10 13 16 19 22 25 28 31 34 37
lead time lead time

Figure 8: MAE of overall best performing experiments for different lead times for (left) July 2016 and (right) January 2017. Top for the
selected 24 Austrian station and (bottom) the station Wien Hohe Warte. If the skill of an alternative model (e.g.: the PERSISTENCE or

META model) deviates to a very large instance from our methods we limit the visualized bounds of the y-axis; used abbreviations: “d” =

days, “m” = months.

(11) rolling horizon, the (12) fixed horizon method, and record time being close to the prediction date. Based on
the (13) seasonal method. an internal study on wind turbine data a retraining every

The rolling time horizon method showed a good per- month or two is advisable. Furthermore, method (11) has
formance (not shown here). Evaluating methods (11) a disadvantage compared to the other methods as it re-
and (12) show that both strategies scale equally well quires to train the model for every initialized forecast
when using 120 days for model training. This indicates run. Thus, in operational environments, it would cost
that the data similarity has more influence than the data additional computational overhead. Therefore, for this

739

740

741

742

743

744

745



746

747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

77

772

773

774

Meteorol. Z. (Contrib. Atm. Sci.)
PrePub Article, 2020

Hohe Warte (Vienna)

—— ZiANN(120d) —— AROME

—— ZIANN(15.0m) —— INCA

= RF: 150 trees — META

——— ZiANN(baseline) PERSISTENCE

7 10 13 16 19 22 25 28

1 4
lead time
[nnsbruck
—— ZIiANN(120d) ~—— AROME
——— ZIANN(15.0m) — INCA
—— RF: 150 trees — META
- ZIANN(baseline) PERSISTENCE

7 10 13 16 19 22 25 28 31 34 37
lead time
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Kolm Saigurn

—— ZIANN(120d) —— AROME
—— ZiANN(15.0m) — INCA
—— RF: 150 trees — META

—— ZiANN(baseline) PERSISTENCE

MAE

7 10 13 16 19 22 25 28 31 34 37
lead time

Sonnblick (mountain observatory, 3106 m)

— ZIANN(120d) —— AROME
—— ZIANN(15.0m) — INCA
—— RF: 150 trees — META

- ZiANN(baseline) PERSISTENCE

7 10 13 16 19 22 25 28 31 34 37
lead time

Figure 9: MAE for four selected stations for July 2016: (top left) Wien Hohe Waite (urban area), (bottom left) Innsbruck (urban area),
(bottom right) Sonnblick (a mountain observatory), and (top right) Kolm Saigurn (valley.station next to Sonnblick observatory). If the skill
of an alternative model (e.g.: the PERSISTENCE or META model) deviates to@ verylarge instance from our methods we limit the visualized

[N

bounds of the y-axis; used abbreviations: “d” = days, “m

study, methods (12) and (13) were further investigated.
Consequently, we apply the fixed horizon for all subse-
quent experiments using a fixed number of days before
the first day of the forecasting episode to trainsthe model.

Results show that for (12) the best{performance
was achieved using 120 days for training ZiANN as
longer periods impose more seasonal changes (see Fig-
ure 7). Through empirically testing the 120 days of train-
ing provided the best performing forecasts for our test
episodes although it slightly exceeds a season. Gener-
ally, the number of days depends, too, on the availabil-
ity of archived NWP data and data complexity. For ex-
ample, ZiANN learns to reproduce convective events if
the data includes them. Similar to statistical models, if
such information is \not present in the training data a
machine learning algorithm is not able to forecast such
events. Furthermore, such relationships are complex to
learn and require sufficient data.

Method (13) omits other seasons by concatenating
similar seasons (13) from multiple years. It is able to
outperform (12) and yields good results for complex sit-
uations. Figure 7 (right) gives an example of the result
of extended training data for the selected Austrian sta-
tions A24. Figure 7 shows different settings of the fixed
horizon and seasonal method. Table 3 includes the re-
sults of the best setup using the seasonal method in
column ZiANN-15m and results on the fixed horizon
method in column ZiANN-120d. In most cases the sea-
sonal method outperforms the fixed horizon method of

= months.

ZiANN. We obtain an MAE of 0.97 m/s and an RMSE
of 1.31 m/s. In the nowcasting-range (1-6 hours) the
MAE is reduced to 0.87 m/s and RMSE to 1.18 m/s.

4.6 Overall results

For the overall evaluation, we compare metrics of
the best-performing experiments of the afore-described
sub-topics against the baseline model, the statistical-
dynamical models INCA and META, the raw NWP fore-
casts, and the implemented random forest (RF) model
(Figure 8, Table 3).

For the nowcasting-range the random forest imple-
mentation does provide good, sometimes even better
forecasts compared to ZiANN. However, in the later
lead times, it is not able to catch up with ZiANN. Es-
pecially for more complex sites such as mountain sites,
the random forest method would need more tuning. As
we aim to improve the forecast skill for all lead times
and effectively tuned ANNs as base models, we stick to
ANNs. Thus, we use the proposed ZiANN model in dif-
ferent configuration for all following experiments. Re-
sults for July 2016 for selected sites (see Figure 9) also
show that the proposed method ZiANN is able to out-
perform the other methods for different topographic set-
tings. Figure 10 shows the distribution of the MAE of the
ZiANN-120d experiment between stations, in total and
the nowcasting range. One can observe that at mountain
tops (i.e., difficult situations) the forecasting quality de-
creases.
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MAE: 1-40 forecasting hours, mean
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Figure 10: Mean MAE for test cases spatial distribution:
(top) 1-40 hours, (bottom) 1-6 hours.

5 Conclusions and Outlook

This study focusses on the development of an opti-
mized setup for a machine learning based nowcasting
and short-range forecasting model for wind speed. The
idea is to develop a system using observations and NWP.
forecasts and combine them in a meaningful way using
an artificial neural network (ANN). The impleménted
ZAMBG interval Artificial Neural Network (ZiANN) in=
cludes ensemble learning techniques, featuré selection
and considers spatial and temporal relations within the
data. Different experiments focusing opdtraining length,
the grouping of several sites, and other more data min-
ing related tests have been carried out using two target
months, July 2016 and January2017.

ANNS, ensemble learning, and feature selection tech-
niques are suitable for fofecasting wind speeds. In this
study, our proposed method includes location-based in-
formation and takes(local ‘data for each considered site
into account. Wind speed-related meteorological param-
eters (e.g., wind speed, temperature) act as input features
of the maodel. The skill of the model improves when ex-
tending both the training lengths of the neural network
as well as the amount of most recent observations. The
latter is particularly important for nowcasting. For the
range beyond the nowcasting-range information of the
most recent NWP forecasts is used. Models with more
input features, no matter if temporal, spatial or meteoro-
logical data, are more complex and cause more compu-
tational costs. This can result in the need for more com-
putational resources without necessarily improving the
forecast skill, sometimes even overfitting, i.e., negative
effects. Likewise, using spatially high resolved NWP
model data needs more training data to enable the neural
network to learn the characteristics of the NWP model.
Therefore, one should select features carefully.
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Results of the experiments show that the final setup
of ZiANN outperforms the raw NWP forecasts and also
statistical-dynamical post-processing methods such as
model output statistics. For the nowcasting-range, the
random forest model proved to be an interesting alter-
native or additional model for a sort of probabilistic
nowcasting. We have to admit, though, that besides the
evaluation of the number of trees no additional hyper-
parameter tuning was carried out for the random forest
model.

Feature selection and considering the spatial and
temporal relations proved to be beneficial for the results
of ZiANN. For all forecasting ranges, pre-classifying the
data-set by forecasting intervals was important. Further-
more, using small forecasting lead-time, intervals in the
nowcasting-range solved the issues of |giving too much
weight to later lead-times in ZiANN. Likewise, the over-
lapping intervals, i.e., for lead-time two with an interval
of +1 hour, thus, including information of lead-time one
and three, even improvedithe results. Additional bene-
fits are that one is able'to cover time-shifts in the NWP
model as well asfincreasing the training data-set.

We significantly ‘outperform other methods by the
station-based »approach. ZiANN yields an MAE of
0.97m/s. where” INCA gives 1.34m/s and AROME
1.40m/s,on average for the investigated test episode and
location<Even the RF implementation provides an MAE
of 1.06/m/s. In the nowcasting-range, we obtain an MAE
smaller than 0.95 m/s. By the neigborhood method, we
surpass the baseline version of the test site of MAE
0.93 m/s by MAE 0.90 m/s. The seasonal method boosts
the results of ZiANN by 0.92 m/s.

This proves that the method is well suited for our test
region and a feasible approach for the nowcasting-range,
too.

In this study, we showed that basic measures for tun-
ing a neural network model for wind speed forecast-
ing already yields good results. Our method is already
part of a semi-operational predicting method in Aus-
tria using all TAWES sits and yields a good forecast
quality (i.e., outperforming other models such as INCA,
AROME, and the persistence). We successfully applied
it to data from wind farms in order to give wind speed
and power predictions at hub height. Thus, we consider
the ZiANN as a robust and efficient forecasting method
for the wind speed. However, there are still open topics
and issues which need to be tackled to further improve
ZiANN. As sites upstream of the current wind direc-
tion provide valuable information one could, thus, use a
weather dependent grouping or unsupervised clustering
method. Also, the tuning of hyper-parameters could still
be investigated more deeply by e.g., automatized param-
eter tuning methods. Limitations of ZiANN are to solely
give wind speed predictions for single locations, not for
longer prediction horizons than the short-range, relying
on sufficient quality checked inputs. In this study, we
could only investigate the forecast skill of ZIANN for
the described time episodes and set of observation sites.
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A Statistical Scores for Deterministic
Wind Speed Forecasts

The following scores are used for evaluation, with Vgps
being the true value of wind speed (ground truth),
Vmod the predicted value, and n the total number of tested
samples:

Mean: a measure for the expected value E[X]:

(A.1)

Mean squared error (MSE): provides the average
squared error (i.e., the deviation of the prediction
model vy,oq from the observation vgps) with

1 i
MSE =~ (obs = fmoa). (A2)

Root mean squared error (RMSE): square root of the
MSE, i.e.:

(A.3)

1 .
rmse = \/ - D " Wobs = Pmoa)?.

BIAS: is defined as the difference between the mean of
the model and the mean of the true values, i.e.:

BIAS = Vnod — Vobs- (A4

Mean absolute error: average absolute difference,be-
tween the model and the true values, i.e.:

1 R
MAE = ; Z [Vobs — Vmbdl- (A.S5)

Standard deviation (S7TD): measures the variation of a
random variable X and single sample x;, i.e.:

STD(X) = n_% Z(xi — 72 (A.6)
i=1

We use $TD(Vod)-

Covariance (COV): is the joint variability of two ran-
dom variables X, Y, to measure whether high values
of one variable correspond with high variables of the
other variable while low values also correspond,

cov(X,Y) = E[(X — E[X])(Y — E[YD]. (A7)

Here, we evaluate COV(Vobs, Vimod)-

Pearson correlation coefficient (CORR): a normalized
version of cov showing the strength of a linear rela-
tion, i.e.:

coV(Vmods Vobs)

CORR = .
Std(vmod)Std(Vobs)

(A.8)
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SKkill Score (SS): evaluates the forecast vy,oq against
another available reference forecast vyef:

_ Score(viod) — Score(veer)
~ Score(perfect) — Score(veer)

(A9)

Score(perfect) is the best value of the used score
(such as MAE = 0m/s). Score(perfect) is zero for
many scores listed above, which simplifies the com-
putation of S'S.
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