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Abstract—The intermittent and unstable nature of wind raises
significant challenges for the operation of wind power systems,
either residential installations or utility-scale implementations,
necessitating the development of reliable and accurate wind
power forecasting techniques. Given that wind speed forecasting
is typically considered the intermediate step for wind power
forecasting, the present work proposes a novel short-term wind
speed forecasting model based on an artificial neural network
(ANN), with the key characteristic that statistical feature
parameters of wind speed, wind direction and ambient
temperature are employed in order to reduce the input vector
and thus the complexity of the model. The results obtained
indicate that the proposed model strikes a reasonable balance
between accuracy and computational requirements for a
forecasting time horizon of 24 hours, providing a light-weight
solution that can be integrated as part of energy management
systems for small scale applications.
Keywords—artificial neural network; smart house; statistical
feature parameters; wind speed forecasting

I. INTRODUCTION
The pressing need over the years for security of energy
supply as well as renewable and clean energy generation has
accelerated, among others, the theoretical advances and
applied developments in wind turbine technologies [1], [2].
Wind power has emerged as one of the most appealing
renewable energy sources, resulting in the installation of an
increasing number of wind turbines worldwide [3]. It is
indicative that the average size of newly delivered wind
turbines to the market in 2012 was 1.8 MW, against an
average of 1.7 MW for 2011 [4]. The global wind power
capacity reached approximately 282.5 GW by the end of 2012,
with 45 GW of new capacity being installed during this year
and reflecting a growth of 19% [5]. With the highest capacity
of commercially available wind turbines currently at 7.5 MW,
a number of companies are already working towards the

development and implementation of larger size models.
Meanwhile, recent years have also witnessed particular
research interest for small wind turbines with rated power less
than 200 kW [6], [7]. In support of this, the available data
indicate that the industry of smaller wind turbines (<100 kW)
is also promising [4], given that manufacturers offer nowadays
advanced technology solutions for a range of applications,
including residential or complex buildings, grid-connected or
isolated systems.
In general, the evolution of residential electricity
consumers into the so-called “prosumers” that have the ability
to consume, produce and store electricity [8], requires radical
changes in the structure and operation of the electricity grids.
Therefore, the wider deployment of distributed energy
resources (DERs) has triggered considerable research efforts
for the integration of the decentralized generation units into
the main grid [9], towards the realization of the smart grid
vision [10].
In this direction, real-time monitoring and control over the
electricity usage is considered to be beneficial even for
residential electric utility customers, given that the average
data available from monthly electricity bills are insufficient
for energy management decisions [11]. This becomes more
important in the case of a modern residence, or a “smart
house”, where apart from consumption, electricity is generated
from micro-renewable energy sources (microRES), e.g.
residential wind turbines or solar photovoltaic (PV) panels,
while electricity storage options may include a fixed battery
and/or a battery of a plug-in electric vehicle that can be
connected to the electric system of the “smart house” in order
to exchange electricity bilaterally [12]. It follows that a
number of energy management decisions arise in this case,
e.g. charge/discharge the fixed and/or the EV batteries and
buy/sell electricity from/to the grid. In this context, forecasting
of the power output from the microRES within a certain time

frame offers the opportunity for more efficient energy
management decisions, e.g. scheduling the operation of the
“smart” household appliances in the most beneficial time in
order to maximize the profit for the “prosumer”.
Given the dependence of wind turbine power output on
wind speed, a typical approach in wind power forecasting
consists in matching the forecasted wind speed values on the
wind turbine power curve, as in [13]. A careful review of the
relevant literature indicates that there is growing research
interest on wind speed/power forecasting [14]-[16], which is
considered to be a complex yet challenging problem [3] due to
its high uncertainty, variability, and temporal and spatial
dependency. More specifically, wind speed forecasting
methods are typically divided into two broad categories,
namely physics-based numerical weather prediction (NWP)
models and data-driven approaches [13]. NWP models have
been widely used to forecast global wind conditions and other
meteorological parameters [17], but they are characterized by
intrinsically high computational requirements. On the other
hand, data-driven approaches are based on historical wind
speed data and can be further divided into two groups, namely
statistics-based methods and artificial intelligence-based
models [13]. The former ones take advantage of the
autoregressive behavior of the wind [18], however the
forecasting accuracy decreases rapidly with the look-ahead
time [19]. Typical examples include approaches based on time
series [20], Kalman filtering [21], Markov chain models [22],
and Bayesian methods [23]. For the latter group, an indicative
list of computational intelligence techniques consists of
artificial neural networks (ANNs) [24], fuzzy systems [25],
and support vector machines (SVMs) [26]. Moreover, hybrid
strategies that combine one or more of the aforementioned
approaches are proposed in [27], [28].
The time horizon of wind speed forecasting algorithms
depends on the application and typically ranges from a few
seconds (very short-term forecasting) up to one week ahead
(long-term forecasting). Relevant studies show that statistical
methods generally outperform NWP-based models in terms of
forecasting accuracy for the first four hours, whereas the latter
ones are preferable for longer forecasting horizons [18].
Moreover, approaches that combine multiple computational
intelligence techniques can effectively reduce the wind power
forecasting errors [17]. In this context, significant research
efforts are focused on methods for forecasting up to 24 h
ahead to facilitate the integration of grid-connected wind
farms under the distributed generation scheme as well as to
optimize the control of stand-alone and hybrid systems.
Combining the above, the objective of this study is to
develop an acceptably accurate wind speed forecasting tool as
part of an energy management system for smart buildings
using small low-cost autonomous devices, given that good
wind speed and power forecasts are particularly important not
only for reducing energy storage requirements and operation
costs, but also for participating in the short-term electricity
market. To this end, the present work proposes a short-term
wind speed forecasting model for residential settings or small
scale commercial applications, based on an ANN using
statistical feature parameters in order to combine low
computational complexity and input information requirements.

Feeding the raw dataset from meteorological sensors in the
model’s input, without pre-processing as in typical ANNbased approaches, may have potentially substantial
implications on the performance and generalization capability
of the forecasting model, due to over-parameterization or
over-fitting of the input data [29]. To overcome these
shortcomings, the proposed model employs statistical feature
parameters in the input vector, while the optimum structure of
the ANN model is determined through cross-validation using a
trial-and-error approach, as in [30], [31], for the case of
forecasting of solar irradiance and photovoltaic (PV) power
production.
The rest of this paper is organized as follows. Section II
describes the development of the forecasting model, the results
obtained are discussed in the subsequent section III, while
Section IV outlines the main conclusions.
II. METHODOLOGY FOR SHORT-TERM WIND SPEED
FORECASTING
A. Measurements and Data
For the purposes of this work, data were collected from the
wind station located at the University of Deusto, Bilbao,
Spain, covering the period from October 2010 to October
2011. The wind station collects data every 10 minutes in time
series format and each measurement represents a sample of
wind speed, wind direction and average temperature. Table I
summarizes the main statistics of the relevant measurements.
B. Preliminary Analysis of Collected Data
A preliminary analysis of the collected data was conducted
to identify the relations among parameters implicated in wind
speed forecasting and thus determine which statistical feature
parameters could be considered as potential inputs in the
proposed model. Specifically, the measurements from the
anemometer indicate that the highest variations of the wind
speed during the year depend on the wind direction. Although
the Spearman correlation between wind speed and direction is
non-significant with a value of -0.3585, Fig. 1 shows that the
highest speed values are collected in intervals centered at the
direction angles 130° and 310°.

TABLE I.

SUMMARY STATISTICS

Wind speed
(m/s)

Temperature
(°C)

Wind
direction (°)

Min

0.30

3.30

0

First quartile (Q1)

3.20

13.00

112

Median

5.90

16.70

134

Mean

7.05

17.39

176

Third quartile (Q3)

10.10

21.20

271

Max

26.40

39.50

359

Measure

After filtering and processing of the collected dataset, it
may be observed that there is no correlation between wind
speed and temperature, even though the analysis of the daily
data reveals, as expected, that there is a moderate negative
correlation between wind speed and increment of temperature
during the night hours. In addition, a non-significant statistical
correlation is observed between temperature and wind
direction (ρSpearman=0.248, sig. 0.01). However, it is noted as a
side observation that the temperature is lower when the wind
comes from the north compared to the case of the wind
blowing from the south, as shown in Fig. 2, where the
boxplots represent the interquartile range of the temperature
sample for each wind direction, after removing the outliers.
C. Input Parameters for ANN-based Forecasting Model
The main characteristic of the proposed ANN-based
approach for forecasting of wind speed is the use of statistical
feature parameters in the multilayer perceptron (MLP) model,
as in [31]. To define the input vector, different statistical
parameters from the main features are considered, namely
wind speed, wind direction and temperature. At this point, it is
important to note the following: a) the wind speed is stochastic
and highly variable, b) to the authors’ knowledge no
mathematical models exist that could be used as a reference in
order to introduce additional statistical parameters for this
purpose, and c) the relationships between variables are
relatively poor, as shown in the previous sub-section.

[

I = Wavg , Wstd , FODmax , Tavg ,Wdir , d

]

(1)

Fig. 1. Observed relation between wind speed and wind direction angle.

The initial analysis of the wind speed time series reveals
the expected non-stationary behavior and thus suggests the use
of the first order difference FOD as a possible parameter (Fig.
3). The first difference of a time series, denoted as
∇xt = xt − xt −1 , eliminates the linear trend of the series. The
maximum of the first difference of the wind speed, denoted as
FODmax = max {∇xt } , provides information about the
variation of the wind speed during the day. Preliminary results
with the use of this parameter only point to the fact that
additional key statistical parameters from the wind speed
could potentially improve the quality of the model.

The average of the wind speed Wavg and its standard
deviation Wstd in the last 24 h are included to determine the
dispersion of the data in the sample used in relation to the
sample mean. For the temperature parameter, the average Tavg
of the last 24 h is used, given that the temperature variation
between day and night hours in the region under study can be
considered relatively low. The last feature employed is the
wind direction angle, which has a large number of small
variations during the day around more or less stable values.
For this reason, the mode of the wind direction angle Wdir is
used as a statistical parameter for the wind direction.
Summarizing, the forecasting factors used for determining
the input vector I, defined in (1), consist of the average of the
wind speed in the last 24 h, the standard deviation of the wind
speed in the last 24 h, the maximum of the first order
difference of the wind speed, the average of the temperature in
the last 24 h, the mode of the wind direction in the last 24 h,
and the day of the year d∈[1,365].

Fig. 2. Observed relation between temperature and wind direction.

Fig. 3. Wind speed time series (top left), first order difference FOD (bottom
left), autocorrelation ACF (top right) and partial autocorrelation PACF
(bottom right).

D. ANN-based Forecasting Model
As already pointed out, the distinctive characteristic of the
proposed approach for forecasting 24 h ahead of wind speed is
the use of statistical feature parameters in the MLP model. To
this end, typical feed-forward neural networks using the input
vector defined in (1) are trained and tested. The neural
networks employed for the purposes of this work consist of
one hidden layer with p neurons, while the output layer is a
vector of 24 components representing the estimated wind
speed in the next 24 h (Fig. 4). Two different training methods
are examined, namely the Levenberg-Marquardt algorithm
(LMA) and the back-propagation algorithm (BPA). Before
applying a training algorithm, the whole dataset is normalized
in the interval [-1,1] using (2), where ymin equals -1, ymax
equals 1, while xmax and xmin are the maximum and minimum
values in the dataset.
y = ymin + ( ymax − ymin )( x − xmin ) / ( xmax − xmin )

(2)

E. Prediction Error Indicators
Let us consider the time series X t = {xt | t = 1, 2, … , k }
containing the real values captured by a sensor and
Xˆ t = { xˆt | t = 1, 2, … , k } representing the forecasted values of
Xt, where k is the length of the time interval. In the context of
this work, three typical statistical error indicators are
employed to evaluate the forecasting accuracy of the proposed
model [31], namely mean absolute error (MAE), mean
absolute percentage error (MAPE), and mean square error
(MSE) defined in (3)-(5) respectively [32]. These measures,
along with the coefficient of determination, are wellestablished evaluation criteria of model performance in the
literature of wind speed/power forecasting [29], [33], [34].
Practically, MAE measures the average magnitude of errors
between forecasted and observed data, MSE assesses the
dispersion of error, while MAPE expresses accuracy as a
percentage of the error.

Fig. 4. Structure of the proposed ANN-based wind speed forecasting model.
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III. RESULTS
A. Training of ANN and Best MLP Architecture
The measurements of the model’s parameters (collected
for the time period from October 2010 to October 2011) were
divided into a training dataset, which is used for calibrating
the connection weights of the nodes in the MLP, and a testing
dataset, which is used for assessing the performance of the
model in forecasting after the connection weights of the nodes
have been determined with the training process. Specifically,
the training and testing datasets comprised 90% and 10% of
the available data respectively. A cross-validation approach
was adopted for monitoring the training process to avoid overfitting, i.e. the training dataset was further partitioned into
training and validation subsets to test the model during the
training phase and stop the training process when the error in
the validation subset increases.
The trial-and-error method was employed for determining
a proper architecture for the MLP with one hidden layer. Table
II presents the values of the prediction error indicators
obtained for alternative MLP layouts, indicating that the one
with p=13 neurons in the hidden layer provides a reasonable
compromise between the size and performance of the ANN.
Based on the 6x13x24 MLP structure, a second trial-and-error
analysis was carried out to test four activation functions,
namely log-sigmoid transfer function (logsig), linear transfer
function (purelin), radial basis transfer function (radbas) and
hyperbolic tangent sigmoid transfer function (tansig), using
two training methods, namely LMA and BPA. Table III shows
the values of the performance indicators of the model’s output
as well as the corresponding coefficients of determination R2
in the training and testing datasets, for all the combinations of
activation functions and training methods. Specifically, the
training process of the ANNs revealed that LMA is faster than
BPA and it achieves better fitting on the training set (Table
III). For the LMA, the coefficient of determination R2 ranges
from 0.73 to 0.81 and for BPA from 0.71 to 0.78. The radial
basis and tangent activation functions have the best fitting
results when using LMA, with R2 values equal to 0.80 and
0.81 respectively. Moreover, no results were obtained for the
linear activation function using BPA. Regarding the
computational requirements, it is noted that the execution
times of the tests performed on a standard PC with Intel 1.6
GHz processor and 4 GB of RAM varied from 12 to 20 sec.

Fig. 5. Wind speed forecasting for 15 days (left) and correlation between actual and forecasted values for the training dataset (top right) and testing dataset
(bottom right).

RESULTS OF TRIAL-AND-ERROR ANALYSIS FOR MLP
ARCHITECTURE

TABLE II.

MLP Layout

MAE (m/s)

MAPE (%)

MSE (m2/s2)

6x12x24

2.31

4.78

8.74

6x13x24

2.31

4.62

8.54

6x14x24

2.32

5.48

9.46

6x15x24

2.37

5.07

9.65

6x16x24

2.15

4.75

7.46

6x17x24

2.35

5.14

9.73

B. Simulation for 15 Days
Fig. 5 illustrates the output of the proposed ANN (training:
LMA, activation function: tansig) for 15 days using a 24 h
time frame, revealing a high correlation with the real
measured values (correlation value close to 0.9) and thus a
reasonable balance between forecasting accuracy and training
computation requirements. In every new execution, the last 24
h of the actual wind data are included in the model to improve
the quality of the results for the next 24 h forecast. Although
all forecasts are represented in the same figure (Fig. 5), it is
important to note at this point that the forecasting horizon is
24 h so that the results of the models are independent in each
run and not related to the previous forecast.
IV. CONCLUSION

TABLE III.

COMPARISON BETWEEN THE USE OF DIFFERENT ACTIVATION
FUNCTIONS
MAE
(m/s)

MSE
(m2/s2)

R2
training

R2
testing

logsig

2.21

5.31

0.78

0.72

purelin

1.98

5.62

0.73

0.81

radbas

2.28

4.88

0.80

0.75

tansig

2.36

3.99

0.81

0.72

logsig

1.95

4.87

0.78

0.70

purelin

-

-

-

-

radbas

2.21

5.04

0.77

0.73

tansig

2.16

4.15

0.71

0.68

Algorithm

Activation
Function

LMA

BPA

This paper presents a novel ANN-based wind speed
forecasting model using statistical feature parameters of wind
speed, wind direction and ambient temperature. A key
characteristic of the proposed approach is the light-weight
implementation, rendering it particularly suitable for mobile or
embedded devices with low computational power, such as
Arduino or Raspberry-Pi. More importantly, the comparison
of the measured data with the output of the model shows that
the proposed approach is capable of effectively representing
the behavior of the wind speed for the 24 h ahead, and thus
provides a fast algorithm that can be combined with wind
turbine models in order to forecast their power output.
Consequently, the proposed short-term wind speed forecasting
model constitutes a practical solution that could be integrated
as part of energy management systems for modern residences
or small businesses, where the installed microRES include
small-scale wind turbines, necessitating a reasonable balance
between forecasting accuracy, availability of required data and
computational requirements, while operating with a
forecasting time horizon of 24 h.
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