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Abstract—Energy forecasting provides essential contribution to
integrate renewable energy sources into power systems. Today,
renewable energy from wind power is one of the fastest growing
means of power generation. As wind power forecast accuracy
gains growing significance, the number of models used for
forecasting is increasing as well. In this paper, we propose an
autoregressive (AR) model that can be used as a benchmark
model to validate and rank different forecasting models and
their accuracy. The presented paper and research was developed
within the scope of the European energy market (EEM) 2017
wind power forecasting competition.

I. INTRODUCTION

Wind power is one of the fastest growing means of power
generation. In a time of paradigm change in energy policy
and intensified competition of renewable energy sources, wind
power offers several environmental benefits. However, due to
its intermittent nature, the integration of wind power poses
challenges on power system operation [1], [2], [3]. In order to
minimize power imbalance, appropriate means of forecasting
power production are essential. Since forecasting is inherently
erroneous, the target is to minimize the forecast error. A vast
number of forecast models have been developed in research.
The state-of-the-art in wind power forecasting is summarized
in [1] and [4]. In the review of [5], five basic types of
forecasting models are identified.

Autoregressive (AR) and autoregressive moving average
models (ARMA) have been widely used to predict the wind
speed or the wind power generation directly. Reference [6]
for example, provides a methodology to generate statistically
dependent wind speed scenarios based on ARMA modeling. It
is concluded that this methodology is accurate in reproducing
wind speed historical series. In [7], an ARMA model is
developed to predict wind speeds up to a forecast horizon
of 10 hours. A different model is developed for each calendar
month. Forecasts are proven to perform significantly better in
short terms.

A multi-variate ARMA model is presented in [8] for wind
power generation forecasting and for simulation of realistic
wind speed predictions with adjustable accuracy. In [9], the
performance of an autoregressive model and a neural network
(NN) model are compared based on the root mean square error.
In their analysis, neural networks with a varying number of

hidden layers perform inferior to the autoregressive model.
However, this investigation is limited to forecast horizons of
0.5 to 3 hours.

The k-nearest neighbors algorithm (k-NN) has also been
used in wind power forecasting [10], [11]. The models de-
veloped in the previous references were used with success in
the global energy forecasting competition 2014 (GEFCOM’14)
[12]. The competition included a wind power forecasting
track were participants required to forecast the probabilistic
distribution of the wind power generation of 10 wind farms.
They were provided with historical wind power generation
data and weather forecasts.

This paper presents the autoregressive model (AR) model
of the team 4C which finished second in the European energy
market (EEM) 2017 forecast competition [13]. It should be
noted that the setting of the competition was special in the way
that there was no weather forecast data available. Therefore,
in this paper, the forecasting is done based only on the past
production data. Two more different approaches were tested
for possible use in the competition, based on the k-nearest
neighbors algorithm and neural networks. k-NN model is also
based only on past wind generation data, and NN model is
based on past weather and generation data.

The rest of this paper is structured as follows. In Section II,
the competition setting and data are introduced. We describe
the procedure of the competition and the data that were
provided. The methodology for the AR model is detailed in
Section III. Section IV shows an analysis of the competition
results. We further conduct an ex-post analysis comparing the
results of various AR models and the k-NN and NN models.
The conclusions of this paper are given in Sections V.

II. COMPETITION SETTING AND DATA

In cooperation with several technical sponsors, EEM orga-
nizers provided historical weather and production data of a
wind power plant portfolio. The teams were asked to predict
the quarter-hourly wind power generation of a wind power
plant portfolio for the next 3-40 hours (152 quarter-hour
values) on a daily rolling basis for the competition period of
14 days. The competition started on April 3, 2017 and ended
on April 16, 2017. The data were released every day at 08:00



TABLE I
LIST OF VARIABLES

Notation Explanation
u zonal component of wind speed
v meridional component of wind speed
ρ temperature
H global radiation
h height above ground (20,50,75,100)
L location (1,2,3,4,5,6,7,8,9,10)
y generated wind power
N number of observations

and the teams were required to submit the forecasts by 10:00.
This means that the forecast period was from the hour 10:00
on the submission day (D) until the hour 24:00 of its next day
(D+1). A total of 44 teams joined the competition in the first
round where 26 teams continued until the last (14th) round.
The timeline of the competition can be seen in Fig. 1.

Fig. 1. Timeline of the competition

Two sets of data were provided. The first set included four
meteorological variables in a three-hours-resolution. These
variables are: zonal component of wind speed vector, merid-
ional component of wind speed vector, temperature and global
radiation. Furthermore, two additional inputs were provided:
height above ground and location.

There were variable measurements from four height levels
(25, 50, 75 and 100 m.) and ten different locations (L1, L2

etc.). Therefore, for each meteorological variable, there were
40 values at each time stamp. The teams were allowed to select
as many number of variables as they required.

The second data set included generation of the wind power
plant portfolio in MW in a fifteen-minutes-resolution (Fig. 2).

In order to train the model, one year of historical data from
both sets were provided.

Accuracy of the forecasts was assessed by two references
based on mean absolute error (MAE) measure. MAE score is
given by Eq. (1).

MAE =
1

N

N∑
t=1

∣∣∣Xt − X̂t

∣∣∣ (1)

where Xt is the actual value at period t , X̂t is the predicted
value at the same period and N is the number of point
forecasts.

The first reference calculates the accuracy of the forecasts
for the day D and the second reference calculates the accuracy
of the forecasts for the day D+1. Both of these two references
have equal weights. The final score is the average of all the
MAE scores at each round minus the two worst performances.
The team with the lowest cumulative weighted MAE wins the
competition.

Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar
0

50

100

150

200

250

300

W
in

d 
po

w
er

 g
en

er
at

io
n 

(M
W

)

Fig. 2. Competition’s wind power generation data in 15-min resolution
covering a full year

III. METHODOLOGY

Forecasting procedure consists of three steps: a) Data clean-
ing, b) Model building and data fitting and c) Monte Carlo
simulation of the fitted model. These steps are detailed below.

A. Data cleaning

Data cleaning or data cleansing is the process of detecting
incorrect or missing data in the time series. It also includes
the detection of outliers and the data smoothing. The Hampel
filter included in Matlab [14] is used to remove the outliers and
smooth wind power generation data. The effect of this filter
can be seen in Fig. 3. The provided data show some steep and
rapid changes at several instances. These may be true changes
in the wind power generation for some reason or they can
be measurement errors. In this work, these step changes were
smoothened to increase the fitness of the regressed model.
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Fig. 3. Data smoothing using the Hampel filter

B. AR/ARMA modeling

AR and ARMA models can be used to model stochastic
processes. In an AR model, Eq. (2), the output variable
depends linearly on its own previous values and a stochastic
term (error term). In an ARMA model, the output variable
depends linearly on its own previous values, the error term
and past values of the error term as well. An AR model is
represented as

yt = c+

p∑
i=1

ϕi · yt−i + εt (2)

and an ARMA model can be written as

yt = c+

p∑
i=1

ϕi · yt−i +

q∑
i=1

θi · εt−i + εt (3)

where yt is the output variable (wind power generation) at
period t, c is a constant, ϕ1, ..., ϕp are the autoregressive
parameters (order p), θ1, ..., θq are the moving average pa-
rameters (order q) and εt is the error term, which is a white
noise process with zero mean and constant variance σ2.

Box-Jenkins methodology is used for building a qualitative
forecasting model [15]. This is a trial and error process
consisting of four steps:

1) Model identification: After applying the logarithmic
transformation and integrating the time-series as many
times needed to become stationary if needed, the auto-
correlation (ACF) and partial autocorrelation functions
(PACF) are used to select the orders of p, q.

2) Model estimation: Given the orders of the model from
the previous step, a least squares or maximum likelihood
method is used to estimate the parameters of the model.

3) Diagnostic checking: In this step, the error is checked
to verify it follows a white noise process. The fitness of
the model can also be checked with some tests such as
the Bayesian information criterion (BIC) and the Akaike
information criterion (AIC). If the tests fail, then the we
go back to the first step and modify the initial model.
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Fig. 4. Wind power forecast and scenario generation using AR model and
Monte Carlo simulation

4) Forecasting: After the model has been fitted to the
historical data, it can be used to forecast future values
of the time-series.

C. Monte Carlo simulation and forecasting

Multi-step ahead forecasting can be done using the
AR/ARMA model in an iterative way: assuming that yt−1 is
the last known value, the next period forecast yt is calculated
using Eq. (2) or Eq. (3). Then, the forecast yt is used for the
next prediction yt+1 and so on. In each round, the error term
is assumed to be zero. This gives a prediction series that starts
from a value close to the last known value yt−1 and moves
towards the mean value of the model. For an AR(1) model,
this means that the value is given by Eq. (4). Such a prediction
is depicted with the red line in Fig. 4.

µ =
c

1− ϕ1
(4)

Monte Carlo simulation is another approach to make a fore-
cast by simulating various scenarios of wind power generation.
The procedure is similar as before with the difference that the
error term takes some random value picked from a normal
distribution with zero mean and σ standard deviation. The
average value of all scenarios per period (average scenario)
is the forecast. If adequate numbers of scenarios are used,
the average scenario approximates the forecast of the previous
way. Fig. 4 shows 10 scenarios created with this method. It
should be noted that some scenarios for some periods may be
negative. Since wind power generation is a physical quantity
and cannot take negative values, the negative values of the
scenarios are set to zero.

IV. MODEL TESTING AND RESULTS

This section consists of two parts. The first part presents the
testing phase which includes the analyses carried out to find
a suitable model. It resulted in choosing the AR(1) model
during the competition phase. The second part presents the
competition results.
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Fig. 5. Autocorrelation and partial autocorrelation functions of wind power
generation time series

A. Testing phase

Initially, the training data set was split into two subsets. The
first one was used as a training-fitting set for the candidate
models and was contained the first 359 days (1-359). The
second one was used as an out-of-sample test set to measure
the performance of the candidate models. This set contained
the last 7 days of the initial training data set (360-366). The
Hampel filter was applied to the wind power generation data
in the training data set.

To decide about the orders of p and q, the sample ACF and
PACF are plotted in Fig. 5. ACF decreases gradually while
PACF cuts off after the lag 1. This is a sign of an AR(1)
stochastic process. However, there is some minor dependence
in the lags 2-5 and 97. The big lag corresponds to 24 hours
(24 hours by 4 quarters

hour ). For this reason, apart from the
AR(1) model, various other AR and ARMA models were
tested. Table II contains the average MAE scores achieved by
models AR(1), AR(2), AR(97) and ARMA(1,1) in the training
step. After the models were fitted to the data, they generated
predictions similar to the competition setting for the whole
period of the training set. Table III contains the MAE scores
achieved by the aforementioned models in the independent test
set. The setting was exactly the same as in the competition.
Six rolling predictions were done in days 359-365 covering
the period 8:00 of the day 359 till 24:00 of the day 366. The
table provides the average MAE scores for each round and the
average MAE score of all six rounds.

We can see that the AR/ARMA models in the tables achieve
similar results both in the in-sample and out-of-sample sets.
We can also see that the score in the in-sample set is lower
than the score in the out-of-sample set. This is not so much
due to the imposed bias as explained before, but due to the fact

that the training set contains a period with low wind power
variability (April-September) that all models achieve very low
MAE scores reducing its average value.

Model parameter values are given in Table IV. Since the
models achieve similar results, and ϕ2 and θ1 parameters
are close to zero in the models AR(2) and ARMA(1,1), the
model AR(1) was chosen as the best one for the wind power
generation data.

TABLE II
IN-SAMPLE TRAINING SET MAE SCORES

AR(1) AR(2) AR(97) ARMA(1,1)
MAE 29.40 29.40 29.43 29.40

TABLE III
OUT-OF-SAMPLE TEST SET MAE SCORES

Round 1 2 3 4 5 6 Mean
AR(1) 40.8 55.2 61.5 76.2 54.2 31.5 55.3
AR(2) 41.6 61.5 61.2 73.9 61.6 31.9 55.3
AR(97) 42.0 62.0 61.7 74.0 60.4 30.9 55.1

ARMA(1,1) 41.6 61.5 61.2 73.9 61.6 31.9 55.3
NN 39.5 47.5 76.4 66.3 68.9 39.9 56.4

KNN 36.2 53.0 53.8 120.4 43.2 29.0 55.9

TABLE IV
AR/ARMA MODEL PARAMETERS

Round c ϕ1 ϕ2 ϕ96 θ1 σ2

AR(1) 0.209 0.995 - - - 24.23
AR(2) 0.209 0.995 2.17e-5 - - 24.23

AR(97) 0.221 0.995 - -0.0005 - 24.22
ARMA(1,1) 0.209 0.995 - - -1.11e-5 24.23

Apart form the AR/ARMA models, models based on the k-
nearest neighbors algorithm (k-NN) and the neural networks
(NN) were also tested. In short, the forecasting procedure for
these models was as follows:

1) k-NN: The algorithm was used to find the most similar
periods in terms of wind power generation as the last
day before the forecasting period. For this reason, only
wind power generation data were used. Assuming that a
prediction of day D+1 is needed, the algorithm finds the
days in the past that have similar wind power generation
pattern as day D. Assuming that these days are D-100
and D-12, then the prediction for the day D+1 was the
average wind power generation of the days D-99 and
D-11.

2) NN: The NN was trained to fit past weather data to
future wind power generation. For this reason, both
weather and wind power generation data were used.
Assuming that a prediction of day D+1 is needed,
weather variables of the day D are used to make the
prediction.

Results of the two methods are given in Table III. We can see
that on average, both methods achieve a little worse results
compared to the AR/ARMA models. k-NN seems to be more
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Fig. 6. Average MAE score of AR, NN and k-NN models for each hour of
the forecasting horizon

promising as it achieved better results in each round apart
from one compared to the other models. Furthermore, Fig. 6
shows the average MAE scores of the six testing rounds for
each hour of the forecasting horizon. This is done for models
AR(1), NN and k-NN. From the figure, it is obvious that
the AR(1) outperforms the other two models in short-term
foresting (up to 6-10 hours ahead). For the rest of the period
of the forecasting horizon (up to 40 hours ahead) all models
achieve similar scores.

Based on the above analysis of the testing results, the AR(1)
model was chosen for the competition phase.

B. Competition results

The MAE results for each round are given in Table V. The
final cumulative average MAE score is 20.5070. Fig. 7 shows
the actual wind power generation during the 14 rounds of the
competition and the forecasts that were submitted. It is clear
that the forecast series for each round start with a value close
to the last known value and converges towards the model’s
mean value which is approximately 41.8. Table VI presents
the cumulative average MAE scores of the 5 best teams in the
competition.

TABLE V
COMPETITION RESULTS - ROUND MAE SCORES

Round 1 2 3 4 5
MAE 15.7667 26.2059 13.8404 25.4674 40.9869
Round 6 7 8 9 10
MAE 29.8597 32.6275 9.7445 16.6536 30.3870
Round 11 12 13 14
MAE 11.2611 17.2053 17.0645 34.1513

V. CONCLUSIONS

This paper presents the methodology used by team 4C to
produce wind power generation predictions in the EEM17
forecasting competition. The forecasting method is based on

TABLE VI
COMPETITION RESULTS - CUMULATIVE MAE SCORE OF FIRST 5 TEAMS

Team rank 1 2 3 4 5
MAE 19.5906 20.5070 20.5590 21.6042 22.1197

an autoregressive model, AR(1). The advantage of using such
model is its simplicity, the minimalized requirements for
only past wind power generation data and the possibility to
create wind power generation scenarios using Monte Carlo
simulation. The model is quite good for short-term forecasting
while it gives average results for longer forecasts. For this
reason, this model can be used as a benchmark tool for more
sophisticated models. On the other hand, the forecasts pro-
duced by this model cannot capture the wind power variations,
though it is possible to create various scenarios.
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