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ABSTRACT
Power curves are commonly estimated using the binning method recommended by the International Electrotechnical Commission, which primarily incorporates wind speed information. When such power curves are used to quantify a turbine’s
upgrade, the results may not be accurate because many other environmental factors in addition to wind speed, such as temperature, air pressure, turbulence intensity, wind shear and humidity, all potentially affect the turbine’s power output. Wind
industry practitioners are aware of the need to filter out effects from environmental conditions. Toward that objective, we
developed a kernel plus method that allows incorporation of multivariate environmental factors in a power curve model,
thereby controlling the effects from environmental factors while comparing power outputs. We demonstrate that the kernel
plus method can serve as a useful tool for quantifying a turbine’s upgrade because it is sensitive to small and moderate
changes caused by certain turbine upgrades. Although we demonstrate the utility of the kernel plus method in this specific application, the resulting method is a general, multivariate model that can connect other physical factors, as long as
their measurements are available, with a turbine’s power output, which may allow us to explore new physical properties
associated with wind turbine performance. Copyright © 2014 John Wiley & Sons, Ltd.
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1. INTRODUCTION
Wind turbine generators are arguably one of the most crucial elements in the wind energy infrastructure. Turbine performance assessment plays an important role in wind turbine maintenance, equipment procurement and wind energy planning.
Over time, a wind turbine naturally degrades, losing efficiency in power generation. To maintain the production efficiency
of a wind turbine, practitioners sometimes perform a retrofit to an existing turbine known as an upgrade. An upgrade adds
new components to a turbine and/or adjusts existing ones.
Upgrading is costly. For instance, one type of upgrade we present in the following is a vortex generator installation.
Past studies, for instance,1 claimed that having vortex generators could improve the lift characteristics of the blades and
thus benefit wind energy production. Installing vortex generators, however, requires retrofitting of the wind turbine blades,
and doing so incurs material and labor costs and halts energy production during installation. Wind operators often wonder
whether or not the performance of a wind turbine is improved enough to justify the cost of upgrading.
Practitioners recognize that wind power output from a turbine is driven by wind input. It therefore makes little sense
to compare only the difference in wind power production before and after an upgrade. Even if there exists a difference,
this output-only difference would not reveal if the difference comes from the upgrading of the turbine or merely from the
occurrence of a strong wind after the upgrade. A more sensible method, which is also a common practice in the wind
industry, is through an analysis of the power curve associated with the turbine. A power curve measures the relationship
Copyright © 2014 John Wiley & Sons, Ltd.

1207

G. Lee et al.

Kernel plus method

power (y)

cut out speed (say 25 m/s)
efficiency
improve

rated speed (say
14 m/s)
efficiency decline

cut-in speed (say 3 m/s)

wind speed (V)

Figure 1. An example of a power curve and the associated power production efficiency.

between the power output of a turbine and the wind speed, as illustrated in Figure 1. A change in the position and slope of
a turbine’s power curve, especially in the part between the cut-in wind speed and rated speed, indicates a change in energy
production efficiency. In theory, it is possible to estimate the power curve associated with a turbine before and after an
upgrade and compare the power curves to determine if the production efficiency has improved.
The current industrial practice of estimating power curves from measurements relies on the binning method as recommended by the International Electrotechnical Commission.2 The basic idea of the binning method is to discretize the
domain of wind speed into a finite number of bins using a bin width of, for example, 0.5 m s1 . Then, the value to be
used for representing the power output for a given bin is simply the sample average of all the data points falling within that
specific bin. The details of the binning method and a number of other variants are reviewed in Section 2.
A shortcoming of the binning method is that it produces an average power curve for a turbine using only the wind speed.
Besides the wind speed, however, many other environmental factors, such as temperature, air pressure, turbulence intensity,
wind shear and humidity, all potentially affect the power output of a turbine. When there is a change in the power curve, it is
still difficult to discern the source of the change. A power curve (or response) determined by a turbine’s own aerodynamics,
after the influence from the major environmental factors is controlled for, is needed. When the environmental factors are
not controlled for, the power output data on a power curve plot scatter widely around the average curve, indicating a large
amount of uncertainty.
On the other hand, the meteorological mast (MAST) on each wind farm includes a wide array of sensors that measure
more than just wind speed. Other environmental variables measured may include wind direction, D, temperature, T, air
pressure, P, and humidity, H. Based on wind speed measurements, it is also possible to calculate turbulence intensity, I
(equal to the standard deviation (SD) of short-duration wind speeds divided by the average wind speed of the same duration) and wind shear, S (using wind speeds measured at different heights). Ongoing innovations are also introducing spatial
measurement capabilities through LIght Detection And Ranging (LiDAR) or SOnic Detection And Ranging (SODAR)
technologies that can potentially measure and represent the spatial structure of the wind field in front of a turbine. Our conjecture is that incorporating extra environmental variables (also known as the weather covariates) or spatial measurements
in a power curve model gives us a tool for controlling for variations from the environmental variables, thereby reducing the
uncertainty in subsequent analysis.
There are inherent difficulties to extend the binning method to incorporate the extra environmental variables; we provide
more detailed arguments in the next section. To tackle these problems, we developed a non-parametric, multivariate method,
called kernel plus, that can incorporate many environmental variables.
In the current application, we use environmental measurement data (as well as power output data) from a commercial
wind farm as is. The set of data does not include LiDAR spatial measurements but it does include several meteorological
measurements, such as temperature and air pressure. Using the proposed method, we conduct two case studies related to
turbine upgrades, demonstrating the superiority of the kernel plus method in detecting small-to-moderate changes resulting
from certain turbine upgrades. We also wish to point out that the utility of the proposed kernel plus method is broader than
merely the application of turbine upgrade quantification; it can be used to facilitate the exploration for and understanding
of how any newly measured physical factor affects a turbine’s power production ability.
The remaining parts of this paper are discussed in the following order. Section 2 reviews the methods and practices
of turbine performance assessment. Section 3 presents the details of the kernel plus method as well as a procedure for
quantifying a turbine’s upgrade. We present the case studies in Section 4 and conclude the paper in Section 5.

2. LITERATURE REVIEW
For turbine performance assessment, a sensible approach is to use a power output to account for environmental effects. This
can be achieved by using the power residual, denoted by R, which is the difference between the observed power output, y,
and the power output estimated through a power curve model, yO , as in the following:
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R D y  yO .

(1)

Of course, whether or not the power residual captures an endogenous change to a turbine depends on how yO is obtained.
Please note that the power curve model yO is represented by a functional surface across all environmental variables and can
be used to study unmodified turbines as well as modified ones.
As we mentioned in Section 1, the most popular tool used by practitioners for estimating a power curve from
measurements is the binning method, computed by
yO i D

ni
1 X
yi,j
ni

(2)

jD1

where yi,j is the power output of the jth data point in bin i, and ni is the number of data points in bin i. In this plain version
of the binning method, all environmental variables, other than the wind speed, are ignored.
The commonly used physical relationship in wind power generation3, 4 states that
yD

1
 Cp    r2  V 3
2

(3)

where r is the radius of the rotor,  is the air density and Cp is the so-called power coefficient. Motivated by this physical
relation, practitioners recognize the need to include air density as a factor in calculating the power output and do so through
a formula known as the air density correction.2 If V is the raw wind speed, the air density correction adjusts the wind speed
based on the measured air density, , namely,
 1
 3
0
(4)
V DV
0
where 0 is the dry air density at the sea level (D 1.225 kg m3 / per international atmosphere standard. The binning
method with the air density correction uses this corrected wind speed, V 0 , and the power output, y, to establish a power
curve. In the subsequent analysis, as well as in Section 4, by ‘binning method’, we mean this air density corrected version
unless otherwise noted.
Other existing methods of fitting a power curve are similar to the binning method in the sense that wind speed is used
as the sole explanatory variable, although the specific techniques used for curve fitting are quite different.5–9 Wan et al.10
considered more than just wind speed; they binned both wind speed and direction and used a neural network model using
both wind speed and air density as inputs. In the end, Wan et al.10 concluded that the binning method with air density
correction produced the best power curve-fitting outcome among all the alternatives they investigated.
Despite the availability of other environmental measurements and their potential impact on power curve estimation, most current methods still make use of wind speed only. The power residuals calculated by the current methods
reveal a non-random pattern and high variance in the residuals; such residual characteristics hinder us from detecting
small-to-moderate changes in turbine performance. The need to develop power curve methods with multivariate dependencies has been noted.11 However, doing so through an extension of the binning method is not easy. The binning method has
its own merit, not only that it is a simple procedure and very easy to understand but also a non-parametric method that
relies on few assumptions. It is therefore robust. Its major limitation lies in its rigid compartmentalization of data and its
separate use of data for each individual bin rather than borrowing strength from other bins. A binning method is effective
when used on single dimensional data but runs into the ‘curse of dimensionality’ and loses its effectiveness when used for
handling multivariate data.
To see this, consider the following. Suppose that we have a whole year worth of data arranged in increments of 10 min,
translating to 52,560 data points, and we now try to bin the data against, say, five input variables, and each of them uses
20 bins. Then, we end up with more than three million bins. On average, every 60 bins share one data point, meaning that
we are going to see a lot of empty bins with no data at all. Such data scarcity will cause inaccuracy or higher uncertainty
in subsequent data analysis and statistical estimation. Researchers may argue that we can use fewer bins. But reducing the
number of bins does not fundamentally reduce the curse of dimensionality. Moreover, with fewer bins, the binning method
loses the resolution that is needed for producing a sufficiently smooth curve. The choice of bin width is by itself a problem
often under debate among both academic researchers and practitioners.

3. METHODOLOGY
We present our proposed methodology in this section. We first present some background information on the conventional
kernel regression method in Section 3.1 and explain why the existing kernel method does not address the challenges
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Figure 2. The kernel function in a kernel regression.

identified earlier. Then, we present our new method, followed by a summary procedure to show how the method can be
used for the purpose of assessing changes in turbine performance after an upgrade.

3.1. The conventional kernel method
Consider the task of regression using a dataset, fxi , yi /gN
iD1 , where xi is the covariate (or explanatory variable) and N is
the data amount. For a power curve as shown in Figure 1, x is the wind speed, V. Kernel regression is a non-parametric,
localized regression method.12 The basic idea is to make an estimation, yO , at x, using observation pairs, .xi , yi /, close to
x. This localization is achieved by associating a weighting function with each data point xi . This weighting function is a
smoothly decaying function, symmetric with respect to xi and also integrable to 1, such that the magnitude of yO is consistent
with that of the original data, y. When all the conditions on the weighting function are satisfied, it is called a kernel function
and is represented by K .x, xi /, where  is known as the bandwidth of the function, indicating how fast the function decays
from its peak toward zero and hence controlling the smoothness of the regression function. One of the popular kernel
functions is the Gaussian kernel function, taking the form
!
1
jjx  xi jj2
exp 
.
(5)
K .x, xi / D p
22
22
Figure 2(a) presents a Gaussian kernel function. Using this kernel function, a kernel regression estimator,13, 14 also known
as the Nadaraya–Watson estimator, can be expressed as
yO .x/ D

N
X
iD1

wi .x/  yi , where

K .x, xi /
wi .x/ D PN 
.
iD1 K .x, xi /

(6)

In essence, a kernel regression method is a weighted average of all the data points with the weighting coefficient, wi .x/,
associated with the data point, xi . The weighting coefficient, wi .x/, decays toward zero, as the distance increases between
xi and x, the location where the estimation is made. Even though the Gaussian kernel in the theory gives every data point a
positive weight, the weight is practically zero when xi is sufficiently farther, say 3  away from x. For this reason, a kernel
regression is considered a localized regression method.
Compared with the simple one-dimensional kernel regression, the binning method bears a certain similarity. The binning method can even be considered as a special kernel method but it uses a step function as the weighting function,
giving a constant weight to any location, x, within the step function window of data point, xi ; see Figure 2(b). The binning method is not really a kernel method for another important reason: in the kernel regression, the estimation location,
x, moves continuously along the abscissa axis, producing a continuous, smooth curve, whereas the corresponding x in
the binning method jumps from one bin to the next one, so that the resulting power curve from the binning method, if
magnified enough, is discretized. However, the difference between the two methods is not great, as long as the covariate
remains a single variable like the wind speed. With a one-dimensional covariate, changing the binning method to a kernel
regression produces just a slightly different power curve, assuming that a fine enough resolution has been used to bin the
wind speed.
Kernel regression can be extended to multivariate cases. Suppose that multiple covariates are represented by the vector
x of dimension q, namely, x D .x1 , x2 , : : : , xq /. A multivariate kernel regression still bears the form as in Equation (6), but
the kernel function used therein should be a multivariate kernel function and is often composed of a product kernel that is
a multiplication of univariate kernel functions, such as
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K .x, xi / D K1 .x1 , xi,1 /  K2 .x2 , xi,2 /    Kq .xq , xi,q /

(7)

where  D .1 , : : : , q / is the set of bandwidths associated with each covariate, and xi,j is the jth element of xi . The
multivariate kernel regression suffers from the curse of dimensionality as well—when q is large, the estimation quality
deteriorates because the data become sparse in a high-dimensional space.

3.2. The kernel plus method
We propose a kernel regression procedure, taking advantage of the sound statistical properties of conventional kernel
methods while addressing their shortcomings. There are two primary shortcomings we address in this section: (i) the curse
of dimensionality issue as mentioned earlier and (ii) the bias associated with a Nadaraya–Watson kernel estimator when it
is used in a new dataset. We call the resulting method the kernel plus method. To address the curse of dimensionality issue,
kernel plus chooses a hybrid structure that includes multiplicative kernel functions in an additive model. A pure additive
model is scalable and can easily include many explanatory variables or covariates without running into the dimensionality
problem. The downside is that such a model fails to capture the interaction among the covariates. This is a crucial drawback
for additive models, as the physical law in Equation (3) governing wind energy generation tells us that the important
covariates, such as wind speed and air density, interact in a nonlinear fashion when both are connected with the power
output. We have in fact attempted pure additive models, and they are not effective as expected.
On the other hand, a pure multiplicative model, while capable of capturing the complicated nonlinear relationship among
covariates, becomes less practical when its product kernel has more than three elements. A natural compromise is to use a
multiplicative–additive hybrid: the multiplicative kernel has only three element kernels to capture the important covariate
interaction, and the additive model structure ensures the scalability of the resulting model. Observing again the governing
physics in Equation (3), we believe that wind speed, V, and wind direction, D, are the two most important covariates
and should be included in all the multiplicative kernels. The third element in a trivariate multiplicative kernel is another
weather-relevant covariate. The final kernel plus model includes q  2 trivariate multiplicative kernels, each of which takes
a different covariate as its third element.
We designate the first two elements of x always as x1 D V and x2 D D and introduce a new symbol, xj , such that
xj :D .x1 , x2 , xj /, j D 3, : : : , q. With this notation, our hybrid kernel estimator takes the form of
yO HK .x/ D

h
i
1
yO .x3 / C : : : C yO .xq /
.q  2/

(8)

where yO .xj / is the Nadaraya–Watson kernel estimator in Equation (6) with its kernel function, a multiplication of three
univariate kernel functions, K1 .x1 , xi,1 /, K2 .x2 , xi,2 / and Kj .xj , xi,j /, j D 3, : : : , q. When additional covariates become
available, we plan to add extra additive terms, each of which has the same structure as the current terms, namely, a trivariate multiplicative kernel having inputs of V, D and a new covariate. To address the bias issue of the Nadaraya–Watson
kernel estimator, we propose a self-calibration procedure. The existence of bias based on finite samples is a common problem in statistical prediction; see Figure 7.2 of Hastie et al.12 for a full illustration of biases and variances involved in
statistical prediction.
Before we present the procedure, we define a few terms. Our method is a data-driven method, and it involves three
datasets to quantify a wind turbine upgrade: a training dataset of historical observations of .x, y/ pairs and two test datasets
before and after an upgrade; see Figure 3. The training dataset is referred to as ‘Data0’ and is used to fit a power curve
model. This model is the mathematical surrogate of a physical turbine, and it is supposed to represent the ‘old turbine’
before upgrade. Data0 should be collected from a reasonable duration of a turbine’s operation, for instance, 1 year, such
that the seasonal weather effects are represented in the data. The two test sets, referred to as ‘Data1’ and ‘Data2’, respectively, are collected for the same length of duration before and after the upgrade. They are used to detect and quantify the
upgrade. Their corresponding data duration can be much shorter than that of Data0; a few weeks to a few months may
be sufficient.
The self-calibration procedure is done primarily by using subsets of the training data in Data0. To select a calibration
set of data that has similar weather conditions to those in Data1 and Data2, we define a distance measure, which is in
spirit similar to the Mahalanobis distance,15 i.e., a weighted distance between two multidimensional points based on the
corresponding covariance matrix. Our defined distance measure is indeed a weighted distance, but instead of using the
covariance matrix, we employ a diagonal matrix whose diagonal elements are from the bandwidth vector . Specifically,
we denote this diagonal matrix as ƒ, so that ƒi,i D i and ƒi,j D 0 8i ¤ j. The resulting distance measure between a
training data point, xi 2 Data0, and a testing data point, xj , in either Data1 or Data2 is
q
D.xi , xj / D .xi  xj /T ƒ1 .xi  xj /.
(9)
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Figure 3. Data set partitions used in quantifying an upgrade.

The reason we choose this distance measure to define the similarity between two x’s is as follows. A simple Euclidean
distance does not reflect the similarity between the x’s well because different elements in x have different physical units,
leading to different value ranges. To define a sensible similarity measure, a key issue is to weigh different elements in
x consistently with their relative importance pertinent to the power output. The original Mahalanobis distance does not
serve this purpose because the squared distance associated with an input variable is weighted by the inverse of its variance.
In a power curve model, wind speed is arguably the most important variable, yet it has a large variance. Because of
this large variance, using the Mahalanobis distance will in fact diminish the importance of wind speed relative to other
variables that have a smaller variance. Our choice of using the kernel bandwidth parameters as the weighting coefficients
in ƒ is consistent with our goal of weighting each element according to its relative importance, because the bandwidth
parameters are selected based on how sensitive the power output is to a unit change in the corresponding input variable. If
an input variable has a small bandwidth, it means that the power output could produce an appreciable difference with a
small change in the corresponding input, suggesting that this variable is relatively important. On the other hand, a large
bandwidth indicates a less important input variable.
cal
For any testing data point xj , we can choose a calibration point xcal
i from Data0, which has the minimum D.xi , xj /
distance with the testing data point. Then, we employ the self calibration procedure as follows:
 
HK xcal
1. For xcal
i 2 Data0, compute yO
i
 
 cal 
 yO HK xcal
2. Compute the calibration value Rcal
j D y xi
i
3. For any testing data point xj , the final power estimate from the kernel plus method is yO KP .xj / D yO HK .xj / C Rcal
j .

3.3. Procedure for quantifying an upgrade
Figure 4 outlines the procedure for detecting and quantifying an upgrade using the kernel plus method and the three sets of
data as described in the previous subsection.
To start, we establish a power curve model using the kernel plus method. This step includes the use of both the hybrid
kernel and the self-calibration. Then, this power curve model, representing the ‘old’ turbine, is used to make a prediction/estimation of power output under a new weather profile x in either Data1 or Data2, and the result is denoted as yO .x.1/ /
and yO .x.2/ /, respectively. Consequently, the corresponding power residuals can be computed. Had a turbine undergone an
upgrade, we would expect the residuals before and after the upgrade to be different. To detect a potential difference in
the residuals, it is necessary to invoke a statistical test because the power output data are noisy; specifically, a Student’s
t-test16 is used. Suppose that N1 and N2 are the number of data points in Data1 and Data2, respectively. The statistical test
procedure is as follows:
 Compute the residuals before and after an upgrade, i.e., for Data1, R.x.1/ / :D y.x.1/ /  yO .x.1/ /, and for Data2,
R.x.2/ / :D y.x.2/ /  yO .x.2/ /;
 Compute the two sample means and the corresponding SDs by using the following formula:
PNk
RN k D

.k/
jD1 R.xj /

Nk

and Sk D

v
 


uP
u Nk R x.k/  RN 2
k
t jD1
j
Nk  1

for k D 1, 2

where N1 and N2 are the number of observations in Data1 and Data2, respectively.
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Figure 4. The procedure of quantifying a turbine upgrade using the kernel plus method.

 Then, the pooled estimate of SD R is calculated as
s
R D

.N1  1/S12 C .N2  1/S22
.
N1 C N2  2

 The t statistic is calculated as
tD

RN 2  RN 1
q
R  N11 C

1
N2

.

 Finally, we calculate the p-value of the t statistic. A p-value is a probability, taking values between 0 and 1. The
smaller the p-value, the more significant the difference.
The aforementioned procedure is devised to confirm any detectable difference resulting from an upgrade. The output is
binary, either the upgrade produces a statistically significant difference in a turbine’s performance or it does not.
Another practical question is that if the aforementioned t-test does indicate a significant difference, how much a
difference in terms of power generation does the upgrade produce? To answer this question, we define a quantifier
as follows:
P
x2Dtest .y.x/  yO .x//
P
 100%
(10)
DIFF.x/ D
x2Dtest y.x/
where Dtest is a test dataset and can be either Data1 or Data2, so that x can be either x.1/ or x.2/ accordingly. Similar to
the residual analysis described earlier, comparing DIFF.x.2/ / with DIFF.x.1/ / quantifies the benefit of the upgrade. Note
further that DIFF D DIFF.x.2/ /  DIFF.x.1/ / provides the difference in power generation between the old turbine and
the new turbine when the effects of the weather profile are controlled for. Obviously, the bigger the DIFF, the more wind
energy an upgraded turbine produces under the same weather profile.

4. CASE STUDY
4.1. Background and datasets
We study two types of upgrades in this section: one is a vortex generator installation and the other is an artificial pitch angle
adjustment. In the literature, both upgrades were believed to provide benefit in improving wind energy production.1, 17 We
have wind farm operational data from a turbine that underwent vortex generator installation. The reason we include the
artificial pitch angle case is to facilitate the understanding of a method’s sensitivity to a known perturbation. What we do
in this artificial case is to take another turbine from the same wind farm and its current operational data and synthesize the
after-upgrade data according to the understood characteristic of pitch angle adjustment.
Wind Energy 2015; 18:1207–1219 © 2014 John Wiley & Sons, Ltd.
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MAST #2

EWT2

North

CWT2

13.91 km

CWT1
EWT1
MAST #1

Figure 5. Wind farm layout. Triangles: meteorological masts; squares: experimental turbines that had an upgrade; circles: turbines in
the control group that did not have the upgrade.
Table I. Specifications of the wind turbines in
the case study.
Hub height (m)
Rotor diameter (m)
Cut-in wind speed (m s1 )
Cut-out wind speed (m s1 )
Rated wind speed (m s1 )
Rated power (MW)
Location

80
About 80
3.5
20
Around 13
1.5 - 2.0
In land, USA

As such, we select two groups of wind turbines from an inland wind farm, each consisting of a MAST and two wind
turbine pairs, one is an experimental wind turbine (EWT) that had an upgrade, and the other is a control wind turbine
(CWT) in the vicinity of the EWT but did not have the upgrade. In the wind farm layout as shown in Figure 5, the distance
between a mast and a turbine is not scaled accurately but their relative positions, as well as their positions relative to the
mast, reflect the reality.
The turbine characteristics are presented in Table I, in which an approximation rather than the accurate value is given to
certain characteristics to protect the turbine manufacturers’ and wind farms’ identities. In both pairs, the EWT and CWT
are practically identical turbines and were installed and put into service at the same time. We selected them because we
believe that all other differences associated with a turbine pair are controlled for as practically as possible. This wind farm
is on a reasonably flat terrain, so the elevation differences between the EWT and CWT pairs are about 2–3 m.
The power output, y, is measured on individual turbines, whereas the environmental variables in x (i.e., the weather
covariates) are measured by sensors at the nearby mast. The sensor equipment at the mast is compliant with the International
Electrotechnical Commission standard.2 The pairs of .x, y/ constitute the data points in the respective datasets. For this
particular wind farm, the following environmental variables are measured: wind speed, wind direction, air pressure and
temperature. We convert the air pressure and temperature measurements into air density, , following a standard formula.7
Those environmental measurements, as well as the power output data, are arranged in 10-min block and with an average of
10-min data recording. We understand that such treatment is consistent with industry practice.
Using wind speed measurements, we can also compute the turbulence intensity, I, and the vertical below-hub wind shear,
S. The vertical wind shear, S, uses two wind speed measurements, one at the hub height and the other at a height below the
hub height. There are no wind measurements that allow us to compute different kinds of wind shear other than this vertical
one. Humidity could be measured, but for the datasets we have at hand, humidity measurements are not available. Taking
all the aforementioned discussions into account, we have five covariates in x, i.e., x D .V, D, , I, S/. When using this x to
fit a kernel plus model, we find that including the vertical wind shear, S, does not make the final model any better. In the
end, we choose to leave out wind shear, S. The final weather covariate vector is therefore x D .V, D, , I/ and q D 4.
Turbine EWT1 underwent a vortex generator installation. The vortex generators are on the suction side of the blade
and are located radially on the inboard (root) end of the blade. For the group of MAST # 1, EWT1 and CWT1, we have
13 months of actual operational data in Data0 and 2 weeks of operational data in both Data1 and Data2.
For the group that include MAST # 2, EWT2 and CWT2, we have 14 months of data in Data0 and 2 weeks of data in
both Data1 and Data2. Turbine EWT2 is used to mimic the effect from a pitch angle adjustment. Since it does not actually
undergo such an upgrade, we generate the after-upgrade data, i.e., Data2, by modifying its existing data. Our treatment is
based on the study17 that simulated the power output based on different pitch angles. Figure 6 illustrates the results from

1214

Wind Energy 2015; 18:1207–1219 © 2014 John Wiley & Sons, Ltd.
DOI: 10.1002/we

G. Lee et al.

Kernel plus method

Power output

Power curves under
different pitch angles

Wind speed

9 m/s

Figure 6. Illustration of power output results based on different pitch angles. This is a simplified adaptation from a figure in Wang
et al.17 The original work simulated three attack angles, 5.5ı , 6.0ı and 6.5ı , under the same designed tip speed ratio of 7 and
designed wind speed of 8.0 m s1 .

Table II. Bandwidth parameters used in the kernel
plus method.
Turbine

V

D



I

EWT1
CWT1
EWT2
CWT2

0.2163
0.2377
0.2907
0.2575

3.4057
3.2234
3.6651
4.1766

0.0019
0.0021
0.0018
0.0014

0.0043
0.0050
0.0054
0.0050

EWT, experimental wind turbine; CWT, control
wind turbine.

Wang et al.,17 concerning the rotor power performance corresponding to different pitch angels, where we notice that the
pitch angle adjustment increases the power performance primarily for wind speeds above 9 m s1 . Accordingly, to mimic
the behavior of a turbine that underwent a pitch angle adjustment, we multiply the original power outputs (i.e., y values)
in Data2 of EWT2 by a factor of 1.05 for those corresponding to wind speeds above 9 m s1 . We did not make any other
changes to the x vector nor the y value in Data0 and Data1 of EWT2. No changes were made to any datasets associated
with CWT2.

4.2. Upgrade detection
We first apply both the kernel plus method and the binning method to the two groups of turbines and conduct the residual
analysis. The use of the kernel plus method follows the logic flow shown in Figure 4. When using the binning method, we
simply replace the kernel plus method, i.e., the dashed line rectangle in Figure 4, with the binning method (the version with
air density adjustment). To determine the bandwidth parameters in the kernel plus method, we follow a standard procedure
in the statistical literature.18 Table II presents the bandwidth parameters used for the data associated with the four turbines.
For an upgraded turbine, a method is supposed to produce a large t-statistic (in its absolute value), which will further
lead to a small p-value that signifies the difference between the residuals, whereas for a turbine without upgrade, a small t
statistic, or equivalently, a large p-value is expected. In statistical inferences, the commonly used threshold of a p-value to
indicate significance is 0.05, which is what we use in this analysis.
Table III presents the outcomes from the residual analysis of both groups of turbines. The table’s message is clear: the
kernel plus method has significant outcomes consistent with the upgrade action, whereas the binning method does not.
Although the binning method has significant outcomes on EWT2, it indicates the change in CWT2 as equally significant.
We believe that the erratic outcome of the binning method is attributable to the still large amount of uncertainty unaccounted for in its residuals, leading to big biases and/or great variability. To intuitively understand the outcomes of the
statistical tests, we present in Figure 7 the residual plots using data from EWT1 when applying the binning and the kernel
plus method. The residuals of the binning method follow an obvious pattern (leading to bias) and have a large dispersion,
suggesting a poor model fit and large uncertainty, whereas the residuals of the kernel plus method have a considerably
smaller dispersion and exhibit a random pattern, indicating an adequate model fit and reduced uncertainty. The residual
plots using other turbines’ data lead to the same insight and are thus omitted.
Wind Energy 2015; 18:1207–1219 © 2014 John Wiley & Sons, Ltd.
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Table III. Comparing the kernel plus and binning methods on
their ability to detect a turbine upgrade.
Binning

Kernel plus

Turbine

t -statistic

p-value

t -statistic

p-value

EWT1
CWT1
EWT2
CWT2

-0.46
-2.54
5.09
4.51

0.65
0.01
3.89  107
6.84  106

2.24
-0.14
3.18
-1.71

0.025
0.89
0.002
0.09

EWT, experimental wind turbine; CWT, control wind turbine.

(a) BIN residual plot

(b) Kernel Plus residual plot

Figure 7. Residual plots after the binning method (left panel) or the kernel plus method (right panel) is applied. The vertical dashed
line indicates the rated wind speed.
Table IV. Comparing the kernel plus and binning methods
on their ability to quantify a turbine’s upgrade.
Turbine
EWT1
CWT1
EWT2
CWT2

DIFF from binning
0.43%
2.92%
5.98%
3.92%

.0.55%/
.1.20%/
.0.70%/
.0.98%/

DIFF from kernel plus
1.68%
0.13%
2.79%
1.45%

.0.73%/
.0.82%/
.0.59%/
.0.75%/

EWT, experimental wind turbine; CWT, control wind turbine.

4.3. Upgrade quantification
We compute the DIFF metric as defined in Section 3.3. Once again, both the binning method and the kernel plus method
are used. The original dataset is bootstrapped 10 times, producing 10 replications of the quantification analysis. Both the
average improvement and its SD (the quantity in parenthesis), reported as percentages, are presented in Table IV.
The outcomes from the kernel plus method are consistent with the upgrade action. When there are both a vortex generator
installation and a pitch control adjustment, EWT1 and EWT2 can produce, respectively, 1.68% and 2.79% more wind
energy after the upgrade than before the upgrade under the same weather profile. For EWT1, the range of the percentage
improvement recorded among the 10 replication is Œ0.82%, 3.15%. For EWT2, the range is Œ1.88%, 3.88%. The 95%
confidence interval (CI) of the improvement can be roughly estimated by using the average ˙2 SD. It is obvious that
when using the kernel plus method, the 95% CI of the improvements in EWT1 and EWT2 are both greater than zero,
whereas those of CWT1 and CWT2 both contain zero, consistent with the detection action.
For the case of pitch angle adjustment, since we synthesize the after-upgrade data, we can calculate the actual power
increment rate in the data. Recall that we multiplied the original power outputs by a factor of 1.05 but only for the power
output corresponding to wind speed of 9 m s1 or above. If we compute the power output difference before and after the
adjustment for the entire wind spectrum from the cut-in to the cut-out wind speeds, the power increment rate is 2.80%,
which is rather close to the average estimated by the kernel plus method .2.79%/.

1216

Wind Energy 2015; 18:1207–1219 © 2014 John Wiley & Sons, Ltd.
DOI: 10.1002/we

G. Lee et al.

Kernel plus method

On the other hand, the binning method does not appear to be effective in quantifying the benefit of the upgrade. For the
first group, the binning method indicates that EWT1 and CWT1 perform, on average, worse after the upgrade than before
the upgrade. When considering its 95% CI, EWT1 does not produce a statistically significant improvement, because its
95% CI contains zero. For the second group, the binning method appears to indicate that EWT2 and CWT2 performs much
better after the upgrade. However, the percentage of improvement associated with EWT2 is more than two times larger
than the actual power production increase, leaving the credibility of the binning-based quantification in doubt.

4.4. Power curves
When we use the kernel plus method, what we fit is no longer a one-dimensional power curve; it is a multi-dimensional
power response surface that is difficult to visualize. Practitioners in the wind industry, however, believe that

Figure 8. Power curves conditioned on air density and turbulence intensity and averaged across wind directions. The power outputs
are normalized by the turbine’s rated power. BIN_BF: binning method before upgrade; BIN_AF: binning method after upgrade; KP_BF:
kernel plus method before upgrade; KP_AF: kernel plus method after upgrade.
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one-dimensional power curves often provide useful insights on where the improvement comes from. In order to produce
a one-dimensional power curve using the kernel plus method, covariates other than the wind speed need to be either
conditioned on a constant value or averaged among all the possible values. Our current power curve model incorporates
four weather covariates .V, D, , and I). We choose to produce a series of power curves under different combinations
of  and I but averaged over all possible values of wind directions. We choose three settings for both  and I, such as
 D .1.15, 1.18, 1.21/ and I D .0.08, 0.12, 0.16/; altogether, there are nine combinations. We use the data from EWT1
to produce the power curves. The same can be done for other turbines, but to save space, we present only the results
for EWT1.
In Figure 8, we include the power curves produced by both the kernel plus method and the binning method. In
using the kernel plus method, there are observable differences between the power curves before and after the upgrade
in several subplots. The difference is usually the most pronounced around the rated wind speed. By comparison, the
binning method produces power curves with no visually detectable difference. This result is consistent with the message of the previous two subsections. We want to caution readers that our purpose here is not to advocate a specific
type of turbine upgrade or retrofit option but to advocate a new method for turbine performance assessment. When
the binning method indicates that there is no difference in a turbine’s power output before and after installing vortex generators, a question remains: is there really no benefit to have a vortex generator for this particular turbine,
or is it possible that the method used, namely, the binning method, is incapable of detecting small to moderate
changes due to the method’s inherent limitations? We believe that our case study demonstrates that the latter possibility is plausible, and as an alternative, the kernel plus method is a better tool for practitioners to use in assessing
turbine performance.

5. CONCLUDING REMARKS
We reported a kernel plus method in this paper, extending the conventional kernel method in two ways: (i) our method
uses an additive–multiplicative hybrid model structure that allows the resulting method to capture important nonlinear interactions when modeling a power response and to remain scalable at the same time, and (ii) it includes a
self-calibration component to alleviate the bias associated with kernel estimators. This kernel plus method serves as
a useful tool for producing power curves in which the influence of environmental factors can be controlled for, such
that the energy production efficiency of a turbine can be better quantified. By using the kernel plus method to quantify an upgrade taken by a turbine and comparing the outcomes with those using the binning method, we found that the
kernel plus method is consistent with the action of upgrading, whereas the findings from the binning method appear random, due to the large, uncontrolled uncertainty associated with the method. We do acknowledge that in the field of the
wind energy, a big uncertainty is the quality of wind speed measurement itself; our reported method does not mitigate
this uncertainty.
On the methodology front, the kernel plus method is admittedly a data-driven method, which by itself does not produce
new physics. But we believe that our method is a good facilitator and a capable tool in helping explore new physical
discoveries about wind turbine performance. To understand how multiple physical factors may have impacts on turbine
performance, a multivariate method must be in place to connect the measured physical factors with the power output. We
hereby present the kernel plus method as a possible solution for this broader objective. On the application side, we use the
kernel plus method to quantify a turbine’s upgrade. We believe that the same method is equally applicable to the detection
and quantification of turbine degradation. Another area of application is in wind power prediction. Since the kernel plus
method produces an improved power curve, it could help to produce more accurate power predictions, given a set of
measured weather covariates beyond the wind speed.
Finally, one referee pointed out a different school of thought on conducting turbine performance assessment. As published by Albers and Antoniou et al.,19, 20 the difference in power between two side-by-side turbines is measured in a
timeline including data before and after the upgrade. The correlation of the wind power generated by the side-by-side
turbines may remove the uncertainty of environmental measurements, leaving only the effect resulting from the turbine
upgrade. It would be interesting and valuable to conduct a carefully devised comparison study to determine which method
is more effective and robust in practice.
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