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1 | INTRODUCTION

Forecasting, especially probabilistic forecasting, is essential to allow decision makers in power systems to optimally operate and maintain the
grid.1? With the push towards energy systems with high shares of renewable energy sources, forecasting renewable generation, such as wind
power, becomes increasingly important. Forecasting wind power is challenging, as the generation depends on weather variables, such as wind
speed and temperature, in a non-linear and bounded fashion.® Additionally, these weather variables are difficult to forecast and are usually
described by Numerical Weather Prediction (NWP) models, which model the physical relationships of the atmosphere to a certain extent.

When forecasting wind power with the help of weather predictions, two models thus play a role: the NWP model whose output aims to
describe the uncertainty in the weather variables and the wind power forecasting model whose output describes the uncertainty in the wind

power given the weather variables. Within the first model, ensemble predictions, which are different runs of the NWP model, capture the
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inherent uncertainty in the weather variables. These ensemble predictions are known to be biassed and underdispersed; thus, post-processing the
output of these models is done frequently.*~1! Post-processing is used to alleviate systematic biasses in the model and calibrate the forecasts to
past observations, and there is a large body of work discussing optimal post-processing methods for weather variables (see, e.g., the review by
Vannitsem et al.12). Within the second model, i.e., the wind power forecast model, the uncertain input and the model uncertainty (i.e., epistemic
uncertainty) contribute to the final probabilistic forecast. Whilst an optimal forecasting model could theoretically handle all systematic biasses,
post-processing might be useful when this is not the case.

In the wind power ensemble prediction setting, there are thus three ways in which systematic model biasses can be present making post-
processing useful: in the first stage concerning the weather output from NWP models, in the second stage concerning the wind power forecasting
model or in both stages. Pinson and Messner® explain the concept behind post-processing for wind power applications, both before the weather
is used as input to the forecasting model and afterwards. However, they do not evaluate or compare these different approaches. Although the lit-
erature on wind power forecasting is vast (see, e.g., the review by Zhang et al.*®), only a few examples dealing with post-processing exist, for
example, Taylor et al.,** Pinson and Henrik,»> Messner et al'® and Worsnop et al.'” However, each of these papers only uses post-processing for
the weather ensemble data, thus before the weather is used as input to the wind power forecasting model. To the best of our knowledge, no
paper exists which evaluates whether post-processing at other stages benefits the probabilistic wind power forecast more.

In the present paper, we compare different post-processing strategies to determine at which stage in the wind power forecasting process the
post-processing is most beneficial. We analyse whether one post-processing step can account for all previous biasses by only post-processing the
wind power ensembles and compare this one-step strategy to post-processing only the weather ensembles, i.e., assuming the biasses from the
wind power model are negligible. Lastly, we also compare one strategy where we post-process both weather and power ensembles. We use pub-
licly available synthetic benchmark data and wind power data from two bidding zones in Sweden to evaluate these post-processing strategies.
The remainder of the present paper is structured as follows. Section 2 introduces the theoretical background on the NWP model. We then
describe the post-processing strategies in detail in Section 3, before evaluating these strategies in Section 4. Section 5 discusses our approach

before Section 6 concludes the paper.

2 | NUMERICAL WEATHER PREDICTION MODELS

Atmospheric behaviour is chaotic and considered an unstable system which has finite, state dependent limits of predictability.*®'° Numerical
Weather Prediction (NWP) models describe and forecast this atmospheric behaviour, and with it the weather, through solving a system of non-
linear differential equations starting with the current observed atmospheric conditions. As this current state of the atmosphere cannot be fully
observed at any given point in time and space, there remains some uncertainty with regard to the initial conditions of the NWP models. However,
forecasts of non-linear numerical models are highly sensitive to the given initial conditions, and initial errors grow during the forecast.?”2°
Accounting for the uncertainty in the initial conditions is therefore crucial and nowadays quantified with the help of Ensemble Prediction Systems
(EPSs). EPSs generate ensemble forecast by running the NWP model several times with slightly different initial conditions, e.g., adding perturba-
tions to the initial state. Hence, today's weather forecasts provide an inherent probabilistic uncertainty estimate in the form of ensembles of
NWPs. Figure 1 exemplarily shows the ensemble forecast trajectories over time for two consecutive forecast origins and a forecast horizon of
one day. At each forecast origin, the EPS generates ensemble predictions for the specified forecast horizon. The forecast horizon describes the
number of future time steps into which the weather is predicted. With increasing forecast horizon, the trajectories diverge, resulting in an

Wind Speed (m/s)
S

Feb 02 00:00 Feb 02 12:00 Feb 03 00:00 Feb 03 12:00 Feb 04 00:00
Time

FIGURE 1 Anillustration of two ensemble forecast trajectories over a 24 h forecast horizon. The red dotted lines indicate the forecast origins
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increased uncertainty associated with the chaotic behaviour of the non-linear weather system. For more information on NWP, see,

e.g., Bauer et al.Y?

3 | ENSEMBLE POST-PROCESSING STRATEGIES

The focus of the present paper is on evaluating and comparing different post-processing strategies for probabilistic wind power forecasts. Post-
processing is performed to calibrate the forecasts to past observations such that systematic model biasses can be alleviated. As the weather
ensembles from the EPS are already known to be biassed and underdispersed,” different approaches exist in the meteorological literature to cali-
brate ensembles.'? Two of the most common methods are EnsembleModel Output Statistics (EMOS) developed by Gneiting et al.® and Bayesian
Model Averaging (BMA) introduced by Raftery et al.>* Both of these approaches have been successful in post-processing various weather ensem-
bles (see, for example, Javanshiri et al.?2 and Han et al.?%), and the difference in performance between the two models has been shown to be
negligible.2>-2°> However, EMOS is computationally far simpler than BMA,2>2% and currently, operational implementations of post-processing at
weather services focus almost exclusively on EMOS.”1? For these reasons, the present paper focuses on EMOS T when comparing post-
processing strategies. In the following, we describe the EMOS post-processing method in detail, before discussing how it is used in our different

post-processing strategies.

3.1 | Ensemble model output statistics

The EMOS method for ensemble post-processing, developed by Gneiting et al.,2 is based on non-homogenous regressions. The standard EMOS
approach is designed for ensemble members that are individually distinguishable; however, the present paper uses ensemble members from the
European Centre for Medium-Range Weather Forecasts (ECMWF). These ECMWF ensemble members are classified as singular vector synoptic
ensembles and therefore exchangeable.?”-?8 Exchangeable ensembles represent equally likely future scenarios and have no distinguishing features
or ordering. Thus, they are ensembles with a joint distribution function that is invariant under permutation of the arguments.2’ This exchangeabil-
ity implies that, for example, the ensemble labelled as first ensemble member x; at forecast origin t is not related to the ensemble member with
the same label at forecast origin t + 1. Given exchangeable ensembles, EMOS expresses a univariate weather quantity Y in terms of a multiple lin-

ear regression on the M ensemble members, with equal weights for each exchangeable ensemble member,” i.e.,

M
Y:a+b-fo+e. 1)

i=1

Hereby, x4,...,xpm are exchangeable ensemble forecasts, a,b are regression coefficients and e is an error term with a mean of zero. Given this
deterministic forecast, we can create a probability density function or probabilistic forecast by assuming a distribution. The parameters of the dis-
tribution can then be modelled given the mean and variance of the individual ensemble members. For example, assuming a normal distribution for
the corresponding weather variable, we use the regression on y as an approximation for the mean y and approximate the variance 62 as a linear
function of the ensemble spread

6?=c+d-S?, 2)

where 52 is the ensemble variance and ¢ and d are non-negative coefficients. The resulting parametric model is then given by

M
Y|xg,... xM~N<a+b.Zx,-,c+d.sz>. (3)

i=1

Different variables require a different choice of distribution; for example, wind speeds are restricted to positive values and exhibit a skewed
distribution, and EMOS can be easily extended to these other distributions.®

In order to estimate the EMOS coefficients, Gneiting et al.® use a minimum Continuous Ranked Probability Score (CRPS) estimation which is
based on the minimum contrast estimation approach. The CRPS is a measure for calibration and sharpness of a predictive cumulative distribution

function F and is given by

TWe also implement BMA and compare its performance to EMOS when calibrating individual weather ensembles. Through this experiment, we confirm the higher computational cost for BMA
and observe that the calibration performance for individual weather ensembles was inferior to EMOS. Based on these results, we only consider the better performing and widely used EMOS
method when comparing different post-processing strategies. We discuss this decision further in Appendix A.1.
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CRPS(F,y) :JR(F(yH{ysy})zdy, )

with y the verifying observation and 1 denoting an indicator function. Gneiting et al.2 show that the CRPS can be expressed as an analytical func-
tion and the EMOS coefficients that minimise the CRPS can be found through the Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm.

The general aim of post-processing and using EMOS is to obtain calibrated forecasts. To check whether a forecast is calibrated, we look at
the probability integral transform (PIT).2° If F denotes a fixed, non-random predictive cumulative distribution function (CDF) for an observation Y,
the PIT is the random variable Zg = F(Y). It is known that if F is continuous and Y ~ F, then Z¢ is standard uniform. Thus, ideally, the PIT from the
given forecast is uniform. In the discrete case, where we do not have a CDF but instead multiple ensemble members, the PIT can be described by
the verification rank histogram.3! The verification rank histogram contains multiple bins formed from two ordered neighbouring ensemble mem-
bers. Since in an ideal ensemble system the verifying ensembles are equally likely to fall within any of these bins, a rank histogram is also ideally
uniformly distributed. Whilst based on slightly different principles, we interpret both PIT histograms and verification rank histograms in the same
way.®! Figure 2 sketches the key information present in these histograms. If the post-processing is successful and the forecasts are calibrated,
then we observe a uniformly distributed histogram. If the forecasts are underdispersed (i.e., they underestimate the true spread), then there are
more observations in the outlying bins and less in the middle. When there is more mass in the middle of the histogram however, this is a sign of

overdispersion (i.e., the forecast overestimates the true spread).

3.2 | Strategies

The focus of the present paper is the evaluation and comparison of different post-processing strategies for probabilistic wind power forecasts.
Each strategy we evaluate starts with the raw weather ensembles, includes a forecasting model and has some form of probabilistic wind power
forecast as output, which is then evaluated using the CRPS (see Equation 4). The strategies differ in their use of the above introduced EMOS
post-processing. Figure 3 provides an overview of the forecasting process given the four different strategies, and we introduce each strategy in
detail in the following.

The first strategy we introduce is called Raw. This strategy serves as our benchmark and does not include any form of post-processing. All
available M ensemble members from the EPS are fed through the same forecasting model individually, resulting in an ensemble of wind power
forecasts with M members. As the result of this strategy is not an analytical form of a distribution function, we cannot use the above CRPS for-

mula to assess the quality of the forecast. Instead, we use the sample-based CRPS which relies on the empirical cumulative distribution function,
. 1M
F ==Y X<y}, 5
m(y) M,; {Xi<y} (3)

and is calculated using

R 1 M 1 M M
CRPS(Fuy) =37 >_IXi—yl =505 > X=Xl (6)
i=1 i=1 j=1
Underdispersion Calibrated Overdispersion

FIGURE 2 A sketch illustrating how to interpret PIT/ verification rank histograms. The ensembles are underdispersed if there is more mass in
the outer bins (left diagram) and overdispersed if there is more mass in the central bins (right diagram). Well-calibrated ensembles are uniformly
distributed (middle diagram)
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FIGURE 3 An overview of the post-processing possibilities available. We identify four strategies: no post-processing (Raw), post-processing
only the power ensembles (One-Step-P), post-processing only the weather ensembles (One-Step-W) and post-processing both weather and power
ensembles (Two-Step-WP)

In the second strategy, One-Step-P, post-processing is applied once for the final wind power forecasting model. This strategy relies on the
assumption that post-processing the wind power ensembles also accounts for the biasses in the weather ensembles. We again start with the M
raw ensemble members and feed them individually through the forecasting model. In contrast to the Raw strategy, the resulting ensemble of wind
power forecasts is post-processed. Thus, we fit the ensemble of wind power forecasts to the historical wind power generation using a rolling
EMOS approach, where the parameters are estimated every day on the basis of the past 40 days. Following Gneiting and Katzfuss,>? we assume
a truncated normal distribution for the wind power using J\/'[Bm) (y,az), with location u =a -+ bx and scale 62 =c+dS? as an affine function of the
ensemble variance §? :%Zzl(x,- 77)2. The resulting wind power forecast can then be evaluated using the CRPS for truncated normal

distributions

CRPS(Frn.y) =0 [y —L0(u/0) 20((x— 1) /0) + Olu/o) = 2) +20((y — 1)) Dl /) —%@(@/0)] [®(u/0)] 2. (7)

As an alternative, we also consider a gamma distribution for the wind power. For simplicity, the main paper focuses on the results using the
truncated normal distribution, with the almost identical gamma distribution results presented in the Section A.2.

In the third strategy, One-Step-W, we post-process only the weather ensembles. Thus, instead of using the raw ensembles, as for the two pre-
vious strategies, we post-process the ensembles and then draw M independent samples from each of the resulting calibrated weather distribu-
tions. Whilst independent sampling does ignores possible dependency structures that exist between weather variables, Phipps et al* show that
restoring these structures with methods such as Ensemble Copula Coupling (ECC) has no noticeable effect on the results. Therefore, we only con-
sider a simple independent sampling method for this paper. Furthermore, we select M samples to replicate the number of raw ensembles available.
Overall, the One-Step-W strategy relies on the assumption that all biasses in the wind power forecast can be eliminated by accounting for the
biasses in the weather ensembles. For the post-processing, each weather variable is considered separately, and for each weather variable, we use
EMOS with a rolling training window to estimate the parameters for the appropriate distributions. We use the distributions as suggested by
Gneiting,7 thus a normal distribution for temperature, a normal distribution for the u- and v-components of wind and a truncated normal distribu-
tion or a gamma distribution for wind speed.* Given these distributions, we draw M independent random samples from each distribution to form
weather calibrated ensemble members. We then feed these sampled ensemble members through the forecasting model, resulting in an ensemble
of wind power forecasts whose accuracy can be assessed with the sample-based CRPS from Equation 6.

In the fourth and last strategy, Two-Step-WP, both the weather ensembles and the ensemble of wind power forecasts are post-processed.
This strategy relies on the assumption that neither of the one-step approaches can sufficiently account for all biasses in the models and data and
the forecasts should be post-processed at all stages in the forecasting process. Thus, the two one-step strategies are coupled together, where we

*Again, the gamma and truncated normal distribution delivered similar performance. For simplicity, we focus on the results from the truncated normal distribution in the main paper and report
full results in Section A.2.
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first apply the procedure described for One-Step-W to the weather ensembles and then One-Step-P to the ensemble of wind power forecasts. The

distribution choices, parameters and CRPS calculations remain the same as for the individual strategies.

3.3 | Forecasting model

We aim to evaluate ensemble post-processing at different stages in the forecasting process; thus, we also need an appropriate wind power fore-
casting model. This forecasting model should represent the relationship between the different weather variables and the wind power and, in con-
trast to a manufacturers' wind power curve model, can be estimated regardless of the turbine type and for aggregated wind power values
(e.g., the sum of wind power from a large region with an unknown number of wind turbines). Since we focus on the comparison of different post-
processing strategies and not raw forecast accuracy, we want the models to be simple, common in the literature and lightweight with respect to
parameter optimisation and computation time. Research has shown that post-processing generally improves regression results, even when deep
learning methods are applied (see, e.g., Kuleschov et al.2*), and therefore, we expect the post-processing performance to be similar independent
of the model chosen. We therefore choose one linear model, namely, a linear regression,® as a simple benchmark model and one more complex
non-linear model, namely, a random forest.3¢ Furthermore, to show the robustness of our results, we additionally implement an alternative linear
regression model based on Zhang and Wang®” and a simple artificial neural network as an alternative non-linear forecasting model. In the follow-
ing, we describe the linear regression and random forest models as well as how we measure the forecasting accuracy. The additional linear regres-
sion and neural network models are presented in Section A.2.
The linear regression model which we use to forecast the wind power given the weather input can be described with

K

J
Yerh =Po+ Yeih-2a+ Zﬁkwl;+h + ZJ’;D{M +Eteh, (8)
=1 =1

where y; is the dependent variable, which in this case is the wind power; y;_»4 is the actual wind power a day before; WK are weather time series,
such as wind speed, the u-component of wind, the v-component of wind, surface pressure and temperature; and D are dummy variables, such as
the season, the month and the year. The models are fitted for each forecast horizon h = hq,...,hy with hy < 24, using actual historical weather data
in order to describe the real relationship among the variables and remove any bias fitting on historical weather forecasts or ensembles could intro-
duce. Each ensemble x;...xp from the EPS is then used in a separate prediction run for each forecast horizon to generate an ensemble of wind

power predictions with the previously fitted regression coefficients

K J
N ~ . ~ Ak R i .
Yirh(X1,ee0XM) = Po+ QY tin_24 + E ﬂkWt+h(X1v~"vXM)+ E ]/th{Jrh + &t 9)
=1 =1

In order to better forecast non-linear dependencies, we also implement a random forest. Random forests are a statistical learning method and
are additionally to their ability to model non-linearity also robust to errors when unnecessary predictors are included. Random forests create sev-
eral de-correlated regression trees to form a collection of solutions. These de-correlated trees are fitted by selecting a subset of features at each
candidate split. The final prediction is then the average over all regression trees. We use a random forest with 500 trees and the same input vari-
ables as for the linear regression to predict the wind power. Giving the random forest the full set of input variables available, specifically multiple
weather features, allows it to automatically identify the most important features and hereby generate accurate forecasts. The parameters of the
random forest are, equivalently to the linear regression, estimated using the historical values, whilst the probabilistic ensemble forecasts are gen-
erated by running the forest on each ensemble member.

The forecasting strategy is the same, regardless of the specific forecasting model. Given the forecast origin, we use weather forecasts Wf +h
from the EPS to predict the wind power y;.,, for each of the forecasts horizons h (between 3 and 24 h and determined by the temporal resolution
of the EPS). Additionally to the weather variables, we also include historical wind power generation from 24 h before the prediction time and

dummy features D,

NWP model and the calibration process relies on these observations, we do not include historical weather information as a specific input for our

such as the time of day or month. Due to the fact that the historical weather observations are implicitly included in the

prediction models. All forecasting models are implemented in R, and for the random forests, we use the randomForest package.® We apply the
forecast strategy explained above for every post-processing strategy shown in Section 3.2, such that the forecasting strategy does not influence
our comparison. To assess the performance, we calculate the average CRPS over all time steps t =1,...,N in the test set

Shttps://cran.r-project.org/web/packages/randomForest/randomForest.pdf
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1
CRPS :NZICRPS(Ft,yt)A (10)

N
t=

As we are mainly interested in a fair comparison of our post-processing strategies, we also calculate the CRPS Skill Score (CRPSS). This score
measures the improvement in CRPS when compared to a given benchmark model. In our case, the CRPSS is calculated for all post-processing strate-
gies with respect to the Raw strategy as the benchmark. We report the CRPSS as a percentage, where positive results indicate an improvement.

4 | EVALUATION

Given the four ensemble post-processing strategies introduced in the previous section, we want to evaluate their performance by comparing the
accuracy, sharpness and calibration of the resulting wind power forecasts. Before we report the results, we introduce the two data sets we use:
an open source benchmark data set (Section 4.1) and a data set with real wind power generation data from two bidding zones in Sweden
(Section 4.2). In Section 4.3, we present the results of different post-processing strategies using only the truncated normal distribution, whilst the

results of further experiments with different distributions are reported in Section A.2.

4.1 | Benchmark data

Due to the lack of open source wind power data for specific wind parks, we generate benchmark wind power using the Renewables.ninja AP1.1
Staffell and Pfenninger®® verify that the simulation and bias-corrections implemented in the Renewables.ninja API are capable of reproducing
accurate wind power time series. We replicate two real German wind power parks, one onshore and one offshore. Table 1 shows the parameters
which we use, where we selected turbines with similar characteristics than those installed using the wind turbine database.”

We use The International Grand Global Ensemble (TIGGE) archive! to access open source ensemble weather data. TIGGE archive is a result
of The Observing System Research and Predictability Experiment which aimed to combine ensemble forecasts from leading forecast centres to
improve probabilistic forecasting capabilities.>” The archive includes a limited sample of the ECMWF ensembles from October 2006 until the pre-
sent. The limitations are placed on the available forecast horizons (only in steps of 6 h instead of 3 h in the licenced version of the EPS), the num-
ber of weather variables (e.g., wind speed and wind components are only available at a height of 10 m and not also on 100 m) and a reduced
spatial resolution compared to the operational EPS. TIGGE archive is however publicly accessible and data can be downloaded through the MARS
API. We use weather data for the same locations as the synthetically generated wind power data (see Table 1). We include the parameters tem-
perature at 2 m above ground, surface pressure, u-Component and v-Component of wind at 10 m and wind speed, for the period from February
2017 until August 2018. The limited time span of data available is due to damaged tapes in TIGGE archive which affected all ensemble data, and
the aforementioned period is the longest available with continuous weather data at the time of writing. For the ground truth historical weather
data, we use the ERA5 reanalysis data.?® This data are accessed via the Copernicus Climate Data Store (CDS) APL.” Here, the same locations and
identical parameters are included. When working with the benchmark dataset, we use the entire year 2017 for training and the remainder of the
data (01.2018-08.2018) for the evaluation.

In order to allow replication of the results and further development of the methods presented in the current paper, the ensemble weather data
and the synthetic wind power time series are made available through GitHub (https://github.com/KIT-1Al/EvaluatingEnsemblePostProcessing). Due

TABLE 1 Configuration parameters used to generate the wind power time series with the Renewable.ninja API

Onshore benchmark Offshore benchmark
Coordinates 51.0° N, 10.5° E 54.5° N, 6.0° E
Time span 01-02-2017 to 31-08-2018 01-02-2017 to 31-08-2018
Capacity 130 MW 400 MW
Turbine height 95 m 90 m
Turbine type Vestas V90 2000 Gamesa G128 5000
Similar real windpark Windfeld Wangenheim-Hochheim-Ballstadt-Westhausen BARD Offshore |

Twww.renewables.ninja.
#https://en.wind-turbine-models.com/turbines
Ihttps://apps.ecmwf.int/datasets/data/tigge/
**https://cds.climate.copernicus.eu/home
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to licencing constraints, the ERA5 reanalysis data must be downloaded separately. We provide instructions for downloading and formatting the

reanalysis data in the repositories documentation.

4.2 | Swedish data set

The second data set we use contains data from the Swedish electricity system. The Swedish electricity system is divided into four sub-areas or
bidding zones.** The division of the electricity system into sub-areas has several purposes.*? One purpose is to create regional price differences
between the sub-areas. This is an incentive for cost-effective further development of the electricity system, as new power plants will be built
where there is a shortage of electricity. Another purpose is that state-owned Svenska Kraftnat, which operates the national grid, should receive
indications about where the national grid needs to be strengthened to be able to transfer enough electricity to the other sub-areas. A third pur-
pose is to comply with EU legislation and thereby facilitate the continued integration of the Swedish electricity system with the European electric-
ity market.

In the present paper, we focus on the area contained in bidding zones 3 and 4, for two reasons. First, the large majority of wind power gener-
ation occurs in these two bidding zones (see Figure 4). Second, these are the two bidding zones in Sweden that are sometimes faced with a lack
of electricity.*?> Whilst in northern Sweden the supply of electricity is normally greater than the demand, transmission capacity between north and
south of Sweden is not always sufficient to transfer the demanded electricity, and this can lead to bottlenecks.*?

Weather data for bidding zones 3 and 4 consist of the ECMWF EPS (Molteni et al.?’) and also the ERA5 reanalysis data C35.%C We use the
EPS as the foundation for probabilistic forecasting methods and again use the ERA5 reanalysis data as the ground truth for the post-processing.
Table 2 summarises the key aspects of the data. The weather data available are in a grid-based format. This means that atmospheric models are
used to create a NWP for certain geographical grid-points on earth. Since we are not considering a single wind park but looking at the aggregated
wind power generation for each bidding zone, we considered all of these grid points in the form of a weighted average. The weighted average is
calculated as follows; first, each of the data points is sorted into the appropriate bidding zone based on the geographical specifications

FIGURE 4 A map of Sweden with the four bidding zones shown through the border lines. The distribution of wind turbines is indicated by
the blue circles. The figure is adapted from Olauson and Bergkvist*®

TABLE 2 A summary of the key characteristics of the weather data available for the use case in Sweden

Characteristic Notes

Temporal dimension 05.01.2015 to 31.08.2019

Spatial dimension 11° E-19.5° E 54° N-62.5° N

Spatial resolution Grid resolution of 0.25° x 0.25°

Forecast time Forecasts for up to 24 h ahead made at 00:00:00

Forecast horizon One step ahead forecasts for 3, 6,9, 12, 15,21 and 24 h

Weather variables 100 m u-component of wind, 100 m v-component of wind, 100 m wind speed, 2 m temperature, surface pressure
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(see Figure 4); then, a weighted average of every point is calculated. Due to a lack of accurate location data for various wind turbines in Sweden,
a rudimentary weighted average method is used; areas with a high concentration of wind turbines are given double weighting, whilst those areas
with a lower concentration only receive a standard weight. As seen in Figure 4, the doubly weighted areas include a central area in bidding zone
3 and the coastal areas in bidding zone 4.

The wind power generation data are available through the open source transparency platform which is operated by the European Network of

Transmission System Operators (ENTSO-E).**

The transparency platform provides aggregated onshore wind power generation data at an hourly
resolution from the 05.01.2009 until present. These data are aggregated for each bidding zone in Sweden (zones 1-4), where we consider bidding
zones 3 and 4 in the present paper. We use data from 2015-2017 for the training of our models and then from 01.2018-08.2019 for the evalua-
tion. Table 3 provides a statistical summary of the wind power generation data collected. The data collected are the raw wind power generation
in Megawatt and therefore affected by structural changes such as an increase in capacity, outages due to maintenance and upgrades to wind

turbines.

43 | Results

In this section, we present the evaluation results given the different post-processing strategies and the forecasting models introduced in Section 3.
We start with the results for the benchmark data set (Section 4.3.1) before reporting the results for the Swedish data set (Section 4.3.2).

TABLE 3 A statistical summary of the wind power generation data for both benchmark data sets and for bidding zones 3 and 4 in Sweden

Onshore benchmark Offshore benchmark Bidding zone 3 Bidding zone 4
Minimum 0.13 MW 1.2 MW 3 MW 2 MW
1st quartile 11.31 MW 125.6 MW 278 MW 167 MW
Median 23.53 MW 236.8 MW 568 MW 352 MW
Mean 29.12 MW 223.9 MW 670.96 MW 447.55 MW
3rd quartile 40.04 MW 333.2 MW 967 MW 664 MW
Maximum 128.83 MW 385.6 MW 2246 MW 1463 MW

TABLE 4 Summary of mean CRPS on the test data for the benchmark data sets and for all forecast horizons

Data set 6h 12 h 18 h 24h
Linear Raw 3.91 5.60 5.67 6.08
Linear One-Step-P 3.53 4.88 5.71 5.76
Linear One-Step-W 3.81 5.26 5.51 5.90
Onshore Linear Two-Step-WP 3.48 4.97 5.68 5.77
Benchmark Random Forest Raw 3.98 5.34 5.68 5.84
Random Forest One-Step-P 3.61 4.63 5.84 5.38
Random Forest One-Step-W 3.97 4.53 5.78 5.83
Random Forest Two-Step-WP 3.67 4.34 5.84 5.70
Linear Raw 18.98 23.51 25.46 2411
Linear One-Step-P 17.92 22.23 24.85 23.44
Linear One-Step-W 18.74 23.31 24.51 23.88
Offshore Linear Two-Step-WP 17.30 22.08 24.28 23.49
Benchmark Random Forest Raw 20.77 23.80 25.00 25.54
Random Forest One-Step-P 19.47 22.15 24.24 23.83
Random Forest One-Step-W 21.45 23.22 2541 24.93
Random Forest Two-Step-WP 20.47 22.43 25.56 24.08

Note: The best prediction for each strategy, forecast horizon and model is highlighted in bold.
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Benchmark data

We first perform the different post-processing strategies on the benchmark data set and evaluate the calibration and sharpness based on the

above introduced CRPS and PIT/ verification rank histogram for both forecasting models with varying forecast horizon. Table 4 summarises the

mean CRPS for the onshore and offshore benchmark data set with the best value highlighted in bold. We can see that for almost every model and

every forecast horizon either the One-Step-P or Two-Step-WP post-processing strategy perform the best. Figure 5 plots the CRPSS for each
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FIGURE 5 The CRPS skill score plotted against the forecast horizon on the test data for the onshore benchmark (top figure) and the offshore

benchmark (bottom figure). Positive values indicate an improvement over the Raw strategy in per cent. In general, post-processing leads to an
improvement in forecasting performance, although only post-processing the weather has little impact or performs slightly worse
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FIGURE 6 An overview of the post-processing results for a forecast horizon of 12 h on the onshore benchmark data set. Although each
individual weather variable is calibrated before the wind power forecast, this does not result in a calibrated wind power ensemble. In order to
achieve a calibrated wind power ensemble, post-processing after the wind power forecast is required
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post-processing strategy across all forecast horizons. We see that post-processing almost always leads to an improvement in CRPS when com-
pared to the Raw strategy. The improvement depends on the forecast horizon and the data set, but is typically between 5% and 15%.

We next take a closer look at the calibration, i.e., PIT/ verification rank histograms. For brevity's sake, we focus in the following on the
onshore data set and pick a forecast horizon of 12 h (note that the other data set and forecast horizons behave similarly and are therefore not
presented in detail). The effect of the various post-processing strategies on the calibration is shown in Figure 6, where we plot the different verifi-
cation rank histograms and PITs at each forecasting step. The raw weather ensembles for wind speed, temperature, and the u-component of wind

TABLE 5 Summary of mean CRPS on the test data for the use case in Sweden for all forecast horizons

Data Set 3h 6h 9h 12h 15h 18h 21h 24h
Linear Raw 57.84 78.46 81.03 79.75 86.20 89.05 89.06 93.33
Linear One-Step-P 47.30 55.99 62.01 67.39 67.31 64.36 67.17 68.00
Linear One-Step-W 64.51 86.61 90.05 87.27 96.89 99.55 97.95 98.99
Bidding Linear Two-Step-WP 47.08 55.32 62.04 65.56 66.86 63.70 67.05 65.83
Zone 3 Random Forest Raw 60.71 7131 69.72 67.74 73.39 82.01 83.67 88.09
Random Forest One-Step-P 46.08 50.28 55.09 55.96 55.17 53.44 57.83 58.86
Random Forest One-Step-W 69.96 79.95 78.21 76.50 82.77 90.38 91.47 91.15
Random Forest Two-Step-WP 45.20 49.92 55.48 54.27 55.36 53.95 57.34 57.24
Linear Raw 41.75 4991 50.93 63.17 63.85 53.27 51.46 51.21
Linear One-Step-P 36.17 41.60 43.15 49.68 53.51 47.86 45.92 43.69
Linear One-Step-W 4191 51.20 51.85 57.17 61.52 52.86 51.24 48.86
Bidding Linear Two-Step-WP 35.78 41.24 43.38 50.61 54.43 47.50 47.15 43.14
Zone 4 Random Forest Raw 36.97 41.33 40.74 50.67 51.60 45.54 42.26 39.41
Random Forest One-Step-P 34.33 38.25 39.30 44.60 48.02 44.28 41.72 38.18
Random Forest One-Step-W 36.81 4291 41.94 46.51 51.16 46.24 43.16 38.31
Random Forest Two-Step-WP 33.52 38.25 39.21 43.95 48.08 44,74 42.04 37.33

Note: The best prediction for each strategy and each forecast model is highlighted in bold.
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FIGURE 7 The CRPS skill score plotted against the forecast horizon on the test data for both bidding zone 3 (top figure) and bidding zone

4 (bottom figure) in Sweden. Positive values indicate an improvement over the Raw strategy in per cent. Post-processing the final power
ensemble, either directly or as part of a two-step process, clearly improves the forecast, whilst only post-processing the weather ensemble leads
to worse or similar forecast performance
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measured at 10 m show a clear positive bias and are slightly underdispersed. The v-component of wind measured at 10 m does not show the
same positive bias but is also underdispersed. After the weather ensembles are post-processed, the resulting PIT histograms appear almost uni-
form. Interestingly, the v-component of wind now appears to be slightly overdispersed which indicates an overcorrection in the post-processing.
The wind power ensemble forecasts generated with the raw weather ensembles are underdispersed, but there is almost no improvement when
the post-processed weather ensembles are used. The ensemble forecast from One-Step-P appears uniform, whilst the PIT histogram for Two-
Step-WP also indicates a slight overcorrection with overdispersion present.

43.2 | Swedish data

This section focuses on the evaluation of the Swedish data set. We again evaluate the mean CRPS (a summary of these values is shown in
Table 5) for each model and each forecast horizon. We also consider the CRPSS in Figure 7, where the improvement in CRPS compared to the
Raw strategy is plotted for each bidding zone in Sweden against the forecast horizon. Considering bidding zone 3, we see that processing the final
power ensemble (One-Step-P or Two-Step-WP) leads to vast improvements in CRPS, with a CRPSS ranging between 20% and 40%. However, the
One-Step-W strategy, which only processes the weather ensembles, leads to a decrease in performance of approximately 10%. For bidding zone
4, the results are similar. Calibrating the power ensemble again results in clear CRPS improvements, whilst only calibrating the weather ensembles
leads to slightly worse performance, or performance very similar to the Raw strategy (excluding a forecast horizon of 12 h). Furthermore, we
observe that although the mean CRPS for different forecasting models (linear regression and random forests) are noticeably different, the CRPSS
results are very similar. This can be observed on both the bidding zone 3 and bidding zone 4 data set.

Additionally to the mean CRPS, we also consider box plots of the CRPS to help assess the effect of post-processing on the spread of the fore-
cast, i.e., the sharpness. Figure 8 shows these box plots of all CRPS for a forecast horizon of 12 h, exemplary for bidding zone 3 in Sweden. A
smaller box indicates a sharper forecast. Figure 8a details the performance of the linear model, and it can be seen that both One-Step-P and Two-
Step-WP improve the spread of the CRPS quite noticeably. One-Step-W has little effect on the median CRPS but does lead to a larger spread,
suggesting that this model struggles with values that are difficult to predict.

For the random forests (Figure 8b), the CRPS is smaller (note the scale of the y axis). Apart from an overall improvement in CRPS, the sharp-
ness results are similar to the linear models. There is no clear improvement in median, but both One-Step-P and Two-Step-WP strategies show a
noticeably smaller spread in CRPS values. This smaller spread is an indication that the post-processing results in a better approximation of those

values that are normally difficult to predict (i.e., result in a large CRPS value), even if the median accuracy is not noticeably different.

5 | DISCUSSION

The results above show that post-processing the ensembles leads to more accurate wind power forecasts. As the two strategies which include
post-processing the final wind power ensemble (One-Step-P and Two-Step-WP) outperform the others (One-Step-W and Raw), this final post-
processing seems crucial. Only post-processing the weather (One-Step-W) does not improve the forecast performance regarding both calibration
and sharpness; in some cases, it even leads to a decrease in performance. A possible explanation for this behaviour is that post-processing only
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FIGURE 8 A boxplot of all CRPS values for a forecast horizon of 12 h for bidding zone 3 in Sweden. In (A), the forecast using a linear model is
shown and in (B) the forecast using a random forest. Although the post-processing does not show large improvement in the median, it does
reduce the spread
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the weather neglects other bias sources for the wind power model. We train the models on historical data such that they learn the true relation-
ship among the variables; however, this makes it harder for the forecasting model to properly propagate the uncertainty from the set of ensem-
bles through the model, as they are not designed to do that. Thus, despite the weather ensembles being well-calibrated after post-processing, this
information seems to not be accurately used by the forecasting model.

It is also worth noting that to enable comparisons across all strategies, we only consider a sample size of 51, i.e., the number of raw ensem-
bles, when drawing from the calibrated weather ensembles. Although it is possible to vary the number of independently drawn samples, there are
two reasons why we conclude this will not have a noticeable effect on the results. First, the considered sample size of 51 is large enough to accu-
rately approximate the estimated distribution, and, second, increasing the number of samples will also increase computational complexity and
could lead to poorer performance in subsequent calibration steps. However, a systematic analysis of the effect of sample size could be interesting
in future work.

When we compare One-Step-P and Two-Step-WP, both strategies perform well, and in most cases, there is no noticeable difference
between them. The key factor that differentiates the two strategies is the number of post-processing steps required. When we apply the
Two-Step-WP strategy, we need to post-process all weather inputs (in the case of the current paper this is four, but in more complicated
models, this number may increase). Once this post-processing is complete, we generate a wind power forecast and then are again required to
process the resulting ensembles. The One-Step-P strategy involves only one post-processing step, irrespective of how many weather inputs
the model includes. Although EMOS' computational complexity is low and multiple post-processing steps are still feasible, One-Step-P is a
more computationally efficient strategy that achieves similar forecasting accuracy. Overall, the post-processing of wind power forecasts does
increase forecasting accuracy, independent of the forecasting model, with the last post-processing step (in this case the wind power) having
the biggest effect.

6 | CONCLUSION

The present paper evaluates at which stage ensemble post-processing is the most useful for wind power forecasts. Although Pinson and
Messner® introduced ensemble post-processing for wind power applications, they did not evaluate which post-processing strategy is most
effective. We, therefore, identify four post-processing strategies that can be applied: (1) no post-processing (Raw), (2) a one-step strategy with
post-processing of the resulting wind power ensemble (One-Step-P), (3) a one-step strategy with post-processing of the weather ensembles
(One-Step-W) and (4) a two-step strategy with both post-processing of the weather ensembles and the resulting wind power ensembles (Two-
Step-WP). These strategies are evaluated on two data sets with a linear regression and a random forest used as forecasting models. Results
show that post-processing generally improves performance, specifically when the wind power ensemble is post-processed. One-Step-P and
Two-Step-WP deliver similar results in terms of CRPS and CRPSS performance, but since it requires significantly fewer post-processing steps,
the One-Step-P strategy is preferred.

Whilst initial results show that post-processing the final wind power ensemble leads to improvements in forecasting accuracy, there are
numerous aspects that should be investigated further. First, EMOS is limited in that it assumes a parametric distribution in the calibration process
and wind power generation and other weather variables do not always perfectly follow such a distribution. Therefore, non-parametric post-
processing methods that do not rely on the assumption of a parametric probability distribution should also be considered. Furthermore, the cur-
rent paper focuses on a one-step-ahead forecast for either a single location or a broad region. This removes the need to account for spatial and
temporal dependencies. Ensemble Copula Coupling (ECC) could be used to account for these dependencies, and future work should focus on
multi-step ahead and multi-location forecasts. It could also be interesting to systematically analyse the effect of sample size on forecasting perfor-
mance in future work. Finally, the current methods use traditional forecasting methods which do not appear to be able to learn the uncertainty in
the data. Therefore, approaches that learn this uncertainty in the weather ensembles and directly propagate it through to a wind power forecast
should be investigated.
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open source transparency platform, operated by the European Network of Transmission System Operators (ENTSO-E).** The observational
weather data used in this study are ERA5 reanalysis data and openly available via the Copernicus Climate Data Store (CDS) (https://cds.climate.

copernicus.eu/home).
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APPENDIX A

In this appendix, we first discuss the performance of Bayesian Model Averaging (BMA) when post-processing weather ensembles in Section A.1.
In Section A.2, we then report further results of experiments not included in the main paper that serve to demonstrate the robustness of our
results. These experiments include using an alternative linear regression and a neural network as forecasting models, considering alternative distri-
butions for wind speed and power and showing that the selected distributions are a reasonable fit for the data.

A.1 | Bayesian model averaging as an alternative post-processing method

As discussed in Section 3, one common alternative to EMOS is BMA, introduced by Raftery et al.?t

2526
S,%>

Although BMA is computationally more
expensive than EMO we initially implement both post-processing methods and compare their performance regarding the calibration of
weather ensembles. We implement BMA with the R package ensembleBMA,* selecting the same probability distributions for weather variables as
chosen for EMOS.

Figure 9 exemplarily shows the calibration performance when using BMA for a forecast horizon of 12 h for the onshore benchmark data set,
the same scenario used in Figure 6. Based on this figure, it is clear that the performance of BMA is inferior to EMOS. Although temperature is
only slightly underdispersed, all other variables are poorly calibrated with wind speed being overdispersed and both the u- and v-components of
wind very underdispersed. The calibration performance of EMOS for the same scenario (see Figure 6) is far superior. We discover similar results

for the other data sets and forecast horizons. We believe this is due to the computational complexity of BMA which caused convergence
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(A) Wind Speed (B) Temperature

T
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FIGURE 9 PIT Histograms showing the calibration of weather ensembles using BMA for the onshore benchmark data set with a forecast
horizon of 12 h. In comparison to EMQOS, the ensembles are poorly calibrated

problems on our data set. Based on these initial results, we select EMOS as the best performing post-processing method on our data set and only

consider EMOS for the evaluation of our developed post-processing strategies.

A.2 | Robustness of results

To show the robust nature of our approach, we perform numerous further experiments. First, we implement both an alternative linear regression
and a neural network as further forecasting methods, before also including the full results when considering different distributions for wind power
and wind speed. Finally, we show that the selected probability distributions are a reasonable fit for our data and therefore a suitable choice
for EMOS.

A.2.1 | Alternative linear regression model

To discuss the results of the alternative linear regression model proposed by Zhang and Wang,®” we first describe the linear regression used
before showing the results of the different post-processing strategies.
The linear regression proposed by Zhang and Wang®” only considers wind speed and the hour of the day as regressors. The linear regression

model can be described as

2 . (2 4 (4
Yerh =PBo+P1Sein+Ba(Sten) + Ba(Sean)® + Bacos (ﬁ"ﬁm) + pssin (ﬁ"ﬁh) +pscos (thm) +pf7sin <2—ZHW,> +&tih, (A1)

where y; is the dependent variable, which in this case is the wind power; S;,, is the forecasted wind speed for the considered forecast horizon;
Hi.p is the hour of the day for the considered forecast horizon and f;,i=0,...,7 are the regression coefficients. As observed by Zhang and
Wang,®” the sine and cosine terms account for diurnal periodicities through a Fourier series considering the time of the day. We fit and apply this

alternative linear regression model in the same way as the linear regression model described in Section 3.3.
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The CRPS skill score plotted against the forecast horizon for the different post-processing strategies is shown for the benchmark data sets in
Figure 10 and for both bidding zones in Sweden in Figure 11. These results again highlight that post-processing the final wind power ensemble is the
crucial step. The One-Step-P and Two-Step-WP strategies, which post-process the wind power ensemble, almost always improve forecasting perfor-
mance on all data sets. The only exceptions are for a 24 h forecast horizon in the offshore benchmark and a 21 h forecast performance in bidding
zone 4, which deliver forecast performance similar to the Raw strategy. As with the linear regression model presented in Section 3.3, post-processing
the weather ensembles does not generally lead to improvements. In general, the improvements achieved through post-processing with the alterna-

tive linear model are similar to the improvements achieved with other forecasting models and therefore show the robust nature of our approach.

Onshore Wind Power

30-

N
=3

CRPS Skill
S

6 9 12 15 18 21 24
Horizon
Offshore Wind Power
10-

1'.
i
1

85U80|7 SUOWILWIOD BAIIER.D 8|qe![dde 8Ly Aq pausenob ae S9joie YO 8N JO Sa|NJ 10} Akeud1 78Ul UO A8]1M UO (SUOTIPUOO-PUB-SWLBY W0 AB | IMARIq U UO//:SANY) SUOIIPUOD pue SWie 1 8y 88S *[2202/2T/6T] Uo Akiqiauliuo A8|1m ‘@1Bojouyoe | 4 15Ul Jeynssiedt Aq 9822 @M/Z00T 0T/I0p/LLI00" A3 1M Ae.d 1 |puluoy//:Sdny Wwolj papeojumod ‘g ‘220z ‘vZ8T660T

-5-

Horizon

Ensemble Post-Processing Strategy: @ One-Step P @ One-Step W Two-Step WP

Forecasting Model: @ Alternative Linear Regression
FIGURE 10 The CRPS skill score plotted against the forecast horizon on the test data for the alternative linear regression on the onshore

benchmark (top figure) and the offshore benchmark (bottom figure). Positive values indicate an improvement over the Raw strategy in per cent. In
general, post-processing leads to an improvement in forecasting performance
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FIGURE 11 The CRPS skill score plotted against the forecast horizon on the test data for the alternative linear regression on both bidding
zone 3 (top figure) and bidding zone 4 (bottom figure) in Sweden. Positive values indicate an improvement over the Raw strategy in per cent.
Post-processing the final power ensemble, either directly or as part of a two-step process, almost always clearly improves the forecast, whilst only
post-processing the weather ensemble leads to worse or similar forecast performance
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FIGURE 12 The CRPS skill score plotted against the forecast horizon on the test data for the neural networks on the onshore benchmark
(top figure) and the offshore benchmark (bottom figure). Positive values indicate an improvement over the Raw strategy in per cent. In general,
post-processing leads to an improvement in forecasting performance

A.2.2 | Neural network as an alternative non-linear forecasting model

To discuss the results using neural networks as an additional forecasting model, we first describe the selected neural network architecture and
then show the results of the different post-processing strategies.

We select a simple feed forward neural network for our evaluation and test multiple configurations before choosing a configuration with two
hidden layers of 10 and 7 neurons, respectively. This network architecture is selected because it is the simplest we found that still returns accu-
rate forecasts. Given this architecture, we train the neural network with the resilient backpropagation algorithm. The chosen activation function is
a hyperbolic tangent, and the input features are the same as those selected for the linear regression and random forest models (see Section 3.3).
The parameters (i.e., weights) are fitted using the actual historical weather data, and each ensemble member is passed through the network to get
an ensemble of wind power forecasts.

The CRPS skill score plotted against the forecast horizon for the different post-processing strategies is shown for the benchmark data sets in
Figure 12 and for both bidding zones in Sweden in Figure 13. With these results, we again see that post-processing the final wind power ensem-
ble is the crucial step. Both the One-Step-P and Two-Step-WP strategies, which post-process the wind power ensemble, improve performance on
the benchmark and the Swedish data sets. Only post-processing the weather ensembles, however, does not necessarily lead to improvements.
Although One-Step-W leads to improved performance on the benchmark data set, this strategy performs worse on the real world Swedish data
sets. Furthermore, we note that the improvements through the post-processing strategies are similar to the improvements achieved with other

forecasting models.

A.2.3 | Considering different distributions for wind speed and wind power

From the literature, we identify both the truncated normal distribution and gamma distribution as possible candidates for modelling wind speed
and wind power. To ensure robust, results we consider both distributions and report the CRPS values when using different combinations of the
two distributions here. Following Gneiting,” we implement a gamma distribution using Gamma(a,f) = Fqp, with a=a+bix1+...+buxm and g=
¢+ dmgns With mgns :a+b2::1xm. The following tables (Tables 6-9) show that there is no noticeable performance difference when using dif-
ferent distributions. Additionally, we also report the results of models that do not include weather forecasts as input and are based solely on his-

torical wind power values.
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FIGURE 13 The CRPS skill score plotted against the forecast horizon on the test data for the neural networks on both bidding zone 3 (top
figure) and bidding zone 4 (bottom figure) in Sweden. Positive values indicate an improvement over the Raw strategy in per cent. Post-processing
the final power ensemble, either directly or as part of a two-step process, clearly improves the forecast, whilst only post-processing the weather
ensemble leads to worse or similar forecast performance

A.2.4 | Fitting distributions

To verify that the choice of distributions for the EMOS calibration is valid, we fit the selected distributions for both the weather variables and
resulting wind power generation to the data. Figures 14-17 show the fit of the selected distributions: a truncated normal and gamma distribution
for wind power and wind speed, and Gaussian distributions for all other weather variables.

It is noticeable that although the fits are not perfect, the selected distributions are a good approximation for the data. Some of the empiric
distributions are difficult to represent with parametric distributions, and therefore, these results further motivate non-parametric approaches,

which we plan to consider in future work.
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TABLE 6 Summary of mean CRPS on the test data for the onshore benchmark for all forecast horizons

Strategy 6h 12 h 18 h 24 h

Linear No Weather 7.24 11.38 11.42 10.97
Linear Raw 3.91 5.60 5.67 6.08
Linear One-Step-P (Gamma) 3.42 4.68 5.60 5.48
Linear One-Step-P (T-Normal) 3.53 4.88 571 576
Linear One-Step-W (Gamma) 3.80 5.29 5.66 5.96
Linear One-Step-W (T-Normal) 3.81 5.26 5.51 5.90
Linear Two-Step-WP (W: Gamma, P: Gamma) 3.52 4.96 5.63 5.78
Linear Two-Step-WP (W: Gamma, P: T-Normal) 3.42 496 5.61 5.72
Linear Two-Step-WP (W: T-Normal, P: Gamma) 3.50 4.87 5.64 5.84
Linear Two-Step-WP (W: T-Normal, P: T-Normal) 3.48 4.97 5.68 577
Alternative Linear No Weather 13.45 15.73 12.45 11.46
Alternative Linear Raw 4.59 579 6.21 5.93
Alternative Linear One-Step-P (Gamma) 3.67 4.12 5.78 543
Alternative Linear One-Step-P (T-Normal) 3.81 4.35 5.91 5.53
Alternative Linear One-Step-W (Gamma) 4.73 4.32 6.31 5.82
Alternative Linear One-Step-W (T-Normal) 4.73 4.19 6.38 5.91
Alternative Linear Two-Step-WP (W: Gamma, P: Gamma) 4.01 4.22 5.86 5.52
Alternative Linear Two-Step-WP (W: Gamma, P: T-Normal) 3.99 4.22 5.99 5.63
Alternative Linear Two-Step-WP (W: T-Normal, P: Gamma) 3.98 3.93 5.89 5.56
Alternative Linear Two-Step-WP (W: T-Normal, P: T-Normal) 3.85 4.04 6.15 5.89
Random Forest No Weather 9.52 12.18 1041 10.31
Random Forest Raw 3.98 5.34 5.68 5.84
Random Forest One-Step-P (Gamma) 3.31 421 5.67 5.23
Random Forest One-Step-P (T-Normal) 3.61 4.63 5.84 5.38
Random Forest One-Step-W (Gamma) 3.85 4.44 5.82 5.83
Random Forest One-Step-W (T-Normal) 3.97 4.53 5.78 5.83
Random Forest Two-Step-WP (W: Gamma, P: Gamma) 3.34 4.08 5.73 5.45
Random Forest Two-Step-WP (W: Gamma, P: T-Normal) 3.57 4.30 5.86 5.52
Random Forest Two-Step-WP (W: T-Normal, P: Gamma) 3.41 4.05 5.73 5.42
Random Forest Two-Step-WP (W: T-Normal, P: T-Normal) 3.67 4.34 5.84 5.70
Neural Network No Weather 7.80 11.34 10.15 10.31
Neural Network Raw 7.16 10.42 10.19 10.19
Neural Network One-Step-P (Gamma) 6.05 8.57 8.56 7.83
Neural Network One-Step-P (T-Normal) 6.19 9.12 8.56 8.02
Neural Network One-Step-W (Gamma) 5.85 9.49 8.96 9.43
Neural Network One-Step-W (T-Normal) 5.90 9.60 9.38 9.44
Neural Network Two-Step-WP (W: Gamma, P: Gamma) 5.46 8.61 8.02 8.01
Neural Network Two-Step-WP (W: Gamma, P: T-Normal) 5.54 9.00 7.71 7.76
Neural Network Two-Step-WP (W: T-Normal, P: Gamma) 5.53 8.76 8.21 7.89
Neural Network Two-Step-WP (W: T-Normal, P: T-Normal) 5.44 8.99 7.71 7.65

Note: The distribution used for post-processing the wind speed (W) and wind power (P) is shown in parentheses.
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TABLE 7 Summary of mean CRPS on the test data for the offshore benchmark for all forecast horizons

Strategy 6h 12 h 18 h 24 h

Linear No Weather 35.64 54.01 66.41 68.15
Linear Raw 18.98 23.51 25.46 24.11
Linear One-Step-P (Gamma) 17.97 22.52 24.95 23.69
Linear One-Step-P (T-Normal) 17.92 22.23 24.85 23.44
Linear One-Step-W (Gamma) 18.33 23.54 24.15 23.81
Linear One-Step-W (T-Normal) 18.74 23.31 24.51 23.88
Linear Two-Step-WP (W: Gamma, P: Gamma) 17.64 22.98 23.84 2476
Linear Two-Step-WP (W: Gamma, P: T-Normal) 17.21 22.36 24.03 23.38
Linear Two-Step-WP (W: T-Normal, P: Gamma) 18.19 22.67 24.10 25.10
Linear Two-Step-WP (W: T-Normal, P: T-Normal) 17.30 22.08 24.28 23.49
Alternative Linear No Weather 69.48 70.90 72.09 69.61
Alternative Linear Raw 21.25 24.25 26.25 24.60
Alternative Linear One-Step-P (Gamma) 19.94 23.48 25.86 24.68
Alternative Linear One-Step-P (T-Normal) 19.85 23.12 25.34 25.10
Alternative Linear One-Step-W (Gamma) 20.97 2412 25.93 23.88
Alternative Linear One-Step-W (T-Normal) 21.24 23.93 26.49 24.65
Alternative Linear Two-Step-WP (W: Gamma, P: Gamma) 20.19 24.21 26.42 25.79
Alternative Linear Two-Step-WP (W: Gamma, P: T-Normal) 20.22 23.67 25.29 24.94
Alternative Linear Two-Step-WP (W: T-Normal, P: Gamma) 20.48 23.81 27.14 26.40
Alternative Linear Two-Step-WP (W: T-Normal, P: T-Normal) 20.96 24.13 26.09 25.92
Random Forest No Weather 51.37 58.67 64.36 64.75
Random Forest Raw 20.77 23.80 25.00 25.54
Random Forest One-Step-P (Gamma) 18.91 21.97 25.03 24.54
Random Forest One-Step-P (T-Normal) 19.47 22.15 24.24 23.83
Random Forest One-Step-W (Gamma) 21.26 23.20 25.07 24.79
Random Forest One-Step-W (T-Normal) 21.45 23.22 25.41 24.93
Random Forest Two-Step-WP (W: Gamma, P: Gamma) 20.31 21.94 25.23 25.26
Random Forest Two-Step-WP (W: Gamma, P: T-Normal) 20.24 22.27 24.49 23.64
Random Forest Two-Step-WP (W: T-Normal, P: Gamma) 20.33 22.51 25.67 25.13
Random Forest Two-Step-WP (W: T-Normal, P: T-Normal) 20.47 2243 25.56 24.08
Neural Network No Weather 37.99 54.47 64.61 68.55
Neural Network Raw 42.61 55.57 49.78 47.01
Neural Network One-Step-P (Gamma) 38.18 46.36 46.47 42.79
Neural Network One-Step-P (T-Normal) 38.19 45.67 44.03 43.71
Neural Network One-Step-W (Gamma) 37.80 49.98 4411 41.22
Neural Network One-Step-W (T-Normal) 38.58 51.33 45.52 42.19
Neural Network Two-Step-WP (W: Gamma, P: Gamma) 36.89 43.32 42.87 39.69
Neural Network Two-Step-WP (W: Gamma, P: T-Normal) 36.07 42.74 40.47 38.90
Neural Network Two-Step-WP (W: T-Normal, P: Gamma) 38.13 43.60 44,01 40.38
Neural Network Two-Step-WP (W: T-Normal, P: T-Normal) 38.12 43.20 42.24 39.70

Note: The distribution used for post-processing the wind speed (W) and wind power (P) is shown in parentheses.
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TABLE 8 Summary of mean CRPS on the test data for the use case of bidding zone 3 in Sweden for all forecast horizons

Strategy 3h 6h 9h 12 h 15h 18 h 21h 24h

Linear No Weather 68.25 12524  169.95 206.38 22861 24421 25513 27354
Linear Raw 57.84 78.46 81.03 79.75 86.20 89.05 89.06 93.33
Linear One-Step-P (Gamma) 45.87 55.41 62.07 67.34 70.53 64.36 67.97 67.45
Linear One-Step-P (T-Normal) 47.30 55.99 62.01 67.39 67.31 64.36 67.17 68.00
Linear One-Step-W (Gamma) 63.98 86.41 89.92 87.47 95.43 98.89 97.16 98.64
Linear One-Step-W (T-Normal) 64.51 86.61 90.05 87.27 96.89 99.55 97.95 98.99
Linear Two-Step-WP (W: Gamma, P: Gamma) 46.03 55.53 62.90 67.13 69.74 64.54 67.28 67.65
Linear Two-Step-WP (W: Gamma, P: T-Normal) 46.42 54.69 61.06 66.47 67.40 64.72 65.97 65.77
Linear Two-Step-WP (W: T-Normal, P: Gamma) 46.73 54.88 62.44 66.65 69.04 62.50 68.34 66.76
Linear Two-Step-WP (W: T-Normal, P: T-Normal) 47.08 55.32 62.04 65.56 66.86 63.70 67.05 65.83
Alternative Linear No Weather 276.01 28210 280.85 28740 29219 29027 279.83  280.57
Alternative Linear Raw 82.32 82.86 76.98 70.64 73.19 81.16 82.95 83.68
Alternative Linear One-Step-P (Gamma) 59.74 58.48 56.85 57.52 56.18 55.63 60.11 56.36
Alternative Linear One-Step-P (T-Normal) 59.95 59.01 57.42 58.53 57.43 55.85 61.02 57.44
Alternative Linear One-Step-W (Gamma) 97.98 93.85 86.63 80.77 84.45 90.63 91.10 89.64
Alternative Linear One-Step-W (T-Normal) 98.29 94.21 86.78 80.51 85.04 89.73 90.44 89.02
Alternative Linear Two-Step-WP (W: Gamma, P: Gamma) 57.43 56.73 56.79 55.95 56.55 55.19 60.48 58.29
Alternative Linear Two-Step-WP (W: Gamma, P: T-Normal) 58.22 58.27 56.81 56.76 56.73 56.47 60.51 57.52
Alternative Linear Two-Step-WP (W: T-Normal, P: Gamma) 57.62 57.29 55.46 55.96 55.87 55.07 60.19 56.55
Alternative Linear Two-Step-WP (W: T-Normal, P: T-Normal) 58.74 58.99 56.67 57.58 57.48 56.41 60.88 57.72
Random Forest No Weather 170.90 19213 21151 23568 25247 25225 25161 26093
Random Forest Raw 60.71 71.31 69.72 67.74 73.39 82.01 83.67 88.09
Random Forest One-Step-P (Gamma) 43.54 48.30 52.78 55.29 54.46 52.92 57.36 57.11
Random Forest One-Step-P (T-Normal) 46.08 50.28 55.09 55.96 55.17 53.44 57.83 58.86
Random Forest One-Step-W (Gamma) 70.05 79.57 78.28 76.32 82.51 91.18 91.08 92.40
Random Forest One-Step-W (T-Normal) 69.96 79.95 78.21 76.50 82.77 90.38 91.47 91.15
Random Forest Two-Step-WP (W: Gamma, P: Gamma) 43.00 48.10 53.28 5417 54.95 53.46 56.25 57.52
Random Forest Two-Step-WP (W: Gamma, P: T-Normal) 44.84 49.53 55.36 5419 54.58 54.02 56.75 56.08
Random Forest Two-Step-WP (W: T-Normal, P: Gamma) 42.83 48.83 53.37 54.44 54.34 52.51 55.76 55.73
Random Forest Two-Step-WP (W: T-Normal, P: T-Normal) 45.20 49.92 55.48 54.27 55.36 53.95 57.34 57.24
Neural Network No Weather 60.11 111.15 150.67 18520 20259 210.39 224.67 233.61
Neural Network Raw 54.05 78.40 70.00 76.04  100.56 73.69 73.16 75.79
Neural Network One-Step-P (Gamma) 48.26 61.59 58.07 63.21 76.20 61.80 67.13 67.65
Neural Network One-Step-P (T-Normal) 48.38 64.54 59.89 66.47 78.67 64.66 69.14 68.11
Neural Network One-Step-W (Gamma) 56.59 78.18 72.74 71.19 98.05 72.66 72.87 73.20
Neural Network One-Step-W (T-Normal) 56.75 78.24 72.64 71.44 99.37 74.27 72.51 75.06
Neural Network Two-Step-WP (W: Gamma, P: Gamma) 48.31 61.04 59.85 63.69 76.67 63.02 69.13 67.87
Neural Network Two-Step-WP (W: Gamma, P: T-Normal) 48.56 64.67 60.48 64.27 77.11 63.77 68.66 66.32
Neural Network Two-Step-WP (W: T-Normal, P: Gamma) 48.09 62.30 60.30 63.38 75.97 63.69 68.40 67.69
Neural Network Two-Step-WP (W: T-Normal, P: T-Normal) 48.70 64.57 60.81 65.20 76.92 64.61 68.46 67.70

Note: The distribution used for post-processing the wind speed (W) and wind power (P) is shown in parentheses.
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TABLE 9 Summary of mean CRPS on the test data for the use case of bidding zone 4 in Sweden for all forecast horizons

Strategy 3h 6h 9h 12 h 15h 18 h 21h 24h

Linear No Weather 49.39 89.66  120.37 142,60 15474 16548 17285 181.03
Linear Raw 41.75 4991 50.93 63.17 63.85 53.27 51.46 51.21
Linear One-Step-P (Gamma) 35.70 42.39 45.62 54.83 58.10 50.11 49.84 47.72
Linear One-Step-P (T-Normal) 36.17 41.60 43.15 49.68 53.51 47.86 45.92 43.69
Linear One-Step-W (Gamma) 41.78 51.18 52.17 57.57 61.95 52.73 51.68 49.12
Linear One-Step-W (T-Normal) 4191 51.20 51.85 57.17 61.52 52.86 51.24 48.86
Linear Two-Step-WP (W: Gamma, P: Gamma) 35.44 42.47 45.94 54.84 58.20 50.14 49.22 47.74
Linear Two-Step-WP (W: Gamma, P: T-Normal) 36.08 40.73 42.56 49.52 53.96 48.05 45.62 43.49
Linear Two-Step-WP (W: T-Normal, P: Gamma) 35.31 42.24 45.74 54.04 57.33 49.50 49.64 46.95
Linear Two-Step-WP (W: T-Normal, P: T-Normal) 35.78 41.24 43.38 50.61 54.43 47.50 47.15 43.14
Alternative Linear No Weather 184.17 189.06 196.37  202.03 197.75 190.11 186.76 187.90
Alternative Linear Raw 42.92 44.07 42.82 54.38 55.16 44.77 40.33 38.30
Alternative Linear One-Step-P (Gamma) 39.76 40.06 40.17 48.42 50.34 43.93 41.02 37.65
Alternative Linear One-Step-P (T-Normal) 39.68 40.71 40.93 48.11 51.96 44.59 41.61 38.13
Alternative Linear One-Step-W (Gamma) 42.95 46.43 44.15 51.19 55.29 45.58 40.60 38.03
Alternative Linear One-Step-W (T-Normal) 43.37 46.75 44,18 50.98 55.58 45.98 41.08 38.17
Alternative Linear Two-Step-WP (W: Gamma, P: Gamma) 38.16 40.60 39.50 48.42 50.72 43.77 41.47 38.36
Alternative Linear Two-Step-WP (W: Gamma, P: T-Normal) 38.99 41.41 40.37 47.80 50.26 44.40 41.41 37.82
Alternative Linear Two-Step-WP (W: T-Normal, P: Gamma) 38.91 40.44 39.50 48.32 50.54 43.47 41.41 37.58
Alternative Linear Two-Step-WP (W: T-Normal, P: T-Normal) 39.15 4042 40.11 48.34 51.39 44.39 41.73 37.90
Random Forest No Weather 116.32  129.71  148.64 166.77 17140 16817 16995 17511
Random Forest Raw 36.97 41.33 40.74 50.67 51.60 45.54 42.26 39.41
Random Forest One-Step-P (Gamma) 33.34 37.24 38.29 44,51 47.28 43.09 40.58 37.88
Random Forest One-Step-P (T-Normal) 34.33 38.25 39.30 44.60 48.02 44.28 41.72 38.18
Random Forest One-Step-W (Gamma) 36.63 42.63 41.89 46.57 51.59 45.69 43.07 38.57
Random Forest One-Step-W (T-Normal) 36.81 42.91 41.94 46.51 51.16 46.24 43.16 38.31
Random Forest Two-Step-WP (W: Gamma, P: Gamma) 32.47 37.03 37.82 43.25 48.01 43.12 41.11 37.42
Random Forest Two-Step-WP (W: Gamma, P: T-Normal) 33.71 37.91 38.76 43.33 47.90 4473 41.72 37.32
Random Forest Two-Step-WP (W: T-Normal, P: Gamma) 3244 37.31 37.87 43.74 46.81 43.13 40.73 37.25
Random Forest Two-Step-WP (W: T-Normal, P: T-Normal) 33.52 38.25 39.21 43.95 48.08 44.74 42.04 37.33
Neural Network No Weather 49.75 90.51 121.89 150.22 157.56 163.37  168.79 174.76
Neural Network Raw 47.52 48.68 49.41 58.64 58.55 61.21 55.49 51.71
Neural Network One-Step-P (Gamma) 38.92 44.02 45.03 57.58 54.49 49.75 47.89 44.22
Neural Network One-Step-P (T-Normal) 40.26 44.24 45.80 56.82 56.79 51.21 47.55 45.02
Neural Network One-Step-W (Gamma) 70.80 9227 10505 100.64 98.54 80.15 88.04 87.43
Neural Network One-Step-W (T-Normal) 51.76 68.62 77.67 78.28 74.47 61.77 65.74 65.53
Neural Network Two-Step-WP (W: Gamma, P: Gamma) 43.55 53.51 51.32 61.07 58.26 55.46 49.56 50.08
Neural Network Two-Step-WP (W: Gamma, P: T-Normal) 45.79 53.14 52.60 59.16 57.91 55.56 49.88 52.13
Neural Network Two-Step-WP (W: T-Normal, P: Gamma) 40.89 51.27 50.19 56.03 55.45 52.22 47.70 48.15
Neural Network Two-Step-WP (W: T-Normal, P: T-Normal) 43.45 50.78 49.57 56.19 54.98 5243 48.17 49.43

Note: The distribution used for post-processing the wind speed (W) and wind power (P) is shown in parentheses.
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Fitted distributions for wind power and all weather variables for bidding zone 3 in Sweden
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FIGURE 17
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Fitted distributions for wind power and all weather variables for bidding zone 4 in Sweden
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