
Forecasting of Day-Ahead Wind
Speed/electric Power by Using a Hybrid

Machine Learning Algorithm
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Abstract. The amount of energy that has to be delivered for the follow-
ing day is currently predicted by power system operators using day-ahead
load forecasts. With the use of this forecast, generation resources can be
committed a day in advance, some of them may require several hours’
notice to be ready to produce power the following day. In order to deter-
mine how much wind power will be available for each hour of the following
day, power systems with large penetrations of wind generation rely on
day-ahead predictions. The main objective of this study is to improve
the day-ahead forecasting of wind power by improving the forecasting
method using machine learning. A hybrid approach, which combines a
mode decomposition method, Empirical Mode Decomposition (EMD),
with Support Vector Regression (SVR), is used. The results suggest that
using Support Vector Regression together with the hybrid method, which
includes the Empirical Mode Decomposition to predictions can improve
the accuracy of predictions. Higher accuracy forecasting of wind power
is expected to improve the planning of dispatchable energy generation
and pricing for the day-ahead power market.

Keywords: Wind energy · wind turbine · Empirical Mode
Decomposition (EMD) · forecasting · machine learning · renewable
energy · grid integration · energy market

1 Introduction

Among available renewable energy sources, wind energy has the largest poten-
tial [5,17]. Wind turbines are connected to the medium voltage distribution grid
or the regional transmission grid. In order to transport the energy with low losses,
the electric grid is usually designed as a high voltage transmission grid that is
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connected to centralized production units. Since high voltages are impractical
and dangerous to use, voltage is transformed to lower levels and distributed to
the end users via a distribution grid. The main challenge when operating the
power system is to keep the system in balance, i.e. to keep the balance in supply
and demand. Integration of the wind power into the electric grid is problematic
since the varying nature of the wind speed gives fluctuations in the produced
wind power [17].

Sweden has the clear goal of 100% renewable electricity production by 2040.
The Swedish Energy Agency’s assessment shows that wind turbines will produce
60–90 TWh. Many new wind turbines need to be built to achieve that goal and
the total supply needs for electric power production is estimated to be about
180 TWh. Although, recent studies show a much larger need of electric power in
the future. Currently, 61% of Swedish electricity generation comes from hydro-
and wind power. The Swedish Energy Agency estimates that in order to achieve
this goal, the nation will need to install an extra 2.5 to 6 TWh of renewable
energy capacity per year between 2030 and 2040 [7,10]. The growth of wind
power that is connected to the electric grid requires wind farms appear more
like conventional power plants and hence it will be necessary to forecast the
produced power.

Recently, efforts to improve forecasting methodologies have also included
the use of EMD in many areas from wind energy to financial time series (
[3,6,9,11,13,15]). EMD is a method which decomposes a complex time series
of data into its frequency components i.e so called intrinsinc mode functions
(IMFs) ( [3,8,9]). EMD divides data into its IMFs, which represent a number of
high to low frequency components. The high frequency component corresponds
to short-term changes, and low frequency component corresponds to long-term
changes. By using different combination of the frequency components of the data
we can predict both short and long-term predictions much more accurately com-
pared to using the entire data set. The general idea behind the use of EMD for
forecasting purposes is to separate the data into its components which reduces
the complexity, separates the trends of different time scales. In this way the
accuracy of the forecasting is improved.

In order to determine how much wind power will be available for each hour
of the following day, power systems with large penetrations of wind generation
rely on day-ahead wind predictions (Piwko and Jordan [12] and Rintamäki et
al. [16]). In this study we improve the accuracy of the day-ahead wind speed
forecasting by using a hybrid EMD-SVR method. The measured power is used
as input data and selected IMFs of the power are used as influence parameters
for the SVR regression model.

2 Theory and Method

2.1 Scale Decomposition by Empirical Mode Decomposition

EMD is predicated on the idea that any data signal is made up of a number
of basic intrinsic oscillations, with the raw signal being a superposition of these
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oscillations (refer to Ref. [3] for further analysis). Each mode is referred to as
an IMF that satisfies the two conditions; the local extrema and zero-crossing
numbers must be equal or differ by one at the most and the mean of the curve
that is constructed by connecting the maxima and minima should be zero [8].

2.2 SVR Method

The Support Vector Regression (SVR) is an algorithm for machine learning,
which is a variant of Support Vector Machine (SVM) (Qiu et al. [14], Altıntaş
et al. [4]). Consider a time-series data,

D = (Xi, yi), 1 ≤ i ≤ N,

where Xi represents the ith element and yi corresponds the target output data.
The SVR function, f , is a linear function that relates the input and output data
as f(Xi) = ωTφ(Xi) + b, where ω, b, and φ(Xi) are the weight vector, bias, and
the function that maps the input vector X into a higher dimensional feature
space, respectively.

Python programming language and scikit-learn 1.1.2 package has been used
for SVR. The radial basis function (RBF) is chosen as the kernel function, then
Kernel function written as:

K(Xi,Xj) = exp(−γXi − Xj
2), (1)

where the parameter γ, defines the degree to which the effect of a single
example of training reaches. In this study parameters are set to, γ = 0.96,
C = 1.0, which balances the trade-off between the complexity of the model and
its generalization ability, and the maximum error, ε, is set to 0.03, and are used
for all the predictions.

2.3 Wind Power Data

The data are from the Röbergsfjället wind farm which is situated at
Röbergskullen in the southernmost section of the Swedish municipality of Vans-
bro (60160 49.8”N, 14120 59.6”E) (see Fig. 1). The wind farm was constructed
in 2007, with its highest point being at 543 m above sea level. There are 284 m
between the wind farm’s highest and lowest elevations. It consists of eight Ves-
tas V90-2MW horizontal axis wind turbines [2]. The wind turbine that has been
used for this study is highlighted with the red pin in Fig. 1(a) and also the area
is highlighted in a larger map in Fig. 1(b).

The data consist of a list of records including power, hub direction, pitch
angle, rotor RPM, temperature, wind direction and wind speed for the period
of 21 June 2017 to 3 February 2019. The data are recorded every second.

Wind turbines measure the wind speed with an anemometer which is installed
at a specific location on the nacelle. This anemometer is installed behind the
blades thus exposed to created turbulence by the rotor blades. Therefore we
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siatadehT.mrafdniwtelläjfsgreböR)a(
from the wind turbine pointed with the
red pin.

(b) Location of the windfarm
R .telläjfsgrebö

Fig. 1. Wind farm and turbine location [1].

can not trust the wind speed measured in the downstream wake area, and wind
direction is also not trusted for the same reason. Moreover, it is a pointwise
measurement, however, the wind speed field that creates power is the rotor
plane area which is far from homogeneous. For these reasons we can not use
wind speed from the anemometer. In this study, output power history data has
been used.

The three months of data has been used from 21 June 2017 to 20 August
2017. Thus a seasonal wind behaviour has been tried to be captured. For the
same reason, the data between 11:00 to 17:00 has been used. The power data of
the turbine are averaged over 10 min of time windows. For instance, the window
11:00–11:10 represents the data that has been averaged over 10 min in the given
interval. There are missing records, meaning that in the given second the turbine
has generated no power, which is excluded.

The predictions are made for every 10 min averaged time-window between
11:00–17:00, therefore thirty-five time-windows are used for forecasting. The data
have been split into a training and a test part. The last day of the data which is 20
August 2017 is the test part, i.e the part to predict using the training data. The
previous days’ 10 min time-window has been used as the feature to forecast the
next day’s 10 min time-window, i.e., time-window 11:00–11:10 for the training
days enters the process to forecast the test day’s time-window, 11:10–11:20. The
part of the data (for 11:00 to 12:00 for 92 days) which is split into ten minutes
time windows are given in Fig. 2(a)).

In the EMD-SVR hybrid method, EMD used as a preprocessor to SVR.
EMD splits data into IMFs and each IMF is a feature (input) for SVR. IMFs
are frequency modes that are obtained by applying EMD to the original data
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(a) A part (11:00 to 12:00) of the data. (b) The upper signal is the raw data, and the
subsequent five signals are the IMFs obtained
by applying EMD to the raw data.

Fig. 2. Raw data and IMFs.

(raw data). The sum of all IMFs is equal to the original data. In Fig. 2(b), the
original data of average power 11:00–11:10 and its IMFs’ obtained by EMD are
given. The data set has been split into its IMFs by limiting the number of IMFs
to five, the fifth IMF is including the residual. Each five IMF have been an input
for SVR. The data are scaled by Min-Max scaling method to an interval of [0, 1]
before the SVR process. The combinations of the outputs are the predictions.
That process is repeated for all thirty-five time-window predictions in the EMD-
SVR hybrid method. A process of EMD combined with SVR is given in Fig. 3.

Fig. 3. Process schema of EMD-SVR method.
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3 Results

The predictions for the test data which is the last day of 92 days of data are
obtained for both the SVR and the EMD-SVR method. We would like to clarify
that all the parameters in both SVR and EMD are kept the same for all pre-
dictions. SVR is performed by using the original data of the measured power as
the feature. In EMD-SVR, EMD is used as a preprocessor to SVR that splits
original data into its IMFs. In EMD-SVR, each IMF is a feature for SVR instead
of the original data.

Fig. 4. Power predictions for the day 20 August 2022.

A total of thirty-five 10-min averaged time-window predictions for the hours,
11:00–17:00, for the day 20 August 2017 are given in Fig. 4. Normalized root
mean square error (nRMSE) are given in Table 1, where the best approximation
is given in a separate column and also highlighted in red.

Only for the time windows, 11:30–11:40, 12:10–12:20, 12:20–12:30 and 13:50–
14:00, does raw data predict better than the IMF or IMF combinations. That
means that approximately 90% of the cases IMF and combinations provide bet-
ter prediction than using the raw data as feature (see Fig. 4 and Table 1). The
combination of IMF 1 + IMF 2 agrees better with real data than all the other
IMF combinations and original data for the total of nine cases, that is approx-
imately 25% of the total cases. The lowest error obtained in the predictions is
0.4% and the maximum error is 18%.
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4 Conclusion

In this study, an EMD-based decoupling procedure is applied as a preproces-
sor to SVR to improve the day-ahead wind power forecasting. First, IMFs are
obtained by applying EMD to the original data, each IMF is used as a feature
for SVR instead of the original data. The prediction results are compared for
combinations of the IMFs and the original data. The data set has been split
into 10 min time windows and a previous days’ 10 min averaged time-windows
has been used as a feature in the forecasting. All SVR parameters are kept the
same for all predictions. As a result, for thirty-one out of thirty-five 10 min time-
windows, IMF or IMF combinations approximate the real data better than using
raw data in the prediction process. With the method we applied we approximate
the next day’s 10 min averaged power production with a maximum of 18% of
error. Twenty-nine out of thirty-five time windows have been predicted with an
error of less than 10%, and six of those are predicted with an error of less than
1%. With the results obtained in this study, we suggest that the EMD-based
signal decomposition could be beneficial in wind power/speed forecasting by
increasing accuracy.
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