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a b s t r a c t

Model of a power curve allows to analyze performance of a wind turbine and compare it with other
turbines. An approach based on centers of data partitions and data mining is proposed to construct such
a model. Wind speed range is partitioned into intervals for which centers are computed. The centers are
regarded as representative samples in modeling. A support vector machine algorithm is used to build a
power curve model. Computational results have demonstrated that the model reflects dynamic prop-
erties of a power curve. In addition it is accurate and efficient to generate. The model accuracy has been
tested with industrial wind energy data.

© 2016 Elsevier Ltd. All rights reserved.

1. Introduction

Environmental concerns and a limited supply of fossil fuels have
caused countries to pay attention to renewable energy. Wind en-
ergy is expanding at the fastest rate among all alternative forms of
energy generation [1]. However, the large scale deployment of wind
energy has brought challenges to performance assessment of wind
turbines [2]. Fluctuating wind speed and power make it difficult to
assess efficiency of a turbine. A turbine with a deteriorating per-
formance may be prone to failures, including catastrophic failures.
An early maintenance interventionmay bewarranted. The research
presented in this paper offers a solution to performance evaluation
of wind turbines.

Numerous approaches have been applied tomodel wind turbine
power curves (WTPCs). The models presented in the literature are
usually parametric or non-parametric [3]. Examples of parametric
models include [4]: the piecewise linear model, polynomial power
curve, maximum principle method, and dynamical power curve. In
the piecewise linear model, the lines represent the data fitted ac-
cording to the least square criterion [5,6]. More accurate WTPCs
were modeled with polynomial equations, ranging from quadratic

power curve models [7], to cubic and approximate cubic [3],
exponential [7], and ninth degree polynomial models [8]. The
maximum principle method was proposed in Ref. [9] to build a
dynamic empirical power curve model. The main idea behind the
dynamic power curve is to partition the wind power output into
deterministic and stochastic components, for example the Langevin
model was used in Ref. [9]. There are also probabilistic models, for
example, the power curve model in Ref. [10] considered the dy-
namics and uncertainty of wind power generation. Logistic func-
tion models with four and five parameters were developed in
Ref. [11].

Non-parametric models do not involve equations [4]. Examples
of non-parametric models include, copula power curve model,
cubic spline interpolation, neural network (NN), fuzzy models, and
data derived models. Copula is a distribution function utilized to
analyze dependence of random variables. The copula model in
Ref. [12] considered the wind power curve as a bivariate joint dis-
tribution. Interpolation methods, generally used to determine
values between two known data points, were utilized to model
power curves. The cubic spline interpolation was successfully
applied to model power curve in Ref. [3]. Neural network (NN)
models are suitable for modeling WTPCs. Three different NNs, the
generalized mapping regression (GMR), multi-layer perceptron
(MLP), and general regression neural-network (GRNN) were
applied to model WTPCs in Ref. [13]. Furthermore, fuzzy cluster
center method, fuzzy c-means clustering, and subtractive
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clustering were used in Refs. [8,14] to model WTPCs. Since super-
visory control and data acquisition (SCADA) systems collect large
volumes of data, datamining algorithmswere used tomodel power
curves in Ref. [5].

In summary, parametric models have limitations in expressing
dynamic characteristics of power curves [15], for example, at the
area between two partitions. Non-parametric models are more
accurate [16], however, they may come at higher computation and
training cost. Development of a dynamics power curves at a low
computational cost calls for a new approach. An approach to model
power curve with cluster centers proposed in Ref. [17] reduced the
computational cost. In this paper the partition centers are used as
training examples to build a power curve model with the support
vector machine (SVM) algorithm.

The paper is organized in three sections. In Section 2, the wind
turbine power curve (WTPC) and a framework of the proposed
method is presented. Section 3 discusses the data from an oper-
ating wind farm and the necessary data processing. Section 4 fo-
cuses on computation of partition centers and selection of a data
mining algorithm. In Section 5, the proposed method is applied to
the industrial data. Performance of the proposed model is also
discussed. Section 6 concludes the paper.

2. The proposed approach

Awind turbine power curve (WTPC) model includes three main
points: A, B, C (see Fig. 1). Point A represents the cut-in wind speed,
point B reflects the rated power, and point C corresponding to the
cut-out speed.

These three points divide power curve into four segments [18],
each having a different distribution of wind power and wind speed.
When the wind speed v<vA or v>vC, wind power output is zero. In
segment BC, the wind power output reaches the rated level. The
theoretical performance of a wind turbine in segment AB is
expressed in equation (1).

P ¼ 1
2
CprpR2v3 (1)

where: Cp is thewind turbine power coefficient; r represents the air
density; R is the radius of wind rotor, and v represents the wind
speed.

As different segments of a power curve have different proper-
ties, segmented models are used, e.g., models composed of three

and four segments were built in Ref. [19] (see Fig.1). However, some
points could not be well represented due to non-smoothness at a
juncture of segments. Non-parametric models offer flexibility in
dynamic models of power curves, but may come at a significant
computational cost. The approach proposed in this paper allows to
build a dynamic WPTC model at a low computational cost.

A framework of modeling wind turbine power curves is pre-
sented in Fig. 2. The published research (the blue dashed box at the
left in Fig. 2) and the proposed one (the red dashed box at the right)
are compared. First, the original wind data is preprocessed to
eliminate abnormal data values. The approaches published in the
literature favor use of segmented and non-parametric models. In
this paper, the data is divided into equal size partitions. The cen-
troids of the partitions serve as new data points. Based on the new
data points, a dynamic WTPC is built by a support vector machine
(SVM) algorithm. The power curve model is applied to assess per-
formance of wind turbines.

3. Data source and preprocessing

The data (wind power andwind speed) used in this paper comes
from a large wind farm located in the Midwest. The data set was
collected at turbine at a sampling interval of 10 min. In total 57,025
data points were collected from June 1, 2014 to July 1, 2015. The unit
of the active wind power is kW, and the value of power is
normalized for air density of 1.18 kg/m3.

Fig. 3 illustrates the power curve constructed from the industrial
data. The black points are generally used to train the wind turbine
power curve (WTPC). The red data points are defined in Ref. [20] as
under-power points or stopping points pointing to abnormal
behavior of a turbine. To reduce the modeling error, the under-the-
power curve points are rejected at the pre-processing phase.

Assuming a wind power series {xn}, the mean x and standard
deviation s are applied to determine abnormal values. The wind
data may not be stationary at some periods due to wind speed
fluctuation. Therefore, x is computed step-by-step based on expo-
nential smoothing [21] according to equation (2).

xt ¼ axt þ ð1� aÞxt�1 (2)

where: xt represents the computed mean at the tth step; a is the
weight parameter; and x0 is chosen as x0;. Based on equation (2),

Fig. 1. An abstract power curve. Fig. 2. A framework of the proposed modeling approach.
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