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ABSTRACT
Wind farm power curve modeling, which characterizes the relationship between meteorological variables and power production, is a crucial procedure for wind power forecasting. In many cases, power curve modeling is more impacted by the
limited quality of input data rather than the stochastic nature of the energy conversion process. Such nature may be due the
varying wind conditions, aging and state of the turbines, etc. And, an equivalent steady-state power curve, estimated under
normal operating conditions with the intention to ﬁlter abnormal data, is not sufﬁcient to solve the problem because of the
lack of time adaptivity. In this paper, a reﬁned local polynomial regression algorithm is proposed to yield an adaptive robust
model of the time-varying scattered power curve for forecasting applications. The time adaptivity of the algorithm is
considered with a new data-driven bandwidth selection method, which is a combination of pilot estimation based on
blockwise least-squares parabolic ﬁtting and the probability integral transform. The regression model is then extended to
a more robust one, in which a new dynamic forgetting factor is deﬁned to make the estimator forget the out-of-date data
swiftly and also achieve a better trade-off between robustness against noisy data and time adaptivity. A case study based
on a real-world dataset validates the properties of the proposed regression method. Results show that the new method could
ﬂexibly respond to abnormal data at different lead times and has better performance than common benchmarks for
short-term forecasting. Copyright © 2016 John Wiley & Sons, Ltd.
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NOMENCLATURE
The main notations used in the paper are stated next for quick reference. Other symbols are deﬁned as required.
yi
xi
xki
θ
x(j)
ϕ n,(j)
βn,(j)
λ
wi,(j)
λi;ðjÞ
hkðjÞ

Response variable at time i, i = 1, 2, …, N
The vector of explanatory variables at time i
The k th dimension of xi, k = 1, 2, …, D
Smooth function of multi-input-single-output system
The j th ﬁtting point of θ, j = 1, 2, …, J
The local coefﬁcients for a given x(j) at time n
The exponential forgetting function of past observations for a given x(j) at time n
Forgetting factor
The weight of xi to x(j)
The effective forgetting factor of xi for a given x(j)
The bandwidth for xkðjÞ , the k th dimension of x(j)
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W
en,(j)
M
V
B
σ2
f
NS
FCDF
ψ
c
α
ae, be, ce
q

The tricube kernel function
Residual of yn
The number of past records used for obtaining the optimal bandwidth
The variance of the smoother
The bias of the smoother
The conditional variance function
The marginal density of the explanatory variable
The number of blocks for the block-wise parabolic ﬁtting
The cumulative distribution function
The derivative of the loss function
c = [cinf, csup], inferior and superior threshold points of the M-type loss function
The proportion of residuals considered as suspicious
Parameters of dynamic forgetting factor
Forecasting lead time

1. INTRODUCTION
Many studies on short-term wind power forecasting with lead times from a few hours to a few days ahead can be found in
the literature with focus on both point and probabilistic forecasting.1–4 As input to operational problems, short-term wind
power forecasting has great value in dealing with the challenges stemming from the participation of wind energy in
electricity markets and quantifying necessary power systems’ reserves,5–7 among others. Some studies have quantified
the beneﬁts of improving forecasting accuracy for better decision-making in power system operation.8–10 For example, it
has been shown in8 that inaccurate forecasting may lead to high operating cost and increased wind power curtailment
for autonomous power systems. Ref.9 compares the market price based on ﬁve different forecast scenarios and states that
the value of the short-term forecasting in electricity markets depends signiﬁcantly on its accuracy.
Most forecasting tools involve a conversion procedure from meteorological forecasts to wind power, i.e. power curve
modeling. Forecasting accuracy is strongly dependent on the quality of power curve modeling, the typical contribution
of which to the forecasting uncertainty could be 10% to 15% of the Root Mean Square Error (RMSE).11
The conversion function described by the power curve is basically nonlinear and non-stationary because of the
ﬂuctuating and stochastic nature of the wind resource, and it also comprises a noise component which represents all the
unavailable microscopic interactions. Moreover, empirical power curves display much more scattered data because of
the limited quality of wind power data used for modeling and forecasting, which is common for a substantial number of
wind farms throughout the world. Because these wind farms are located in remote and harsh areas where the communication and maintenance conditions are not satisfactory, and interferences during measurement, transmission and conversion of
the raw data make the data quality lower than expected. Another reason is the lack of on-site information related to
real-time operation, e.g. maintenance plans, wind turbine operation status and special wind power operation schedules. This
leads to unforeseen changing relationship between the variables involved, eventually contributing to the scattered and
non-stationary characteristics of the power curve greatly.
Consequently, it is crucial for forecast accuracy improvement to make the wind power conversion function adaptive and
robust. Raw data preprocessing before training is one possible way to handle data quality related problems in power curve
modeling.12,13 Those methods could mitigate the effect of abnormal data to some extent, but they do not help capturing the
time-varying and scattered properties of the power curve essentially. An alternative approach is to perform power curve
modeling with adaptive algorithms. A variety of different approaches have been put forward to model power curves,
motivated by monitoring and forecasting, aiming at describing their nonlinear relationship between meteorological
variables and power generation.14,15 Some popular approaches, like the data-mining ones,16–18 try to model an equivalent
steady state power curve under normal operating conditions, with the intension to ﬁlter abnormal data, which lack
time-adaptivity for on-site use. Very little literature exists, however, regarding how to track non-stationary power curves
when a considerable proportion of the data points are corrupted because of the reasons introduced in the above.
Local polynomial regression (LPR) has nice nonparametric features and is considered as an appealing approach for
wind power curve modeling and forecasting.19–21 The time adaptivity of LPR can be obtained from a combination of
recursive least squares (RLS) and exponential forgetting of old measurements.22 The value of the forgetting factor of
RLS-LPR reﬂects the modeling ability to capture the changing parameters and the requirement to reduce wind power
forecasting errors introduced by the inaccurate power curve model based on outdated information. An appropriate local
bandwidth is essential for the regression model to attain a good bias-variance balance on wind power data with
time-varying characteristics.23 In this paper, we use the RLS-LPR model of22 as the reference model and refer to it as
the basic RLS-LPR model.
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A new RLS-LPR based approach is developed in this paper, so as to yield a reliable model of the nonlinear power curve
for forecasting applications. We reﬁne the basic RLS-LPR to a highly adaptive model that can achieve both robustness
against noisy data and time adaptivity to the non-stationary relationship into consideration. And, a new data-driven
bandwidth selection scheme is proposed to adapt to the density of the data used as input. Then, the basic model is
robustiﬁed based on an M-type estimator, i.e. the robust estimator that uses the Huber loss function.24 A new dynamic
forgetting factor is deﬁned to make the estimator forget the outdated data swiftly in order to capture the most recent
relationship in the dataset. Power curve modeling could be inﬂuenced by the uncertainty in both response and explanatory
variables. The enhanced RLS-LPR approach mainly deals with the low data quality problem related to wind power (i.e. the
response variable). Like most robust approaches,25 the explanatory variables are assumed to be noise free.
The paper is structured as follows. The key problems we aim to deal with and the basic RLS-LPR regression model are
described in Section 2. In order to get better performance in terms of both time adaptivity and robustness, several improvements to the LPR model are made in Section 3, including a new bandwidth selection method, a robust M-type estimator
proposal and a dynamic tracking of the forgetting factor. A case study based on real-world data is considered in
Section 4 to verify the performance of the enhanced model. Finally, conclusions and perspectives regarding future works
are gathered in Section 5.

2. LOCAL POLYNOMIAL REGRESSION FOR POWER CURVE MODELING
2.1. The impact of highly corrupted wind power data on power curve modeling
Figure 1 gives some representative situations with wind power samples and adaptively updated power curves to illustrate
the modeling problem brought by the potential limited quality of wind power observations. Figure 1(a) is based on actual
wind speed data measured by a wind mast and artiﬁcial wind power data. The method in20 is applied to simulate noise-free
wind power data. The generated wind power data, modeled by a double exponential function, are then combined with
Gaussian noise series with given standard deviations. From this ﬁgure one can see that the data points are less scattered
than those in Figure 1(b). In this case, even an averaging model that goes through the center of the data points could provide
a good result without delicate consideration about the time-varying and noisy features of the dataset.
In Figure 1(b), the wind speed data are the same as in Figure 1(a), while the wind power data are real-world measurements by the SCADA system of the wind farm. The conversion from wind speed to power varies dramatically from time to
time, and the data points are more scattered with much noise. On the one hand, one can see that a model estimated only on
the normal sample points will perform poorly when used for the abnormal points, such as Period 2 in Figure 1(b), caused by
the practical reasons introduced in Section 1. On the other hand, severe mistakes could happen if no robust estimation
approach is used and the model estimation accounts for all the dispersive points. Thus the power curve model needs to
be enhanced by combining time adaptivity and robust estimation, in order to deal with the non-stationary and scattered
properties of the power curve.
The data used here for the illustration is not related to the case study in Section 4. For the training process of the power
curve estimation with application to wind power forecasting, the wind speed data could be from wind measurements or

Figure 1. Inﬂuence of the dataset quality on power curve modeling. Note: Case 1 refers to the dataset with less noise and simple nonstationary relationship and Case 2 refers to the highly corrupted dataset. For case 2, period 1 and period 2 have occurred successively.
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historical NWP results.26 In this paper, we only use NWP as the training data. For cases with other types of training data,
our approach could be also applied especially when the wind power data are highly corrupted.
2.2. Basic estimating model and its recursive formulation
This section is devoted to the framework of RLS-LPR, which can be equally used with meteorological measurements and
forecasts as input, with application to power curve monitoring or forecasting. The basic model is outlined in a compact way
to make the paper self-content.


In a general manner, we have a set of multi-input-single-output observations: [xi, yi], i = 1, 2, …, N, xi ¼
T
. The response variable follows a general functional of the explanatory variables:
x1i ; …; xki ; …; xD
i
yi ¼ θðxi Þ þ εi ;

(1)

where a model for θ ﬁtted in a least-squares sense speciﬁes the conditional mean of yi given xi, while εi is the
white noise. As for the modeling of a power curve with a forecasting application in mind, yi is the power measurement at time i and xi is the corresponding vector of meteorological forecasts, such as wind speed and wind
direction, which are the drivers of the power generation process.
At time step n (n ≤ N), the model in 1 is approximated by local polynomial ﬁtting for some distinct values of the space
spanned by xi, i = 1, 2, …, n. Such values are the ﬁtting points for θ, denoted by x(j), j = 1, …, J. For a single ﬁtting point, the
local linear model is formulated as
yi ¼ pðxi ÞT ϕ n;ðjÞ þ εi ;

(2)

where p(xi) is for the polynomial terms evaluated at xi, ϕ n,(j) are the local coefﬁcients and εi is a white noise. Equation 2 is
ﬁtted using weighted least squares, i.e.


n
b n;ðjÞ ¼ arg min∑ βn;ðjÞ ðiÞwi;ðjÞ ρ yi  pðxi ÞT ϕ n;ðjÞ ;
ϕ
ϕ n;ðjÞ

(3)

i¼1

where the loss function ρ is commonly chosen as quadratic, in line with the idea of minimizing the RMSE of the resulting
forecasts. The exponential forgetting function βn,(j) reads
(
βn;ðjÞ ðiÞ ¼

λi;ðjÞ βn1;ðjÞ ðiÞ; 1 ≤ i ≤ n  1
; i¼n

1

;

(4)

and the effective forgetting factor,
λi;ðjÞ ¼ 1  ð1  λÞwi;ðjÞ ; 0 < λ ≤ 1;

(5)

which insures that past samples are down-weighted only when new information becomes available. The weight wi,(j) of xi is
allocated by the product kernel,
1
0

xki  xkðjÞ 
A:
¼ ∏ W@
hkðjÞ
k¼1
D

wi;ðjÞ

(6)

W() writes
(
W ðuÞ ¼

3

ð1  u3 Þ ;
0;

u ∈ ½0; 1Þ
u ∈ ½1; þ∞Þ

;

(7)

such that W : R0 → [0, 1]. hkðjÞ indicates the bandwidth for the k th dimension of a particular ﬁtting point x(j), which controls
the regression vicinity of x(j).
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Hereafter θ(j) = θ(x(j)) is estimated as
 T
b n;ðjÞ :
θbðjÞ ¼ p xðjÞ ϕ

(8)

And for a given xi, θbðxi Þ is obtained by interpolation through the ﬁtted estimates θbð1Þ ; ::::; θbðJ Þ .
The recursive estimation of ϕ n,(j) is summarized in22 as following,
b n1;ðjÞ ;
en;ðjÞ ¼ yn  pðxn ÞT ϕ

(9)

Rn;ðjÞ ¼ λi;ðjÞ Rn1;ðjÞ þ wn;ðjÞ pðxn ÞpT ðxn Þ;

(10)



b n;ðjÞ ¼ ϕ
b n1;ðjÞ þ wn;ðjÞ Rn;ðjÞ 1 pðxn Þ;
ϕ

(11)

b n1;ðjÞ, and Rn,(j) is for the local covariance at the ﬁtting point of interest.
where en,(j) is the regression residual of yn given ϕ

3. IMPROVEMENTS TO LOCAL POLYNOMIAL REGRESSION
To deal with highly corrupted wind power measurement data, additional features are introduced in this section to improve
the time-adaptivity and robustness of the basic model. As for the application to wind power modeling, hkðjÞ in 6 is mostly
determined according to the non-uniform distribution of samples or the practical implementation requirements.22,27 To
make hkðjÞ adaptive to both the time-varying curve shape and data density, a new data driven bandwidth selection method
is discussed in details in section 3.1. Since the residual distribution from power curve modeling is skewed and heavy-tailed
in practice,28 an M-type estimator is applied to down-weight the inﬂuence of the largely scattered points and improve the
robustness of the LS estimator in Section 3.2. The approach follows directly from that developed in,20 derived from the Mtype estimation methods in24 and.29 Finally, a new dynamic tracking method for the effective forgetting factor is put forward in Section 3.3, motivated by the fact that the behavior of wind power generation can shift quickly because of the
changing weather conditions or special operating strategies of the wind farm.
3.1. Optimal bandwidth selection
Since θ() in 1 may vary considerably over time on a corrupted dataset, it is reasonable to consider that the nonlinear power
curve shape may be changing when deciding on the bandwidth. The basic idea of our data driven approach is to approximate unknown quantities in the asymptotic formula of the optimal bandwidth in30 by a pilot estimator based on minimizing
the Mean Square Error over the dataset. The blockwise least-squares parabolic ﬁtting is chosen as the pilot estimator in this
paper, which is known to have good performance for uniformly sampled data.31
As a simpliﬁed version of that in equation 1, the regression form between a single dimension of the explanatory variable
and response variable is given by:
ym ¼ θðxm Þ þ εm ;

(12)

where [xm, ym], m = n  M, …, n  1 are the past M observations and there should be a strong correlation between xm and ym
to make εm close to the Gaussian noise, which lays the basis for further bandwidth selection. For wind power modeling,
tests have shown that this method can be readily employed with the orthogonal components of wind (i.e. u and v), but
not directly to a polar variable like wind direction. For simplicity of description, the k-index representing the dimension
of the explanatory variable is omitted in this section when there is no ambiguity.
The asymptotic optimal bandwidth can by calculated with
b
h ¼ arg min M 1 h1 ∫V ðxÞdx þ h4 ∫B2 ðxÞdx ;

(13)

h

where V(x) and B(x) are the variance and bias of the estimator respectively. And we then obtain the optimal bandwidth at
each x,
hðxÞ ¼ M 1=5
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:
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One can refer to32 for the speciﬁc formulation of V(x) and B(x), in which the unknown quantities, such as the conditional
variance σ 2(x), derivatives of θ(x) and marginal density f(x), are estimated in the following pilot procedure.
The pilot estimation is there to estimate the unknown quantities by doing low degree polynomial ﬁtting in each block
divided over coordinate axis of the explanatory variable. The key point is choosing the proper number of blocks. The number is recommended to be 3 for computational efﬁciency,31 which is in accordance with the shape of the power curve.
The pilot procedure translates to:
1) Partition the design regression interval [μ, ν] of X into NS blocks:
Sl ¼ μ þ

2) Sl can be split into the left part nL;l ¼

ðl  1Þðν  μÞ
l ðν  μÞ
;
;μþ
NS
NS
n1

∑

l ¼ 1; 2; …; N S :

I ðLl ≤ xm < cl Þ and the right part nR;l ¼

(15)

n1

∑ I ðcl ≤ xm < Rl Þ, where

m¼nm

m¼nM

the block center cl = (Rl + Ll)/2, the block radius rl = (Rl  Ll)/2 and I() is the indicator function. Loop over all Sl,
l = 1, 2, …, NS and:
a. Use least-squares parabolic ﬁtting in Sl to obtain the estimates of θl(x), θl ’ (x) and σ 2(x).
b. Estimate fl and its derivative fl ’ by:
nL;l þ nR;l
b
(16)
fl ¼
2M rl
1 nL;l  nR;l
b
f ′l ¼
rl Mrl

(17)

b ðcl Þ based on the above estimating results, which are substitutes for the unknown quantities.
b ðcl Þ and B
c. Calculate V
d. Calculate h(cl) using equation 14.
3) Obtain the local bandwidth function h(x) by smoothing the step function with intervals valued by h(cl) based on the
kernel function in equation 7, using rl as the smoothing bandwidth to make sure that it is most accurate at the block
centers.
For the clearly non-uniformly distributed samples, a uniformization method based on the probability integral transform
is applied before the above pilot procedure in order to keep the selected bandwidths adaptive to the data density with high
e ¼ F CDF ðX Þ is
relevance. FCDF is the cumulative distribution function and the probability integral transform insures that X
uniformly distributed on the unit interval.33 FCDF(X) can be estimated by user-deﬁned ﬁtting models based on xm. The
bandwidth selection procedure is carried out based on the transformed datasets ½exm ; ym  to obtain the local optimal bandwidth function e
hðexÞ.
 
The optimal bandwidth selection for x(j) is summarized in Figure 2. First, x(j) is transformed toexðjÞ ¼ F CDF xðjÞ . Then we
 
e axis, i.e. [exðjÞ;a ; exðjÞ;b], where exðjÞ;a ¼ exðjÞ  e
have e
hðjÞ ¼ e
h exðjÞ and the corresponding interval along X
hðjÞ, exðjÞ;b ¼ exðjÞ þ e
hðjÞ.




1
1
We ﬁnally transform the boundaries back to xðjÞ;a ¼ F CDF exðjÞ;a , xðjÞ;b ¼ F CDF exðjÞ;b , and set the bandwidth
h(j) = max{|x(j)  x(j),a|, |x(j)  x(j),b|}.

3.2. Local robustiﬁcation with an M-type estimator
The basic idea is to reduce the impact of the residuals in equation 9 that are determined to be suspicious, by using a
bounded inﬂuence quadratic loss function different from that in equation 3.
ρ is selected as a Huber loss function with the relaxed symmetric inﬂuence bound. Taking the asymmetric distribution of
the residuals into consideration, we have:
8
c2
>
>
>
cinf e  inf ; e < cinf
>
>
2
>
< 2


ρðe; cÞ ¼ e ;
e ∈ cinf ; csup ;
>
>
2
>
>
c2
>
>
: csup e  sup ; e > csup
2
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Figure 2. Illustration of the optimal bandwidth selection for x(j). Note: The horizontal axis is the original variable X, and the vertical axis
e . The green line is the ﬁtted F
b CDF based on the sampled cumulative probability values of X, which are
is the transformed variable X
e , respectively. The
marked by the small blue circles. The dotted blue lines are the sketches of the optimal bandwidth h, e
h for X, X
red lines denote the speciﬁc optimal bandwidths h(j), e
hðjÞ for x(j), exðjÞ , respectively, and the yellow lines are the corresponding intervals
e;
[exðjÞ;a ; exðjÞ;b ], [xðjÞ;a ; xðjÞ;b ] along the axis. The bold arrows (upward and to the left) denote the probability integral transform from X to X
e to X.
The bold arrows (to the right and downward) denote the back transform from X

where c = [cinf, csup] are the inferior and superior threshold points of ρ. ρ has a quadratic loss in the central part located
between cinf and csup, and turns to be linear for the out-of-bound part.
The derivative of ρ is denoted by ψ, which consequently writes:
8
< cinf ; e < cinf

ψ ðe; cÞ ¼ e; e ∈ cinf ; csup ;
:
csup ; e > csup

(19)

and the derivative of ψ is such that:
(
ψ′ðe; cÞ ¼



1; e ∈ cinf ; csup
0; e < cinf or e > csup

:

(20)

Thus, the negative residuals smaller than cinf and positive residuals bigger than csup are downweighted when updating
the model.
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Additionally, the weighted residual en;ðjÞ wn;ðjÞ substitutes the residual en,(j) calculated by equation 9 to make sure that
the large residuals are not downweighted a second time with the loss function in its linear part. The robust estimator is
reformulated as:



n
b n;ðjÞ ¼ arg min∑ βn;ðjÞ ρ yi  pðxi ÞT ϕ n;ðjÞ pﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ϕ
wi;ðjÞ ; cðαÞ ;
ϕ n;ðjÞ

(21)

i¼1

where the threshold points c(α) = [cinf(α), csup(α)] are determined adaptively based on an empirical estimation of the residual
distribution, as the quantiles with proportion α/2 and 1  α/2 of the distribution. Consequently the recursive updating
formula in equations 10 and 11 are changed correspondingly to:


pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Rn;ðjÞ ¼ λn;ðjÞ Rn1;ðjÞ þ ψ′ en;ðjÞ wn;ðjÞ ; cðαÞ pðxn ÞpT ðxn Þ;

(22)



1
b n1;ðjÞ þ ψ en;ðjÞ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
b n;ðjÞ ¼ ϕ
wn;ðjÞ ; cðαÞ Rn;ðjÞ pðxn Þ;
ϕ

(23)

for wn,(j) > 0. The local polynomial estimation θbðjÞ at ﬁtting point x(j) is obtained as in equation 8.
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3.3. Dynamic tracking of the effective forgetting factor
The effective forgetting factor λn;ðjÞ in equation 4 controls the inﬂuence of old observations on the current LPR
modeling, allowing for adaptivity in time. For really noisy and non-stationary wind power data, however, the relationship between explanatory and response variables can change quickly because of the changing weather conditions
or special operating strategies of the wind farm. Therefore, it is necessary to set λn;ðjÞ in a more dynamic way to
forget the outdated data swiftly while tracking relevant changes effectively. Inspired by the dynamic deﬁnition for
a forgetting factor in34,35 and,36 we propose a new version of a dynamic effective forgetting factor working for
our RLS-LPR model, which is deﬁned as:

λn;ðjÞ ¼

8
>
>
< 0:995 
>
>
:

1

b
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

h
 e
i; en;ðjÞ wn;ðjÞ ∈ cðαÞ

pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1 þ exp ce en;ðjÞ wn;ðjÞ   ae
:

(24)

; otherwise

Such deﬁnition is consistent with that in equation 5, which is such that old observations are not downweighted as
long as non-suspicious new information is not available. The parameter ae controls when the forgetting factor begins
to be reduced according to the weighted residual. The parameter be insures the minimum value of λn;ðjÞ and ce
determines the reduction gradient. The working space of the dynamic forgetting factor is given by the threshold
vector c(α) in order to make sure that the time adaptivity function of λn;ðjÞ is not contradictory with the robust model
scaled by α.

4. APPLICATION RESULTS
A case study based on practical wind power data is used to demonstrate the proposed model. The basic model introduced in Section 2.2, with global ﬁxed bandwidth, denoted by θbGF , is our benchmark model. The purpose is to
model the conversion from meteorological forecasts to power generation and testing its performance on short-term
wind power forecasting. Several tests have been carried out based on the orthogonal components of wind speed
and wind direction. For those tests, however, there is no signiﬁcant difference in the power curve shape and forecasting accuracy at lead times that are more than 2 hours. Consequently, the case study presented below consists in
the sole conversion from wind speed to power. Wind direction should certainly affect the power curve because of
the wake effects in the wind farm. And it could be investigated more in the future for other applications, e.g. power
curve modeling for very short-term forecasting or based on a dataset with less noise. The conversion model in equation 1 is reformulated as:


yiþq ¼ θi;q xiþq þ εiþq ;

(25)

where i is the model issued time and q is the lead time. xi, i = 1, …, N are reduced to a single explanatory variable
xi, i = 1, …, N.
4.1. Data description
The wind power dataset used here is for a wind farm in western China comprising 32 wind turbines and a nominal
capacity of 96 MW. The wind farm is located at the Gobi desert with harsh natural environment. The NWP data are
from ECMWF, for a grid node close to the wind farm, with lead times ranging from 1 to 24 h ahead. Meteorological
forecasts at 100 m above ground level have been chosen. An hourly averaging has been made to the wind power data
to match it with the hourly meteorological data. NWP data and power data are normalized by their maximum values
and available for one year. It is important to note that the on-site information of the wind farm is not available, including the maintenance plan, wind turbine operation status and wind power curtailment schedule. The forecasting system,
as well as the online power curve modeling, must be able to handle the raw data without an automatic data correction
because of limited information.
A 10 day episode of wind power and NWP wind speed time series is depicted in Figure 3, from which one can see the
examples of special periods in power generation, marked by dotted boxes. Such data are probably caused by the practical
reasons introduced in Section 1, and should be accommodated for online modeling.
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Figure 3. Time series of wind power and wind speed from NWP at a wind farm in China during a 10 day episode.

4.2. Design of the case study
b GF , the recursive matrix R0,(j), j ∈ [1, J] is valued as a diagonal matrix diag(γ),
For initializing the recursive process of ϕ
b 0;ðjÞ is chosen as a vector of zeroes. For all the estimators, the ﬁtting points
where γ is a small positive number. And ϕ
x(j) are set uniformly as:
xðjÞ ¼

j1
; j ¼ 1; …; J :
J 1

(26)

The number of ﬁtting points J is chosen arbitrarily as 20 since the inﬂuence of different J on the estimators is quite
limited when J is large enough.
Other parameters, set by cross validation or expert judgment, are introduced in details in Section 4.3 and 4.4. The data of
both wind power and NWP are divided into three groups: the ﬁrst three-month data for the initialization of the estimators,
the following three-month data for the cross validation of the parameters, and the last six-month data for the evaluation and
comparison of the estimators.
4.3. Bandwidth selection
To have a deeper look at the proposed optimal bandwidth selection (OBS) method, other three methods are compared to
θbOBS based on the RLS-LPR model introduced in Section 2.2:
(1) Estimator with global ﬁxed bandwidth θbGF . For all the ﬁtting points, the bandwidth h(j), j = 1, …, J are ﬁxed with the
same value hGF, which is determined by trial and error. This method is very simple and can achieve acceptable
performance for on-site use;
(2) Estimator with nearest neighbor bandwidth θbNN . This method is also simple in nature and quite appealing to use
when the data points are not uniform. The basic rule is to order
the explanatory
variable xi, i = 1, …, n by


xðp1 Þ ≤ xðp2 Þ ≤ … ≤ xðpn Þ and choose ps ∈ p1, …, pn with h xðjÞ ¼ xps  xðjÞ  as the bandwidth. In this study, the
parameter s is replaced by s = fs  n, fs ∈ (0, 1) and fs is determined by trial and error;
(3) Estimator with the local bandwidth selection method θbLBS . Apply the optimal bandwidth selection method
introduced in Section 3.1 directly to the non-uniform xi, i = 1, …, n without the probability integral transform.
For θbLBS and θbOBS , the V(x) and B(x) in equation 14 are approximated by those of local linear smoother, i.e.
n1 h1 V ðxÞ ¼ n1 h1 ∫K 2 ðuÞdu
h2 BðxÞ ¼

σ 2 ðxÞ
;
f ðxÞ

h2
Q′′ðxÞ∫u2 K ðuÞdu;
2

(27)
(28)

where K(u) = (1  u3)3I(|u| ≤ 1). NS is chosen as 3 and M is set to be 2500, which is sufﬁciently large for the estimation.
Table I summarizes the 12 h ahead forecasting performance of the models. The value of the basic forgetting factor λ in
equation 5 is chosen as the same for all the estimators and determined by cross validation for θbGF . All other three estimators
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Table I. Forecasting error evaluation criteria for θbGF , θbN N , θbLBS and θbOBS , normalized by the rated wind power capacity. ME, MAE and
RMSE are calculated based on the evaluation set. RMSEL, RMSEM and RMSEH are calculated based on data points with wind speed
belongs to [0, cut-in speed], [cut-in speed, rated speed] and [rated speed, max speed] respectively. q = 12 h. λ = 0.976.

ME %
MAE %
RMSE %
RMSEL %
RMSEM %
RMSEH %
Key parameters

θbGF

θbN N

θbLBS

θbOBS

0.12
12.23
18.17
9.47
20.20
26.06
hGF = 5m/s

0.06
12.04
18.03
9.40
19.89
25.43
fs = 0.75

0.19
12.19
18.11
9.51
20.04
25.84
NS = 3, M = 2500

0.01
12.01
17.92
9.34
19.82
25.22
NS = 3, M = 2500

outperform θbGF for most error criteria, showing the advantage of using an adaptive bandwidth instead of a ﬁxed one. θbOBS
encompasses the features of θbNN and θbLBS in the sense of respecting the data density, as well as responding to the changes in
the power curve shape and, thus has better performance than its competitors.
Table I also gives the error criteria calculated on the evaluation set for different levels of wind speed. It can be seen that
the advantage of θbOBS is more obvious at high wind speed interval, especially compared to θbGF and θbLBS .
The bandwidth selection for all the ﬁtting points at three randomly chosen model updating time is shown in Figure 4(a).
The resulting power curve estimates for each updating time are shown in Figure 4(b), (c), (d). One can see that θbOBS has the
same trend in the bandwidth and power curve estimations as θbNN , while θbLBS and θbGF have the similar bandwidths and curve
estimations. Without the probability integral transform procedure, LBS method has narrow bandwidths for data points of
high wind speed and low data density, and ﬁnally the similar performance to θbGF in error criteria.

Figure 4. Results of different bandwidth selection methods at model updating time n = 5000, 6500, 7500 when forecasting lead time
q = 12 h. Note: (a) gives the local bandwidth results of different methods with observations in the evaluation dataset. The lines refer to
the right axis. (b), (c) and (d) give the resulting power curves with observations in the evaluation dataset at each updating time.
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As for the comparison between θbOBS and θbNN , there could be a few changes in the distribution of wind power data for one
wind farm during a few months, but the shape of the online modeling power curve could vary distinctly from time to time
because of noisy data. This is corresponding to the fact in Figure 4(a) that the three bandwidth curves of θbNN almost remain
the same while a non-negligible time-varying characteristic can be seen for OBS bandwidths at different updating time.
This is the key for θbOBS ’s advantage over θbN N in the sense of time adaptivity to the changing power curve shape. Another
beneﬁt of OBS is that it is simple to choose NS and M. This saves the efforts of trial and error, and is quite valuable for
practical implementation requirements.
4.4. Robust LPR model with dynamic effective forgetting factor
To validate the properties of the proposed dynamic effective forgetting factor, the boundary weighted forgetting factor, as is
introduced in,20 is applied for comparison,


pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
λn;ðjÞ ¼ 1  ð1  λÞψ′ en;ðjÞ wn;ðjÞ ; cðαÞ :

(29)

For which, the user deﬁned parameter λ should be no less than 0.95 to insure the vicinity is big enough to support the LPR.
Let θb†OBS denote the robust version of θbOBS with effective forgetting factor deﬁned by equation 29, while θb†D;OBS refers to
the local robust estimator with the dynamic forgetting factor given by equation 24. The basic forgetting factor λ for θb† is
OBS

chosen as the same value as that of θbOBS and θbGF . The proportion parameter α is determined by cross validation for θb†OBS and
θb†
. Additional parameters of the dynamic forgetting factor are chosen by expert knowledge, as ae = 0.3, be = 0.4995 and
D;OBS

ce = 30. ae = 0.3 is such that the forgetting factor begins to reduce when the absolute value of the weighted residual exceeds
0.3. be = 0.4995 insures that the forgetting factor is no less than 0.5. And ce = 30 gives a quick reduction speed to capture the
relevant changes in the power curve in time.
Power curve modeling based on different estimators is tested for lead times from 2 to 24 h in this study. Figure 5 summarizes the performance of those ﬁve estimators with different forecasting lead times. For most lead times, the decrease in
RMSE is non-negligible when going from the basic model to the robust LPR models. Figure 6 shows the evolution of the
optimal value of key parameters (λ for θbGF , θbOBS , and θb†OBS , α for θb†OBS and θb†D;OBS ). For short lead times, i.e. a few hours
ahead, it is crucial for the estimator to capture the current operation status of the wind farm. The minor values of α and λ
insure that less data points are considered as suspicious, and a narrow sliding window is used for the regression to achieve
higher time adaptivity to the changing non-stationary features of the dataset. With growing lead times, the current changes
in the power curve could act as disturbance for the conversion model from wind speed to power in future steps. Thus it is
important for the model to remain robust when dealing with the temporary dispersive data points. This results in the growing λ and α to obtain a strong robust model.
In Figure 5, it also can be seen that the beneﬁts from employing a dynamic forgetting factor is related to the lead time and
the predominance of θb†D;OBS increases with shorter lead times. With the same value of α, the dynamic forgetting factor gives
more ﬂexibility to track the non-stationary conversion from wind speed to power.
θb†
D;OBS

Figure 5. RMSE for different lead times and power curve models, normalized by the rated wind power capacity.
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Figure 6. Optimal value of λ and α for different lead times.

To give a further explanation of the beneﬁts from the proposed θb†D;OBS , an extra dataset consisting of 10 outliers, as the
, with the basic model θbGF as the reference. The
marked crosses shown in Figure 7, is added to the modeling test of θb†
D;OBS

outliers have been chosen directly from the scattered plot of additional wind speed and power data. Such outliers are used to
analyze the situations where the relationship between wind speed and power deviates from that of the standard power curve
signiﬁcantly and continuously for hours.
The last recursive step of the evaluation set is mark by t0 as the initial state and the power curve updated time at each
added point is marked by ti, i = 1, 2, …, 10. We deﬁne LG as the distance between the power curve and a group of data
points, as is illustrated in Figure 7. LG is calculated with




LG ¼ θbti  T G  ¼

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
G 
∑ θbti ðxti Þ  yti ;

(30)

i¼1



where θbti is the power curve estimation at ti; TG is a group of data points, T G : xti ; yti ; i ¼ 1; 2; …; G, and G is the total


number of data points in TG. For the outlier test, TG consists of the chosen outliers, i.e. xti ; yti ; i ¼ 1; 2; …; 10. We use
the changes in LG from time step t0 to t10 to illustrate the responses of θbt1 ; …; θbt10 to the outliers.
Figure 8 shows the inﬂuence of the outliers on LG at different lead times. q = 2 h and q = 12 h are chosen as two typical
lead times to address the features of θb†D;OBS . When q = 2 h, θb†D;OBS has a clear advantage in responding to the test points

Figure 7. The added test samples and the illustration of the distance LG between the group of outliers and the estimating power
curve.
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Figure 8. Comparison in the changing LG for different estimators at q = 2 h and q = 12 h.

rapidly and accurately because of the dynamic nature of our effective forgetting factor. When q = 12 h, the robustness of
θb†D;OBS is strengthened with α = 0.42 and the modeled power curves remain almost unaffected by the outliers. One can
see from Figure 8 that θbGF could also achieve the tradeoff between robustness and time adaptivity to some extent by
adjusting λ. The dynamic forgetting factor enables θb†
to make such a trade-off more ﬂexible, and this is the key for
D;OBS

its better performance at different lead times.
To illustrate how the dynamic forgetting factor contributes to power forecasting, we add another group of test data to
demonstrate the normal operating conditions of the wind farm, marked by ti, i = 11, 12, …, 20. These data, depicted by
the dark stars in Figure 7, are obtained from the same wind speed series of the outliers and the simulated wind power based
on the standard power curve combined with a Gaussian noise.
The forecasts with θbGF and with θb†D;OBS are shown in Figure 9. In Figure 9(a), the forecasting results at t3,...., t12 are with
the power curve estimation updated with the outliers. One can see that forecasting series with θb†
could track the test
D;OBS

samples much more in a more timely manner than θbGF . While in Figure 9(b), the forecasting series with θb†D;OBS at
t13,...., t20 is almost unaffected by the outliers, compared to that with θbGF . Such results validate that the enhanced model
could make a better forecasting at different lead times.
4.5. Statistical signiﬁcance test
In order to validate the consistency of θb†D;OBS ’s advantage in RMSE in Figure 5, statistical signiﬁcance tests between the
basic model and the enhanced model are shown in this section based on the Diebold–Mariano (DM) test.37 The basic idea
is to judge whether the differential between the loss functions of the compared error is signiﬁcantly different from zero, or

Figure 9. Forecasting time series of the test samples with the basic model and the enhanced RLS-LPR.
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Table II. p Value of the DM test for the forecasting error comparison between θbGF and θbOBS , θbGF and θb†OBS, and θbGF and θb†D;OBS at different
lead times. The value of the DM test statistic is positive for all the following cases. ‘*’ and ‘**’ denote that the result satisﬁes 0.05 and
0.1 conﬁdence level respectively.

D;OBS

4h

6h

10 h

12 h

14 h

20 h

0.1213
0.1049**
0.0007*

0.0946**
0.088**
0.0077*

0.0634**
0.0517*
0.0303*

0.0831**
0.0269*
0.0175*

0.1016**
0.0397*
0.0314*

0.3928
0.0674**
0.0486*

0.5150
0.1793
0.0593**

0.4

0.3

4
p value
DM test statistic
3.5
0.05 confidence level
0.1 confidence level
3

0.25

2.5

p value

0.35

0.2

2

0.15

1.5

0.1

1

0.05
0

DM test statistic

θbGF ; θbOBS
θbGF ; θb†OBS
θbGF ; θb†

2h

0.5
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10
15
Forecasting lead time h
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Figure 10. Results of the DM test between θbGF and θb†D;OBS at different lead times.

not. In the null hypothesis of equal forecasting error, the DM statistic, the speciﬁc formulation of which can be found in,37
tends to have standard Gaussian distribution.
To help illustrate the beneﬁt of our three proposed contributions, the DM test has been conducted between θbOBS , θb† ,
OBS

θb†D;OBS and θbGF . Table II gives the test results at typical lead times. From θbOBS , θb†OBS to θb†D;OBS , the observed difference
between the compared models becomes more and more signiﬁcant at each lead time. To have a clear look at the improvement of all three contributions together, Figure 10 shows the test results between θbGF and θb†D;OBS . One can see that the DM
statistic stays positive for all forecasting lead times, reﬂecting the advantage of the enhanced model to some extent. The
signiﬁcant difference in forecasting accuracy, indicated by the p value, may be divided into three groups:
1) For lead times that are no more than 14 h, the p value remains below 0.05, which is meant that θb†D;OBS has better
forecasting accuracy than θbGF at 0.05 signiﬁcant level.
2) For lead times 16 to 20 h, the advantage of θb†D;OBS can be validated at 0.1 signiﬁcant level.
3) For lead times that are longer than 20 h, the p value is bigger than 0.1. Thus the difference in RMSE cannot be
concluded to be signiﬁcant.

5. CONCLUSION
Wind power curve modeling is challenged by the limited quality of input data under practical circumstances. And, the key
issue here is how to consider both time adaptivity and robustness towards the non-stationary and scattered data when
estimating the wind-to-power conversion model.
An adaptive and robust RLS-LPR model is proposed in this paper, which uses an optimal bandwidth selection scheme
and a local robust M-type estimator combined with dynamic tracking of the effective forgetting factor. The power curve
modeling for short-term wind power forecasting on a practical case study allows illustrating the beneﬁts of the adaptive
robust model in a step-by-step fashion, by going from the basic LPR model to the various reﬁned LPR models. It has been
shown that the new data-driven bandwidth selection scheme enables the local bandwidth of the LPR model to be adaptive
to both data density and to changes in the power curve shape. Also, it has been clearly explained how the proposed model
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responds adaptively at different lead times when dealing with abnormal data points. The model could obtain better
performance for most lead times and the predominance increases with shorter lead times.
The modeling details are speciﬁc to the dataset used here, but the techniques and methodology are highly generalizable
for wind power modeling with different forecasting lead times and data quality. The model has great value for online
applications. It makes use of past data for current estimation to track the changing state of the power curve with an
apparently high degree of ﬂexibility. Also, compared to other power curve modeling approaches, our method is simple
in nature with a transparent model structure and parameters of deﬁnite physical meanings that are more feasible to adjust.
Practically, the model is suitable for real-time operation because of the recursive estimation procedure, which limits the
amount of computation required per new sample as the number of samples increases.
Future work should be carried out with two focuses. One is to take other available data and variables into consideration,
not only the wind direction but the wind mast and neighboring wind farm records as well, to make the model feasible for
more applications, like wind power monitoring. The other focus could be given to the modeling adaptivity in terms of
setting more parameters in a data-driven way. Considering the computational cost, fast and simple data driven approaches
are our target, like the optimal bandwidth selection method in this paper.
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