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University of Zagreb

Faculty of Electrical Engineering and Computing
Unska 3, 10000 Zagreb, Croatia

E-mail: vedrana.spudic@fer.hr, matej.maric@itgcentar.hr, nedjeljko.peric@fer.hr

Abstract

With increase of wind power penetration into
electrical grid its influence on grid conditions
grows. Therefore, new demands upon wind
power plants emerge. Such demands are track-
ing of the imposed power set point and respect-
ing imposed constraints on rate of change of
the injected power. Due to large blade inertia
conventional wind turbine pitch control system
is not always capable to meet this objective.
This is especially pronounced during large wind
gusts. The basis for enhancement of ability of
the control system to meet new objectives could
be based on feed forward information about up-
coming wind gusts. In this paper the strategy of
spatially distributed wind predictions based on
neural networks is proposed and validated on
measurements obtained at test site. The mea-
surements from an upwind meteorological mast
were used to predict the upcoming wind gust on
downwind position.

1. Introduction

Wind generated electricity is a highly unpre-
dictable intermittent power source. Tradition-
ally, main objective in wind energy production
was maximizing the power output. Since the
wind speed changes in time and wind power is
proportional to cube value of wind speed expe-
rienced by wind turbine rotor, maximization of
power output inevitably leads to power fluctua-
tions.

With increase of wind power penetration into
electrical grids its influence on grid conditions
increases and demands upon produced power
characteristics emerge. According to devel-
opment of national grid codes it is expected
that demands upon wind farms will grow fur-
ther and that tracking of the imposed power

set point and power rate of change will be re-
quired. Classical wind turbine control system
which relies on wind turbine speed and power
measurements is not entirely appropriate for
such demands. Main reason for it is slow pitch
actuator response in comparison to dynamics
of sudden change of wind speed during wind
gusts. Large wind gusts cause output power
to exceed its set-point due to slow reaction of
pitching mechanism caused by large blade in-
ertia. This introduces an overshoot in set-point
tracking which could be avoided by employing
better control technique. Disturbance on set-
point tracking is specially pronounced in situa-
tions when wind gust causes wind speed to in-
creases from a value beneath to a value above
nominal wind speed. In such cases the dead
time, which is caused by releasing the brakes
of pitching mechanisms, further deteriorates the
system response. Also, additional objective in
wind turbine control is alleviation of loads ex-
perienced by wind turbines. During wind gusts
wind turbines experience extreme loads. De-
scribed problems motivate the employment of
control algorithm which would treat wind gusts
as a separate operating scenario with different
control strategy than what might be called nor-
mal operation. To identify this operating sce-
nario and to enable the adequate use of slow
actuators wind gust predictions are required.

The aim of this research is to provide a sim-
ple way of predicting abrupt changes in wind
speed which lead to large changes in electrical
power injected into the grid. If the information
about upcoming wind gust would be given, wind
turbine control system could react in advance
by adapting its objective from normal operation
(maximizing energy output) to alleviation of dis-
turbance on power output (or some load reduc-
tion strategy).

In this paper a methodology for spatially dis-
tributed predictions of wind gusts is proposed.
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The predictions are based on upwind measure-
ments of wind speeds. The motivation for the
used methodology is acquired from observing
cross correlation functions between wind speed
time series measured at spatially distant points.
This approach does not use any meteorological
data or computationally demanding algorithms.

The paper is organized as follows. In Sec-
tion 2 wind characteristics which motivated this
methodology will be outlined. Proposed solu-
tions are described and discussed in Section 3.
Validation on experimental measurements are
presented in Section 4. Section 5 concludes the
paper with a discussion on the appropriateness
of proposed technique.

2. Characteristics of wind resource

Wind is highly variable power resource, both
temporally and spatially. There are several
forces which drive or effect wind: on the global
scale these are Coriolis force and difference
in absorbtion of solar energy between climate
zones, and on the smaller scale these are pres-
sure gradient forces, friction forces and buoy-
ancy forces. An effort to describe the evolu-
tion of wind through physical laws employs a
very complex mathematical apparatus, which
requires much computational time. Therefore,
it is not a suitable approach for short term wind
prediction. In this section we describe charac-
teristics of wind resource that emerge from ap-
proximations of physical mechanisms of turbu-
lent flows, as well as from analyzing and fitting
data obtained by measurements.

2.1. Taylor’s hypothesis

The characteristics of wind as a turbulent
medium are functions of spatial coordinates and
time. According to Reynolds decomposition,
turbulent flow can be observed as a collection
of eddies that evolve in time and space as they
float with the mean flow:

u(x, y, z, t) = U(x, y, z) + u′(x, y, z, t),
(1)

where u(x, y, z, t) is wind speed, U(x, y, z)
denotes time average of u and u′(x, y, z, t) is
fluctuating part - eddies. The process of evolu-
tion of eddies is very irregular in space and in
time and is subject to ongoing change. How-
ever, Taylor’s hypothesis states that, in certain
circumstances, the advection contributed by
turbulent fluctuations can be considered small

and that therefore the advection of a field of tur-
bulence past a fixed point can be entirely as-
signed to the mean flow, [1]. This is described
by the relationship:

∂u(x, t)/∂t = −U∂u(x, t)/∂x, (2)

where x is distance from the measurement
point in the wind direction. This assumption is
also known as frozen turbulence hypothesis be-
cause it states that, when observed from a fixed
point, turbulence can be considered frozen as
it travels by the sensor with mean flow speed.
Taylor’s hypothesis is considered valid if mean
wind speed is much larger than velocity of fluc-
tuating part.

The expression (2) is often used for approxi-
mations of wind propagation in finite time steps
in wind direction, [2]:

u(−U∆t, t) = u(0, t + ∆t), (3)

that is the wind speed at point x = 0 at time
t + ∆t is equal to the wind speed at time t at
point −U∆t, where U is the speed of mean
flow.

Taylor’s hypothesis provides a link between
temporal and spatial characteristics of wind.
The covariance functions of turbulence in time
at a fixed location and in space in the longitu-
dinal direction are proved by experimental data
to be, to a good approximation, the same func-
tions, [3]:

R̃ij(∆t) = R̃ij(s), s = U∆τ, (4)

where ∆t is time lag and s is space lag. In [3]
validity of this relation is shown experimentally
for space lags up to 252m. The size of correla-
tions are shown to decrease exponentially with
increase of lags. This functional dependency
provides an insight about validity of approxima-
tion (3).

2.2. Spectral characteristics of wind

The (auto-)spectrum of wind speed de-
scribes temporal variations of wind speed at
any given point in space. Since turbulent ed-
dies decay at high frequencies, most of energy
is contained at low frequencies of the spectrum.
Experimental measurements confirm the Kol-
mogorov law, which says that at high frequen-
cies spectrum approaches an asymptotic limit
proportional to n−

5
3 , where n is frequency in

Hz, [4]. Different models and parameterizations
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for describing wind spectrum are derived, but
most commonly used are Kaimal and von Kar-
man spectrum. They describe spectral compo-
nents of wind speed as function of mean wind
speed, turbulence intensity and characteristics
of terrain where measurements are performed.
Kaimal spectrum is given by, [4]:

nSu(n)

σ2
u

=
4nL1u/U

(1 + 6nL1u/U)5/3
, (5)

where n denotes frequency, Su(n) is the au-
tospectral density function for the longitudinal
component, σu is turbulence intensity, U is
mean wind speed and L1u is length scale, a
parameter which depends on terrain at which
measurement is performed.

A measure of statistical ”resemblance” be-
tween two series of data in spectral domain
is provided by coherence function. Coherence
function is defined as, [5]:

γ2
12 =

|S12(n)|2
S1(n)S2(n)

, (6)

where S12(n) is the cross-spectral density be-
tween measurements at points 1 and 2, and
S1(n) and S2(n) are auto-spectral densities of
measurements obtained at points 1 and 2 re-
spectively.

One should notice that coherence func-
tion does not explicitly provide any information
about phase delay between analyzed series of
data. Coherence function can therefore be de-
scribed with similar relations for all relative po-
sitions of measurement points and wind direc-
tions. Special cases of such relative positions
are longitudinal, lateral and mixed separation,
as depicted in Figure 1. It is also interesting to
observe that if expression (3) were entirely valid
coherence between two measurement points
aligned with wind direction would be unity. Time
lag between two measured series would be vis-
ible only from phase of cross-spectral density.

Coherence between distant wind measure-
ments is most commonly modeled with an ex-
ponential model. This model was first proposed
by Davenport in 1961 for vertical separations
and later found valid for longitudinal and lat-
eral separations too, [5], [6]. The exponential
coherence model was parameterized differently
in different works, to fit better with different at-
mospheric conditions and terrains, see [5] and
references thereof.

d
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α

Figure 1. Lateral, longitudinal and mixed
separation. Arrows denote wind

directions.

In [5] Schlez and Infield define an exponen-
tial coherence model which covers all possible
separations. It is given by:

γ2(n, d, U) = e−a(d/U)n, (7)

where a is a decay factor which is a function of
inflow angle α, see Figure (1). Expression for
decay factor proposed in [5] is:

a =
√

(along cos α)2 + (alat sin α)2. (8)

Parameters along and alat denote decay factor
for longitudinal and lateral separation respec-
tively and they are determined experimentally.
Recommendation for choice of these parame-
ters provided by Schlez and Infield is:

along = (15± 5) · σ
U
, (9)

alat = (17.5± 5)(m/s)−1 · σ, (10)

where σ denotes standard deviation of wind
speed measurements.

Relations (7)–(10) demonstrate that coher-
ence function decreases exponentially with in-
crease of ratio between distance between mea-
surement points and mean wind speed. Also,
size of coherence spectral components de-
creases exponentially with increase of fre-
quency. These dependencies readily coincide
with physics of the process. Coherence func-
tion defined by [5] are nonlinearly related to in-
flow angle.

3. Wind gust prediction

In this work we propose a simple method for
acquiring short term predictions of wind gusts
based on artificial neural networks. It is a spa-
tially distributed prediction principle. It uses
measurements obtained at upwind points in or-
der to predict wind speed for a downwind point.
The possibilities for employing such prediction
principle in wind farms as well as the implemen-
tation of the proposed solution are described
further on.

4



3.1. Wind gust predictions in large wind
farms

Increasingly large amount of wind power
is produced in wind farms. Wind farm are
large group of wind turbines situated at rela-
tively small area. Because the distances be-
tween wind turbines in wind farms are relatively
small, coherence between wind speeds expe-
rienced by different wind turbines is relatively
large. This means that wind gusts do not de-
compose when they are traveling from one wind
turbine to another. Therefore, when a severe
enough wind gust reaches the wind farm it pro-
duces a long lasting disturbance on wind farm
power output tracking. Also, wind gust can be
wide enough to effect several wind turbines in
line perpendicular to wind direction at the same
time. This causes a larger disturbance on wind
farm power output.

On the other hand, wind farm setup pro-
vides a significant benefit for wind gust predic-
tions. Every wind turbine provides data about
wind which it experiences, either by direct mea-
surements of wind speed, or through estima-
tion from measurements of rotational speed
(the principle of estimation is described in e.g.
[7]). Therefore, a large number of spatially dis-
tributed informations about wind speed is read-
ily available. Theoretical background regard-
ing spatial distribution of wind speed provided
in Section 2 provides a basis for approaches
proposed in this paper. One observation has
to be pointed out: for wind turbines which are
situated inside (i.e. not in the front row for any
wind direction) the rectangularly arranged wind
farm there exist upwind measurements in ap-
proximately longitudinal direction for all wind di-
rections.

The aim of this paper is to propose an idea
for simple short term wind prediction method
based on upwind measurements which can be
extended to suite the application in wind farms.
The proposed method is simple and does not
require much computational strength as would,
for instance, predictions via physical models.
The idea is based on Taylor’s hypothesis de-
scribed in Section 2.1 and spectral character-
istics of wind measurements described in Sec-
tion 2.2. Wind speeds are measured at a point
upwind and based on this measurements the
predictions are obtained for a downwind point.

3.2. Use of Taylor’s hypothesis for wind gust
prediction

The simplest form of spatially distributed
predictions can be obtained by direct imple-
mentation of Taylor’s hypothesis, given by the
equation (3). In Section 2.2 we show that ex-
perimental validations do not encourage predic-
tion of wind speed fluctuations based on Tay-
lor’s hypothesis, especially for larger distances.
This is because small wind gusts build and de-
compose while they travel through space with
mean flow. But, for larger wind gusts this is
not true, large wind gusts do change shape
in time, but they still remain distinguishable for
significant amounts of time. Inspection of co-
herence function, (7)–(10), also endorses this
observation because wind gusts are large and
longer lasting disturbances. Therefore, their en-
ergy is mostly obtained in low frequencies of the
spectrum. Since coherence reduces exponen-
tially with frequency, one can expect much bet-
ter results for wind gust prediction than for pre-
dictions of fast fluctuations around mean wind
speed.

The main problem encountered at imple-
mentation of this prediction principle is deter-
mining propagation time. In order for the pre-
dictions to be valid the propagation time should
correspond to the time lag at which correla-
tion function between series of measurements
has a distinctive peak. In theory propagation
time is the time in which mean wind flow trav-
els from one measurement point to another.
How to determine the propagation time from
consecutive measurements of data is not clear,
especially if the wind direction is not perfectly
aligned with measurement points (if separation
between wind turbines is mixed, see Figure 1).

The theory which describes wind develop-
ment as collection of eddies traveling with the
mean flow which moves with constant (mean)
wind speed motivates this relation for determin-

αrc
wind front
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U·τ
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dir
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Figure 2. Propagation time for mixed
separation.
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ing propagation time for mixed separations, [8]:

τrc =
cos αrc · drc

U
, (11)

where αrc is the inflow angle, see Figure 2 for
illustration of this relation.

Even though the governing principle of this
type of prediction is very simple, algorithmic im-
plementation for use in dynamic environment
introduces some difficulties. Firstly, to obtain
the mean wind speed for use in (11) one must
determine the length of the window for which
the mean wind speed will be computed for re-
freshing the algorithm. Secondly, computation
of propagation time according to (11) requires
measurements of inflow angle. The same prob-
lem of how to determine mean inflow angle ap-
pears. Furthermore, inflow angle is defined for
the downwind turbine (the one we are making
predictions for). So, literal implementation of
Taylor’s hypothesis would require additional ex-
change of data between wind turbines. But, if
the wind turbines are close enough using the
measurements from upwind turbine should not
introduce further mistake. Thirdly, because the
propagation time will change in time, the pre-
diction horizon will change. Namely, by using
Taylor’s hypothesis one can predict wind speed
at downwind position at time t for time up to
t + τrc. This is an inconvenient feature for ap-
plication in control systems design. As an addi-
tional consequence, interpolation would be re-
quired to obtain predictions at equidistant time
points when propagation time changes.

3.3. Use of artificial neural networks for
wind gust prediction

Prediction principle using artificial neural
networks was designed to enhance the quali-
ties of predictions by modeling nonlinear phe-
nomena which occur in wind evolution as well
as to circumvent the problems encountered at
implementation of Taylor’s hypothesis. Predic-
tion principle is depicted on Figure 3. The inputs
to the neural network are consecutive measure-
ments obtained at upwind turbine. Output is
predicted wind speed value at downwind point
fixed time ahead (prediction time, Tp). This kind
of setup enables the neural network to imple-
ment Taylor’s hypothesis (if that prediction prin-
ciple is justified) and by adaptation or additional
training to adapt to changes of propagation
time. Furthermore, several works, e.g. [3], point
out that the peak of cross correlation function
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Figure 3. Prediction principle.

appears at time lag which corresponds to veloc-
ity slightly faster than mean wind speed (mean-
ing that eddies travel slightly faster than mean
wind speed). So, neural network might learn to
implement Taylor’s hypothesis with more accu-
rate propagation time. Also, if propagation time
is not an integer multiple of sampling time, neu-
ral network would automatically do the interpo-
lation.

Moreover, a further improvement of predic-
tions might be expected by employing neural
network. The terrain and the environment of
measurements definitely introduce certain non-
linear relation in features of wind speed mea-
sured at different spatial positions. An artificial
neural network would be able to learn such a
relation. Here we particulary aim at potential
ability of neural networks to model influences of
wakes in a wind farm, e.g. reduction in mean
wind speed which nonlinearly depends on wind
turbine thrust coefficient and therefore also on
the wind speed, [9]. At this time we do not have
data required to test this hypothesis at disposal.

Artificial Neural Network (ANN) used in this
work is a feed-forward Multi-Layer Perceptron
(MLP) network with two layers. Hidden layer
has tansig and output layer purelin activa-
tion functions. We used Levenberg-Marquardt
learning algorithm with explicit regularization to
prevent overtraining, [10]. It is important to in-
clude regularization because uncorrelated high-
frequency wind fluctuations present noise for
neural network training. Number of neurons,
number of inputs and prediction time (a dif-
ference between time for which prediction at
downwind turbine is constructed and time at
which the last measurement at upwind turbine
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required as input for ANN is obtained, see Fig-
ure 3) depend on the application.

Number of inputs should be such that for ex-
pected (relevant) mean wind speeds U the rela-
tion τrc = drc

U
∈< Tp, Tp +∆Ti > holds (pa-

rameters defined as depicted on Figure 3). This
should approximately ensure the wind is pre-
dicted based on measurements corresponding
to the time lag with maximum cross-correlation.
What this relation also implies is that prediction
time is always less than propagation time ob-
tained from (11). We don’t consider short pre-
diction time to be a large shortcoming of this
method because the motivation is to use ob-
tained predictions in order to bypass the inertia
of pitch mechanism. For this purpose prediction
time as short as 1 s is relevant.

To adapt to changes in mean wind speed
ANN has to be periodically adapted or addi-
tionally trained. If it is done often enough
the adaptation should not require long time.
In performed experiments on Intel R©Core

TM
2

Quad 2.4 GHz processor all adaptations lasted
shorter than the sampling period of the obtained
measurements, (0.25 s). The training algorithm
was implemented in MATLAB R© and code was
not optimized. If adaptation would last longer
than sampling period one would have to either
not provide predictions while the ANN is adapt-
ing or use two neural networks, one for predic-
tions and other for training and refreshing the
parameters of the former.

4. Experimental results

For experimental validation of proposed pre-
diction scheme we used the measurements ob-
tained from database of wind characteristics,
[11]. Unfortunately, there are no available mea-
surements of wind speed from wind turbines in
a large wind farm in the accessible data, so
the idea was validated for measurements ob-
tained from two measurement masts for wind
directions approximately inline with the masts.
ECN site was chosen because it has measure-
ment masts situated at distance relevant for this
kind of predictions. Even though separation be-
tween these measurement masts is small for
typical distances in wind farms, (31.2 m), it is
more relevant than typical distances between
measurement masts at other sites, which are
in range of kilometers.

Predictions were made for two sets of data,
both measured with sampling rate of 4 Hz. Test
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Figure 4. Test site layout.

data A consists of 300 s of consecutive wind
speed measurements during which wind direc-
tion is between 345 ◦ and 377 ◦. Test data B
consists of 3600 s of consecutive wind speed
measurements during which wind direction are
between 300 ◦ and 379 ◦. The layout of this
site, as well as directions of wind speed used
in test data are depicted on 4. The height at
which the measurements are obtained is 37 m.
Number of inputs to the ANN used in experi-
ments was 7 and prediction time 1.25 s. Hidden
layer contained 4 neurons. Neural network was
adapted every minute with training data con-
taining 50 s of consecutive measurements from
downwind measurement mast with correspond-
ing input data (as depicted in Figure 3).

Results of the experiment are presented in
Table 1 and on Figures 5, 6 and 7. For both pre-
diction principles predictions demonstrate satis-
factory coincidence with measured data, espe-
cially when large changes in wind speed occur,
see Figures 6 and 7. Also, in both cases pre-
dictions deteriorate significantly with increase of
inflow angle.

Introducing artificial neural networks proved
worthwhile for several reasons. First, a reduc-
tion in mean square error was obtained, see
Table 1. Second, predictions obtained from
ANN were smoother than those obtained by
Taylor’s hypothesis. This means that there
were less outliers caused by direct mapping
of high frequency disturbances from upwind
measurements which fall apart until wind flow

Neural network Taylor’s hypothesis
Test A 0.4252 0.5356
Test B 1.0657 1.1515

Table 1. Mean square error of predictions
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reaches the downwind point. Also, for large in-
flow angles when coherence between data is
low ANN tends to output small disturbances
around mean wind speed and thus obtains
more consistent predictions. Finally, the algo-
rithmic implementation is much more straight
forward than implementation of Taylor’s hypoth-
esis which requires many heuristical parame-
ters and data adaptation.

5. Conclusion

In this paper possibilities for spatially dis-
tributed short-term predictions of wind gusts
were analyzed. The aim is to obtain feed-
forward data describing wind gusts for use in
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Figure 7. Detail 2: moderate wind gust.

advance wind turbine control system. Method
based on artificial networks was proposed and
tested on experimental data. Results encour-
age further development of proposed solution.

Further work will include extending pro-
posed prediction methodology for implementa-
tions in wind farms. For wind turbines which
are situated inside wind farm (not in the front
row from any direction) more sources of up-
wind measurements are available. Therefore,
measurements from several wind turbines could
be combined for predictions at downwind po-
sitions. It seems plausible that this would in-
crease accuracy of predictions.
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