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ABSTRACT

The power curve of a wind turbine describes the generated power versus instantaneous wind
speed. Assessing wind turbine performance under laboratory ideal conditions will always tend
to be optimistic and rarely reflects how the turbine actually behaves in a real situation.
Occasionally, some aerogenerators produce significantly different from nominal power curve,
causing economic losses to the promoters of the investment. Our research aims to model actual
wind turbine power curve and its variation from nominal power curve. The study was carried
out in three different phases starting from wind speed and related power production data of a
Senvion MM92 aero-generator with a rated power of 2.05 MW. The first phase was focused on
statistical analyses, using the most common and reliable probability density functions. The
second phase was focused on the analysis and modelling of real power curves obtained on site
during one year of operation by fitting processes on real production data. The third was focused
on the development of a model based on the use of an Artificial Neural Networks that can
predict the amount of delivered power. The actual power curve modelled with a multi-layered
neural network was compared with nominal characteristics and the performances assessed by
the turbine SCADA. For the studied device, deviations are below 1% for the producibility and
below 0.5% for the actual power curves obtained with both methods. The model can be used
for any wind turbine to verify real performances and to check fault conditions helping operators
in understanding normal and abnormal behaviour.

Keywords

Wind energy, power curve, producibility estimates, aero-generator, anemometric campaign,
Artificial Neural Network
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Nomenclature

an Fourier coefficient
bn Fourier coefficient
Eq annual delivered energy [kWh]

fn nominal frequency [Hz]
Neq equivalent hours [h]

In nominal current [A]

P wind turbine power [kW]

Pn wind turbine nominal power [KW]
R.H. relative humidity [%]

T air temperature [°C]
Un nominal voltage [V]
v wind speed [m/s]

Vmed  average wind speed [m/s]
VmMax  maximum wind sépeed [m/s]
o) air density [kg/m?]

ANN parameters

A activation potential

Wij interconnection synaptic weights between i-th and j-th neuron layers
Xi neuron input data

Yi neuron output data

a momentum

A estimated and actual power curve deviation
n learning rate
0/ neuron activation function

1. Introduction

Wind power is a key actor in the field of renewable energy sources. Production capacity has
risen exponentially in recent years [1]. The wind energy in Europe, issuing about 10.4% of the
electricity demand in 2016, is an important technology that can help in meeting the goals the
EU has set itself to achieve a low carbon energy policy by 2050 [2]. Due to the shortage of
traditional energy resources and ecological degradation of the environment, the generation of
electricity from wind power has experienced rapid development [3,4]. Achieving the
aforementioned goal in 2050 is made possible developing modern wind turbines with high
levels of reliability and power production. Nonetheless, a reliable prediction of power
production within a small margin of error has always been a major issue.

The amount of energy that a turbine can produce depends on several parameters including the
wind regime of the specific site and the main characteristics of the wind turbine [4]: on the wind
intensity and wind direction, on the rotor diameter and rotor height, on weather conditions such
as temperature, density and air pressure, and also depends on the wind turbulence in the
immediately preceding time. For this reason, the assessment of the site productivity is a
preliminary crucial step in the wind farm realization.

Another fundamental step is to combine the anemometric studies with the power curves of the
wind turbine supplied by the manufacturers, even to match between the wind turbine and the
specific site in order to obtain maximum energy and reliability benefits [4]. An accurate
assessment of the power generated by a wind turbine is important since expenses in operation
and maintenance represent 10% of the total cost of any wind energy project [5].

The main parameter that represents the relationship between wind speed and the power output
of a wind turbine [6] is the power curve, governed by a cubic relationship of these variables [7].
A comparison between measured power output versus power output given by the manufacturer
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power curve (MPC) shows a similar trend but with real data is always scattered. This is because,
besides the wind speed, there are more important variables involved in turbine power output
such as atmospheric pressure, turbulence intensity, wind direction variability, both vertical and
horizontal shear, atmospheric stability, drive train temperature and so on [8]. Moreover, the
standard conditions under which the MPC is derived are different from those under which the
turbine is operated. Furthermore, local orography and wake effects produced by other turbines
need to be taken into consideration in power estimations of wind farms in field conditions [7].
Several techniques have being used to model the turbine power curve: parametric [9], non-
parametric [10,11] and stochastic [12] methods. In this context, several attempts have been
made to identify a reliable model to assess the wind turbine power curve [13]. In [14,15] a
discrete approximation approach is applied where the power delivered by the wind turbine,
model output, is only a function of the hub wind speed and air density. However, in [8,16] it is
recognized that other input parameters significantly influence the correct evaluation of the
power output of a wind turbine. In [17] a parametric approach using a set of mathematical
equations was tested.

Normally, wind power curves of each new turbine are obtained in wind tunnels on scale models;
later, prototypes are tested directly on the field by the same manufacturing companies. Each
company guarantee the power generation curves of the generator and the availability of its
operation at exact percentages, often close to 100%. It is clear that a single percentage point of
lower productivity can conduct to a loss of profit. If the production of the wind turbine differs
negatively from the expected productivity, the investors can claim compensation due to
economic losses. The mismatch among declared and actual wind power curve often results in
contentious between investors and manufactures.

Another option to assess the WTPC is represented by Wind Turbine Condition Monitoring
(WTCM) systems that are increasingly installed with the primary goal of providing wind
turbine component specific information to wind farm operators to be used for optimal
maintenance planning [18]. Their economic benefit to operation and maintenance costs has
been investigated [19,20], and proven to be substantial although it largely depends on the fault
detection rate [21]. While many commercial solutions, techniques and methods are available
[22,23], their related cost and complexity deter operators from a widespread deployment [24].
The use of data from the Supervisory Control And Data Acquisition (SCADA) system appears
therefore as a potential solution for WTCM due to its availability at no additional cost. The
SCADA system usually samples data at relatively high frequency (typically 1 Hz) with standard
practice to store 10-min averaged values of the parameters characterising the operating and
environmental conditions.

There are a small number of works in the literature in which authors use the non-parametric
methods for example through the application of artificial intelligence-based tools to model the
wind turbine power curve as a power performance validation tool. Artificial Neural Networks
(ANN) have been demonstrated to be well suited for solving nonlinear problems with multiple
input variables [25] and, as such, have been successfully applied to the prediction of wind speed
and power generated by wind farms.

In [26], the authors used experimental data collected from three wind farms in Southern Italy
and trained a two-hidden layer neural network to predict the wind energy output; in [27], field
data collected from seven wind farms were used for the analysis and prediction of power
generation from wind farms, developing a neural network with three input (wind speed, relative
humidity and generation hours) and one output, the energy output of wind farms. In the study
[28], it is demonstrated that the neural network based Measure-Correlate-Predict (MCP)
method performs very well respect to the correlation, root-mean-square error and the distance
in the wind speed frequency distribution . In [13] the authors use the ANN for modelling the
power curve of a wind turbine located in a specific site, in [29] use the genetic algorithm, in
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[27,30] developed an ANN model to determine the delivered power of wind power plant, in [31]
was proposed a dynamic model based on RBF neural network to consider the nonlinear time-
variant essence of wind power generation systems.

The purpose of this study is to explore the possibility of generating a WTPC using artificial
intelligence techniques such as neural networks and using data from real installations. The tool
should provide to wind farm managers the opportunity to compare the real WTPC with the data
provided by the manufacturer and thus be helpful in any disputes arising from productivity
indices lower than expected. The authors then investigated power output time series of a real
wind turbine SEVION MM92, being part of a wind farm installed in Southern Italy, comparing
the performances declared in the technical datasheet.

After a preliminary statistical analyses of input data, the authors extracted the actual power
curve of the wind turbine for different air density ranges and with a bin of 0.10 m/s. In order to
compare this curve with the curve provided by manufacturer, two different methods have been
applied to fit the manufacturer curve at the same bin: spline interpolation and Fourier series
interpolation function. In the last part of the paper the authors, employing an ANN and an
optimization technique based on the application of a Genetic Algorithm (GA), created a model
that returns a WTPC from real data. The reliability of this model was confirmed by the low
value of the Standard deviation of about 44 kW respect to the nominal power of 2050 kW of
the examined turbine. Furthermore, the developed neural network model takes into account a
significantly higher number of variables related to the description of the phenomenon (ten input
data and one output data) respect conventional and/or statistical models.

2. Anemometric campaign

The use of wind as a source of kinetic energy for the electricity production is subordinated to the
occurrence of a several conditions that make the installation of wind farm competitive and
profitable. For this reason, a preliminary feasibility study is always accompanied by an
anemometric campaign. Our study employs an annual anemometric campaign linked to a wind
turbine.

Two anemometers have been used: one anemometer is located in the wind farm and another is
located over wind turbine. For security and privacy reasons details about position and property of
the wind plant cannot be disclosed. However, we can say that the wind farm is located in southern
Italy and that the area is characterized by a simple and flat orography, free of natural obstructions.
The SENVION MM92 generator (WTG test) used in this study is located about 500 m from the
anemometric station and about 800 meters from the other nearby turbines (Fig. 1).

North
400

300 @ WIG2
200

® WIG 1 100
WTG test

-600 -500 -400 -300 -200 -100 0 100 200 300

-200
-300

-400

-500 J -
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-600

Fig. 1. Aero-generators and anemometric station positions.
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The main variables measured by the anemometric station at different heights are: maximum,
average and minimum wind speeds, standard deviation, wind direction, air temperature, relative
humidity and atmospheric pressure with a time step of 10 minutes. In Fig. 2 are shown the daily
wind speed trends, measured by the anemometer and by the WGT anemometer of the turbine.

Daily average wind speed Monthly average wind speed

Average wind speed [mvs|
bR
Average wind speed [m/s|
=T O R . = T -]

Days of the year Months of the year 2015
= Anemometer ——Wig —— Anemometer — Wig

Fig. 2. Wind speed trends at different time steps.

Fig. 3 shows the average, maximum and minimum wind speed and the standard deviation (StD)
at 82 meters a.s.l. (the highest point); this site is characterized by an annual average wind speed of
5.37 m/s.

Maximum, mean, minimum wind speed with standard deviation
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Fig. 3. Average, maximum and minimum wind speed and StD.

The maximum and minimum wind speed values are almost equidistant from the average value:
this means that the site is not characterized by a high level of wind turbulence.

Fig. 4 shows the 2D wind rose and a 3D representation that also considers the intensity of wind
with direction.
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Fig. 4. 2D and 3D wind roses.

Data clearly shows that Mistral (north-westerly wind) represents the most frequent direction; on
the other hand, Libeccio (westerly or south-westerly wind) issues wind with the greatest intensity;
all other wind directions are rarely detected (Fig. 5).

Wind frequency and average speed depending on direction
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Fig. 5. Frequency distribution and average wind speed.
In addition to wind speed and direction data, even air density (o) was considered; to improve the

accuracy of models we used a variable air density calculation with a time step of 10 minute (Fig.
6).
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Fig. 6. Monthly average temperature, density and humidity of the air at 75 meters above ground
level.

2.1. Statistical analysis of wind data

A pre-processing phase was performed on the 10-min average data series to eliminate invalid data
points [32]. In the following, the most important parameter is the average wind speed measured at
the maximum height, the nearest to the real turbine rotor height. Then, because the reliability and
goodness of a site producibility analysis depends on the fitting of the Probability Density Functions
(PDF), a statistical analysis was carried out by using fitting algorithms to adapt data-points to PDF.
Due to the nature of the data processed, Weibull and Burr PDF were chosen.

The Weibull distribution is one of the most widely used statistical distributions in reliability
engineering and wind speed analysis; on the other hand the Burr distribution has been recently
applied to wind speed problems with good results. In [33], three types of probability distributions
have been used to estimate the wind energy potential in Malaysia; a comparison shows that of all
the three distributions used, Burr distribution provides the best fit. In [34], the study investigates
the wind speed characteristics recorded in the urban area of Palermo, in the south of Italy, by a
monitoring network composed by four weather stations. Even in this case the results show that,
concerning the accuracy of fitting the empirical data, Burr PDF has the best agreement.

Figs. 7 and 8 show the Weibull and Burr distribution fitting over the experimental data concerning
average wind speed and linked cumulative function.
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Fig. 8. Weibull and Burr cumulative fitting over experimental data of average wind speed.
Table 1 show the equations and the parameters value of Weibull and Burr distribution for the
probability density function and survival function of average wind speed respectively in which a
is the shape or slope parameters, f and k are the scale parameters.

Table 1: Equations and parameters value of Weibull and Burr distribution.

PDF parameters

Weibull distribution Burr distribution
f(x)=(alp” xe L. g ) _ a-1 o Tk
o ()= (a! ) f(x):%.(%j . 1+[%j
i _ —(xIB)* "
gﬁr:]gltji?r?ve F(x)=1-e F(X)=1—[1+(x/ﬂ) }
Survival S _ _[%]“ X a
Function (X)—e S(x): 1+ E
4.2461
a 1.5644 1.8049
B 59977 12.061

3. Case study

Wind turbines assures their maximum performances under nominal and constant operating
conditions and obviously, these conditions can be achieved only in a wind tunnel. Indeed, as seen
before, the wind and its related variables are almost never constant. Other operating parameters
that can be used to study the actual behaviour of the wind turbines are:
« wind speed turbulence percentage, defined as the ratio of the standard deviation of the wind
speed and its average value in the ten-minute interval;
« wind direction turbulence percentage, defined as the ratio of the standard deviation of the
wind direction and its average value in the ten-minute interval,
« wind speed gust ratio, defined as the ratio between the maximum value of the wind speed
in the ten-minute interval and the average value of the speed, in the same interval,
« wind specific power, defined as power flowing through the surface unit perpendicular to
the velocity wind trajectory, P, =0.5- p-v* ;
«  wind specific energy.
The used dataset is related to an anemometric campaign linked to a SENVION MM 92 turbine
with a nominal power of 2050 kW, a rotor diameter of 92.5 m and an electric pitch regulation
system on each blade. In Table 2 are shown the main technical features of the wind turbine.

Table 2: Main features of the SENVION MM92 turbine.

Data sheet SENVION MM92

Nominal power Pn=2050 [kW]
Nominal voltage U, =690 [V]
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Nominal current l,=1715 [A]
Nominal frequency fn =50 [Hz]

Rotor diameter 92.5[m]
Blades length 42.5[m]
High tower 100 [m]
Total high 146.3 [m]

In the dataset issued by the wind farm owner the power output from the wind generator is averaged
over steps of 10 minutes; over 52460 recorded data points the wind turbine has provided electrical
power in 34445 points, equivalent to 5740 operating hours; the generator has been inactive or
absorbing energy from the grid for 18015 intervals, equal to 3002 hours. These hours are not to
be confused with the concept of equivalent hours (heq) Which is nothing more than the dummy
number of hours in which the wind turbine should work at its nominal power to deliver an
amount of electricity equal to that delivered in the same year operating at different power levels
depending on wind speed, defined as:

h,, =—2 )

where Ejq is the energy delivered in a year by the generator [KWh], Pn is nominal power of the
wind turbine [kW].
3.1. Power curve issued by manufacturers

The power curves issued by the manufacturers provide the user the theoretical performances with
wind speed changes. Fig. 9 shows the manufacturer WTPC of the SENVION MM92 turbine.

Electrical power (kW)

2,250

2,000 g

1,750 /
1,500 /
1,250, /
1,000 /

750, /

500, /

250, /

0,

T I I | I I \ I \ I [ I
0 2 4 6 8 10 12 14 16 18 20 22 24 26

wind speed at hub height (m/s)

Fig. 9. Graphical WTPC issued by manufacturer related to the air density value of 1.225 kg/cm®.

Obviously, the power output increases as the density increases as shown in Fig. 10;
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Senvion MM92 power curves at different air density
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Fig. 10. WTPC variation with air density.

3.2. Producibility assessment

In order to facilitate the comparison between data coming from statistical or neural models with
official data issued by manufacturers (data often provided in tabular form or in graphical form), it
is advisable to adopt a methodology that allows to derive from the datasheets an analytical form
of the WTPC. To this aim, to analyse the behaviour of the exanimated turbine and to carry out an
accurate producibility assessments, the authors decided to reduce the wind speed bin of the official
WTPC of a factor 10; from 1 to 0.1 m/s, obtaining more accurate curves. Two methods of
numerical interpolation have been used:

«  Spline interpolation function;

«  Fourier series.
The two methods are employed to transform the official WTPC usually provided by the
manufactures in histograms or tables form with a resolution of 1 m/s, in an analytical function,
easier to use when comparing with other curves.

3.2.1 Spline interpolation function

The spline function is a special interpolation method that uses polynomial equations. Its
application involves subdividing the interpolation interval into sub-intervals and interpolating
the starting function in each of them trough low degree polynomials. This approach allows to
solve the difficulties encountered when trying to interpolate the whole function with a single
high degree polynomial. In the case study examined in the paper, the interpolation interval

[O,Vmax] of the power output function has been divided into sub-intervals through the following
nodes succession:
A, ={0=vy <V, <...<V, =V .} )
The authors, to perform the interpolation of the data set, used a natural cubic spline that is a
third-degree polynomial in each interval [vi,vm] with 1 =0,1,...,n—1. The form of each cubic
spline in [v;,v,,,] is:
P(v)=a-v®+b-v®+c-v+d (3)

in which the coefficients a, b, ¢, d are calculated imposing the following constraints:
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1. the P(v)assumes the values P(v;) and P (v

i+1

(Vi)
2. the tangent to the curve at the point [ v;, P(V;)] forms equal angles with the segments
)

joining P(v;) to P(v.,) and P(v;) toP(v,,).

i+1

3.2.2 Fourier series interpolation

Fixed the value of the air density, the function P (v) allows to calculate the delivered power by

the wind turbine varying the wind speed value. This function is considered periodic, limited and
integrable in the period [0, Vmax]. The Fourier series development of this function, arrested at the
eighth order is given by the following equation:

8 21-n . [ 2m-n
P(v)=a, +Z{an -cos(v—-v]+bn .sm[v—-vﬂ (4)

n=1 max max

where a,, &, and b, are Fourier coefficients defined by the following equations:
V,

l max
ao :\Tax ‘([ P(V)dV (5)
VmaX
a =\év{ ax P(v)-cos(—zlen -dev (6)
2 e . (2n-n
b =—— | P(v)-sin v |d
= J (v)-si [V V] v )

The two methods concisely introduced above, permits to generate a WTPC from tabular technical
datasheet with a wind speed step of 0.1 m/s, and a comparative analysis of the results obtained
with the two methods is performed. The process has been applied of each official dataset varying
with air density. The results showed that the reliability of the “enriched” WTPC obtained by the
two methods is high and the two curves are practically superimposed except for the initial part. As
shown in Fig. 11, only for low wind speed there is a small difference. However, comparing the
two curves obtained by the two methods with the graphical WTPC issued by the manufacturer, it
can be seen that in this zone the power curve obtained with the spline interpolating function slightly
overestimates the power output.

Comparison between Spline and Fourier power curves for low

wind speed values
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Fig. 11. Comparison between Spline and Fourier power curves with air density of 1.186 [kg/mq].

Therefore, it has been assumed that the enriched WTPCs generated by the Fourier series method,
although more complex and more expensive in terms of computational load, are more adequate
than WTPC generated by cubic spline.

The producibility assessment, collected in Table 3, was made by using the enriched WTPC
obtained by Fourier series interpolation applied to official data and for an mean air density of 1.186
[kg/m®]. The generated energy (Eg) and the number of equivalent hours (heq) were calculated
changing the wind detection height. In bold are underlined the data monitored at 103 m of altitude
measured contemporary from hub anemometer and park anemometer.

Table 3: Producibility assessment by Fourier series applied to official WTPC.

Producibility assessment

Anemometric. [ gy e, he

[m] [MWh] (h]
Hub anemometer 103 4,357.22 2,125.48
Park anemometer 103 4,217.14 2,057.14
Park anemometer 82 4,027.35 1,964.56
Park anemometer 80 3,901.14 1,903.00
Park anemometer 60 3,746.29 1,827.46
Park anemometer 40 3,629.01 1,770.25

To compare the above evaluation with the real productivity, the authors decided to use the wind
data recorded with the hub anemometer (Table 4).

Table 4: Comparison between actual and estimated producibility.

Producibility
Anemometric .
station Height Eqg heq
[m] [Mwh] [h]
WTG Sevion MM92 Hub 103 3,988.87 1,945.79
anemometer
Power curve issued Hub 103 435722 212548
by manufacture anemometer

In this case, the power curve issued by manufactured conducts to an overestimation of 8% of the
actual production of energy. If we exclude a discrepancy between the actual and the officially
declared characteristics of the turbine, the differences, in terms of generated energy and equivalent
hours, could be attributed to the following machine stop reasons:

« maintenance, TERNA (an Italian electricity transmission system operator) dispatching and

realignment;
+ average wind speed next to the cut-off wind speed,
« average wind speed next to the cut-in wind speed.

3.3. Extraction of experimental WTPC

In the wind practice, given the manufacturers WTPC, and given the analyses produced in the
anemometric campaigns, it is possible to evaluate the producibility of the aerogenerator. Anyway,
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the mismatch among declared and actual WTPC often results in contentious between investors and
manufactures. Consequently, the aim of this work is to deploy a mathematical tool capable of
demonstrating whether an installed aerogenerator produces in accordance with what is stated in
the technical datasheets. The first step was to group the actual power output versus the
contemporary wind speed value. As expected, the points are distributed on a sigmoid curve (Fig.
12).

Scattered diagram - Generated power curve
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Fig. 12. Actual wind turbine power output vs wind speed.

In a simplified approach, since each operating condition is a function of only two variables,
velocity and density of air, it is possible to obtain the mathematical function representing the
WTPC for the given air density applying a mathematical model (such as those described in section
3.2) exploiting data and applying Ordinary Least Squares (OLS) technique. To deploy an
experimental WTPC the authors followed two different approaches; the first based on a simplified
mathematical model based on an interpolation procedure with OLS application, the second based
on a complex model that exploits the learning ability of an artificial neural network.

4. Experimental WTPC with simplified approach

The first operation was to remove from the previous graph all those abnormal operating
conditions that can be defined as outliers of the dataset. Then, the dataset was reduced from
52460 to 33429 values, as depicted in (Fig. 13).
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Fig. 13. Actual wind turbine power output vs wind speed without outliers.

Data points of the reduced dataset have been used in a curve fitting procedure, a process of
constructing a curve, or mathematical function, that has the best fit to a series of data points.

4.1 Experimental WTPC with cubic spline interpolation

In our implementation, the OLS method has been applied to set of third order curves in Matlab
environment. The computational load is significantly affected by the number of points to which
the OLS method has to be applied. In our case the application of Fourier series interpolation
requires a much higher calculation time and, considering the minimum deviation shown in Fig.
11, the cost / benefit ratio has led us to choose the cubic spline in comparison with Fourier
series.

Three distinct simplified models have been defined:

1. Model 1 is a model that allows to determine WTPCs depending on both the speed and
the air density. The air density range used in the model 1 is: (1.12-1.24 kg/mq);

2. Model 2 is a model that allows to determine the WTPC depending on wind speed and
for given average air density value recorded in the reference year (1.186 kg/m®);

3. Model 3 is a model that allows to determine the WTPC depending on wind speed and
two different air density values, summer average air density value and winter average
air density value.

The comparison between the WTPCs obtained from the models and the WTCPs issued by the
manufactures demonstrates a high corresponds. As example, in Fig. 14 is illustrated the
comparison between the WTPC obtained by the Model 2 curve fitting procedure (red curve)
versus the manufacturers WTPC obtained in section 3.2 considering constant the air density
and equal to 1.186 kg/m? with wind speed step of 0.1 m/s (green line).
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Fig. 14. Model 2 and manufacturer WTPC.

The graph shows a very good relationship between the results of the implemented mathematical
model with manufacturer data. This means that the wind turbine model under examination has a
very good compliance with official datasheet.

4.2 Experimental WTPC with Fourier series interpolation

Concerning the generation of WTPC using real data and applying Fourier series interpolation, this
operation has been implemented on the SCADA control system of the aero-generator that allows
to extract, on the basis of the data measured in a year, the experimental WTPC in a tabular form.
In Table 5 are compared the results obtained with Model 2 and those obtained with Fourier series
interpolation.

Table 5: Comparison between experimental Fourie WTPC and experimental cubic spline WTPC
(Model 2) with wind speed step of 1 m/s.

Comparison between experimental WTPC for air density 1.186 kg/m?

Vined FOURIER CuUBIC A Vines FOURIE_R CuBIC A
(8 harmonics) SPLINE (8 harmonics) SPLINE
[mis] [kw] [kw] [%0] [mis] [kw] [kw] [%0]
3.00 13.97 15.00 7.35 14.00 2057.29 2057.79 0.02
4.00 70.32 67.83 -3.54 15.00 2057.21 2057.42 0.01
5.00 177.03 178.20 0.66 16.00 2057.46 2057.59 0.01
6.00 344.67 349.15 1.30 17.00 2055.56 2057.92 0.11
7.00 586.90 585.67 -0.21 18.00 2058.00 2058.00 0.00
8.00 894.30 896.06 0.20 19.00 2057.55 2057.55 0.00
9.00 1267.59 1273.01 0.43 20.00 2057.29 2057.29 0.00
10.00 1634.88 1673.60 2.37 21.00 2056.20 2056.20 0.00
11.00 1929.67 1950.85 1.10 22.00 2055.32 2055.32 0.00
12.00 2034.96 2042.33 0.36 23.00 2056.21 2056.21 0.00
13.00 2052.98 2055.68 0.13 24.00 2051.67 2051.67 0.00

A Average value for different wind velocity range
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wind speed range 3-24[m/s] 0.47%

wind speed range 10 - 24 [m/s] 0.27%

wind speed range 13- 24 [m/s] 0.02%

Where A represent the percentage deviation between the Fourier and cubic spline WTPC.

5. Experimental WTPC with Artificial Neural Network

An ANN is a mathematical model consisting of artificial neurons that is inspired by a real
biological neural network. Artificial neurons are arranged in layers and exchange information with
other neurons and/or with themselves and interconnections define the topology of ANN [35]. The
ANNSs can be used to simulate complex relationships between inputs and outputs that other analytic
functions cannot represent [36,37]. Indeed, an ANN receives external signals on a layer of input
nodes, each of which is connected with numerous internal nodes, organized in multiple layers.
Each node processes the received signals through its activation function (@) [38] and transmits the
result to subsequent nodes as schematically shown in Fig. 15.

i-th neuron layers

X;

x i

X3 y N

4| (0] @®

o

X4

X5 J-th neuron

X5 Wy

Fig. 15. Artificial neural network scheme [35].

Inan ANN, the link between input and output is not defined by explicit relationships but is obtained
through an empirical training process based on the presentation of matching input and outputs
patterns. In most cases, it is an adaptive system that changes its structure in relation to external
information flowing through the network during the learning phase [35]. The training algorithm
modifies some network parameters at each iteration to get the desired response from the analysed
phenomenon (supervised learning mode). These parameters are the numerical weights (w;)
associated with the synaptic connections between the neurons of the network.

A dataset of actual input and output examples is used: in this case the dependent variable, the
output power of the wind turbine, is a function of one or more independent variables. To the aim
to internally validate the ANN training phase, a comparison between the output forecasted by the
ANN and actual data is required. To this porpoise, 15% of dataset was not used during the training
phase. The 5014 data points used for validation phase have been selected randomly. Furthermore,
given the complexity of the analysed phenomenon, the authors applied an optimization process: a
heuristic algorithm based on natural selection and biological evolution principles that belongs to a
family of optimization techniques [39]. This procedure permits to optimize the topology of the
ANN and some parameters involved in the activation functions.
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5.1. ANN dataset

To train the ANN, a large database of experimental data was implemented: 12 different parameters
with 10-minute intervals were collected; 10 inputs and 1 output. Inputs are:
average hub wind speed [m/s];
average air density [kg/m?];
relative humidity [%];
atmospheric pressure [Pa];
air temperature [°C];
wind direction [°];
turbulence percentage of wind direction [%];
turbulence percentage of wind speed [%];
wind speed gust ratio;
10. wind specific power [W/m?].
The output data is the average output power [kW].

CoNoA~WNE

5.2. ANN development

After the pre-processing phase, several ANN topologies were explored. Particularly, several
topologies of ANNSs, varying the number of neurons belonging to the hidden layers, varying the
type of activation functions, and changing the structure of the connections have been analysed. In
the following Fig. 16, the configuration of the selected best ANN is sketched.

-E--T-E-T- 2
/

Mse = 1.638667e-003 —

o 10 20 20 Merger

Epoch
/

Error_vs_E -| Legend

Fig. 16. Structure and topology of the selected best ANN.

This ANN is a Multilayer Perceptron (MLP) with Feed-forward back-propagation [40]: a
network where information moves in one direction, forward, from input nodes, hidden nodes,
and output nodes. More in detail, the network is organized in:

* 4 neuron layers;

* 1input neuron layers with;

- aneuron for each input signal (10 inputs);

« 2 neurons hidden layers; respectively of 20 and 6 neurons;

» 1 output neuron.
In Fig. 16 it also possible to observe the deviation between expected and calculated results
(validation phase) that after only 40 epochs is was already close to 1073,
Among each neurons layer, it is possible to identify an activation function node that determines
if the output of the layer can be propagated. In our case we used a combination of linear and
hyperbolic tangent functions (tanh-sigmoid) [35]. Furthermore, different simulations have been
carried out changing the epochs of the training phase.
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In order to obtain a more reliable model, after the identification of the best structure, an
optimization phase was conducted. The use of an evolutionary process has allowed to iteratively
update the values of a set of key parameters of the network to obtain better results: learning rate
(77), momentum () and noise level for each weight layers and type of activation functions.
After the optimization phase, the best ANN topology has been trained and validated for a total
of 100,000 epochs, corresponding to a computational time of about 140 hours with a machine
characterized by 50 core e 200 GB of RAM.

6. RESULTS

During the post processing phase, it is possible to evaluate the goodness of the ANN model,
evaluating the error between expected and calculated results. In Table 6 are collected the values
of the Mean Absolute Error (MAE), Median and Standard Deviation [35]; all the quantities are
expressed in KW.

Table 6: Results of the ANN model.

Training Validation
Models - -
. Confidence . Confidence
MAE Median StD range 95% MAE  Median StD range 95%
MLP ANN 0.697 0.793 44,015 86.278 1.119 0.985 44.529 87.294

The MAE of 0.67 kW and 1.11 kW, during the training and validation phases respectively,
represent a very good result because, in both cases, practically the ANN does not overestimate or
underestimate the desired result. Another important result is the StDv, indeed the range of + 44
KW represent about 2.14 % of wind turbine nominal power.

In Fig. 17 and Fig. 18, are shown the Mean Absolute Error (MAE) frequency distribution for
the training and validation phase.

Mean: 0.696794102025099 Median: 0.793044164943417 StDev: 44.0155070870881
T T T T T T

Frequency
o
8

50 100
PWTG

Fig. 17. MAE frequency distribution in the training phase.
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Fig. 18. MAE frequency distribution in the validation phase.

Figs. 17 and 18 show a symmetric error frequency distribution and well centred around the null
value: this attests the excellent performance of the proposed neural model. The number of training
epochs, although very high, did not determine the phenomenon of overfitting, for which ANNs
sometimes become very good at predicting the output for the data already presented during the
training phase, but they are poor in the validation phase, when are presented input values that have
not been used in the training phase. Fig. 19 shows confidence plot of the power output in the range
of 95% for validation dataset.

Confidence Plot: Output +-87.29363 is within desired with 95% confidence Data validation
T T T T T T

1 1 1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000 4500
Sample

Fig.19. ANN Confidence plot for validation dataset.

The authors compared the Experimental WTPC with Fourier series interpolation (developed in
the SCADA management system) with the data provided by WTPC obtained with neural
network approach. In Fig. 20 is represented the comparison between the ANN and Fourier WTPC
related the following conditions:

+ average wind direction 237 [°];

+ relative humidity R.H. = 62 %;

« airtemperature T =17 [°C];

 turbulence percentage of wind direction 17.5%;

 turbulence percentage of wind speed = 16.75 %;

» wind speed gust ratio = 1.43.
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Fig. 20. ANN and SCADA WTPC.

It is important to underline how the neural model relies on a total of 10 climatic parameters, which
make the model very sophisticated and accurate, with a high reliable power output calculation in
any weather conditions. To generate the WTPC used for the comparison in Fig. 20, mean annual
values of average wind direction, relative humidity, air temperature, turbulence percentage of wind
direction, turbulence percentage of wind speed, and wind speed gust ratio have been employed.
To emphasise the high reliability of the results, in Fig. 21 and Fig. 22 are illustrated the
comparison between the actual data versus the predicted data and the distribution of residuals.
In Fig. 21 the prediction of the ANN fits very well with the actual power curve; all data are
around the 1:1 line and the determination coefficient is close to 1.

Actual vs. ANN Predicted
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Fig. 21. Actual vs. ANN predicted data.
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As displayed in the Fig. 22, the residuals do not depend on the power level considered but are
of the same order of magnitude along the WTPC; in 95% of cases are within a short range of
+100 kW, about the 5% of the turbine nominal power.

Residuals [kW]

300

200

100

-100

-200

-300 ®
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Fig. 22. Residuals distribution between the actual and predicted data.

Table 7 shows instead the comparison between the two WTPC for wind speed step of 1 m /s and
the evaluation of the corresponding error in tabular form.

Table 7: Comparison between Fourier and ANN WTPC with wind speed step of 1 m/s.

Comparison between experimental WTPC for air density 1.186 kg/m®

Ve (gnamonizy AWM . Ve (gharmonicy AN 2
[m/s] [kw] [kw] [%0] [m/s] [kw] [kw] [%0]
3.00 13.97 8.28 -40.73% 14.00 2057.29 2054.87 -0.12%
4.00 70.32 72.56 3.19% 15.00 2057.21 2055.22 -0.10%
5.00 177.03 182.32 2.99% 16.00 2057.46 2059.79 0.11%
6.00 344.67 358.91 4.13% 17.00 2055.56 2064.78 0.45%
7.00 586.90 613.89 4.60% 18.00 2058.00 2068.42 0.51%
8.00 894.30 936.10 4.67% 19.00 2057.55 2070.32 0.62%
9.00 1267.59 1306.94 3.10% 20.00 2057.29 2070.69 0.65%
10.00 1634.88 1698.34 3.88% 21.00 2056.20 2070.04 0.67%
11.00 1929.67 1971.29 2.16% 22.00 2055.32 2068.67 0.65%
12.00 2034.96 2059.42 1.20% 23.00 2056.21 2067.69 0.56%
13.00 2052.98 2061.78 0.43% 24.00 2051.67 2066.93 0.74%

A Average value for different wind velocity range

wind speed range 3-24[m/s] -0.26%

wind speed range 10 - 24 [m/s] 0.83%

wind speed range 13 - 24 [mls] 0.43%
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In this case the percentage deviations are slightly greater than those evaluated from the
comparison between the WTPC obtained by the cubic spline and Fourier series interpolation.

Power Curve
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Fig.23. Comparison among the Fourier (manufacturer), ANN and cubic spline (Model 2)
derived WTPC.

As example, in Fig. 23 is illustrated the comparison among: the Fourier application of issued
WTPC, the ANN WTPC and the spline WTPC of the Model 2. The simultaneously comparison
among the three models, with fixed air density value, and the results predicted in the same
conditions by the ANN, gives rise to graphs with practically overlapping curves, which are not
useful for understanding. Furthermore, it is important to underline the manner in which the
neural algorithm is much more accurate and flexible because allows to consider variable climate
and different physical weather conditions at the same time, instead the curves of the three
models would allow to plotting only constant density trends.

7. Conclusion

The field of research concerning the truthfulness and reliability of Wind Turbine Power Curves
is very important for designers but especially for investors. Small discrepancies between the
declared technical characteristics and the actual characteristics of the turbine can lead to
substantial errors in the assessment of energy productivity. For this reason, it is important to
have reliable mathematical procedures that allow to deduce the WTPC from the experimental
data so that the investors and the plant management can compare the actual characteristics with
those declared by the producers.

Based on this observation, two different approaches were studied to define WTPCs using one
year of monitored data over a commercial real plant. In particular, in this work have been
presented a simplified mathematical approach based on the elaboration of wind speed data and
power output with two different interpolation procedures, and a neural approach that allows to
immediately calculate the actual power curve taking into account simultaneously many more
climatic variables that influences the electric power generation.

The simplified mathematical approach involved the generation of three distinct models which
were developed on the basis of data recorded by a wind turbine SCADA monitoring system.
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These models therefore allow to determine the WTPC according to the wind speed and to the
value of the air density. The first model takes into account a variability range of air density, the
second considers a fixed air density value, and the third model issues the WTPC taking into
account two constant seasonal values of air density. The generated power curves, have been
compared with those one officially issued by the manufacturer.

To make possible this comparison, being the WTPCs supplied by the manufacturer
characterized by a wind speed step of 1 m/s, it was necessary to interpolate the values obtaining
a new wind speed step of 0.1 m/s. The reliability of WTPC based on Fourier series interpolation
it was assessed even by comparing the energy expected and produced by the plant.

The neural network approach, thanks to its ability to solve complex problems, has allowed the
development of a mathematic tool able to quickly and reliably predict the WTPC employing
the dataset of climatic variables that are normally always recorded by the SCADA system of
the wind turbine.

A further comparison was made between the WTPC obtained from the ANN and those one
obtained with Fourier series interpolation. The results of both methods show that the developed
instrument can predict turbine power with a minimum error. The strength of the ANN tool
instrument relies in the high reliability of the forecasted power output even with limited input
dataset. In particular, unlike other simplified models, which are often already available in the
management software of wind power plants, the proposed approach is able to employ many
more interesting parameters in a simple and immediate way, obtaining a very good evaluation
of the producibility.

The possibility to use an extremely reliable instrument in assessing the WTPC in many different
weather conditions allows to help the operators of wind farms in demonstrating a possible
deviation of the wind turbine energy performances with respect to the official data declared by
the manufacturer. The ascertainment of this deviation can in fact mean, for the producer the
payment of huge penalties, and for the owner the recovery of lost revenues due to an erroneous
evaluation of the energy producibility.
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