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Adaptive Learning in Time-Variant Processes With
Application to Wind Power Systems

Eunshin Byon, Member, IEEE, Youngjun Choe, Student Member, IEEE, and Nattavut Yampikulsakul

Abstract—This study develops new adaptive learning methods
for a dynamic system where the dependency among variables
changes over time. In general, many statistical methods focus on
characterizing a system or process with historical data and pre-
dicting future observations based on a developed time-invariant
model. However, for a nonstationary process with time-varying
input-to-output relationship, a single baseline curve may not
accurately characterize the system’s dynamic behavior. This
study develops kernel-based nonparametric regression models
that allow the baseline curve to evolve over time. Applying the
proposed approach to a real wind power system, we investigate the
nonstationary nature of wind effect on the turbine response. The
results show that the proposed methods can dynamically update
the time-varying dependency pattern and can track changes in the
operational wind power system.

Note to Practitioners—This study aims at characterizing the
dynamic outputs of a wind turbine such as power generation
and load responses on turbine subsystems. The turbine responses
evolve over time due to the range of time-varying factors. Changes
in both internal and external factors affect the power generation
capability and load levels. Some of these factors are not measur-
able (or quantifiable) and thus, changes in these factors cause the
wind-to-power and the wind-to-load relationships to be nonsta-
tionary. This study proposes adaptive procedures for capturing
the time-varying relationship among variables. The results can
improve the prediction capability of wind turbine responses, and
can be also applicable to other engineering systems subject to
dynamic operating conditions.
Index Terms—Kernel-based learning, nonparametric regres-

sion, nonstationary process, prediction, wind turbine.

I. INTRODUCTION

T HIS STUDY develops adaptive learning methods for a
dynamic system where the output (or response) depends

on input factors. Specially, we consider a system where the de-
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pendency of output on input factors changes over time. Typical
regression analysis focuses on finding the single baseline curve
that best fits the historical data. However, for the time-variant
system, this static regression curve cannot accurately describe
the dependency among variables, thus resulting in poor predic-
tion performance.
This study is motivated by improving the prediction accuracy

of responses in wind power systems. Wind power is among the
fastest-growing renewable energy sources in the United States
[1], [2]. Today, 3–4% of the domestic energy supply is provided
by wind power, and the number is expected to rise rapidly in the
near future [1]. Given this trend, researchers are now focusing
on quantifying wind turbine responses including wind power
generation and structural/mechanical load responses. The load
prediction and quantification can be used in model-predictive
controls (e.g., pitch and torque controls) for mitigating damages
and avoiding failures in the wind turbine [3].
In general, a turbine manufacturer provides a power curve

that characterizes a turbine’s power output as a deterministic
function of the hub-height wind speed [4]. Then, wind power is
predicted using the deterministic power curve supplied by the
manufacturer, given the forecasted wind speed. Therefore, in
the past, substantial efforts have been undertaken to improve the
forecast accuracy of wind speeds, including time series analysis
such as autoregressive moving average and generalized autore-
gressive conditional heteroscedasticity models [5] and numer-
ical weather prediction models [6].
However, different from the deterministic power curve, the

empirical power curve shows more dynamic patterns. Unlike
other conventional power systems, wind turbines operate under
nonsteady aerodynamic loading and are subjected to stochastic
operating conditions. Furthermore, even under the same wind
conditions, actual power generation changes over time, re-
flecting the intrinsic changes that alter the ability of the turbine
to respond to wind forces. A combination of several ambient
conditions (e.g., humidity), external effects (e.g., dust and
insect contamination and/or ice accumulation on blades) and
internal effects (e.g., wear and tear on components), changes
a turbine’s production and affects the aerodynamic property
of the turbine [7]. These factors make the wind-to-power
relationship nonstationary. The same insights apply to the load
response as well. Fig. 1 shows the scatter plots of the 10-min
averages of three response variables and wind speeds from the
data collected for two different periods of actual operations
of a 500 kW turbine (see Section V for a description of the
data). From Fig. 1, we note that the dependency of the turbine
outputs on wind speeds varies over time, thus demonstrating
the nonstationary characteristics.
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Fig. 1. Scatter plots between 10-min average turbine response ( axis) and
10-min average wind speed ( axis) during two different periods from a 500 kW
wind turbine. (a) Power generation. (b) Edgewise bendingmoment. (c) Flapwise
bending moment.

Attempts to capture the stochastic nature of the power
curve have been made using data-driven, statistical methods.
Sánchez [8] uses a linear regression model for representing the

power curve, assuming a specific input-to-output relationship.
However, when the relationship between the dependent and
explanatory variables exhibits a complicated, nonlinear pattern,
linear regression-based methods often fail to characterize the
input-to-output dependency. Recent studies suggest that the tur-
bine structure experiences nonlinear stresses, so the power and
load responses show nonlinear dependency on wind conditions
[9]–[11]. Pinson et al. [12] propose a local linear regression
model using a first-order Taylor expansion to approximate a
nonlinear power curve. Kusiak et al. [13] compare the power
prediction performances with several data mining techniques.
Among the various data mining techniques, neural network
(NN) models, including the recurrent NN (RNN) [14], fuzzy
NN [15] and ridgelet NN [16], have been employed to capture
the nonlinear relationship between wind speed and power. In
the study by De Giorgi et al. [17], the power prediction capabil-
ities of NN models are compared with those of ARMA models,
and the results suggest the necessity of employing a nonlinear
power curve for improving power prediction. Barbounis et al.
[14] address the nonstationary issue by training RNN models
for predicting long-term wind speed and power. The studies
by Lee and Baldick [18] and Sideratos and Hatziargyriou [15]
integrate the wind forecast information from the numerical
weather prediction model in the NN framework.
This study develops new learning methods that accommo-

date the time-varying dependency pattern among variables.
To capture the nonlinearity between wind conditions and
turbine responses, we use a nonparametric regression without
imposing any restriction on the input-to-output relationship.
The proposed method adaptively characterizes the change
in the baseline curve, but regulates how rapidly the baseline
curve can change. The proposed approach is called an adaptive
regularized learning (ARL) method in this study. We prove that
the solution of the proposed model always exists, and provide
the closed-form solution to update the baseline function. We
also present an alternative model that approximates the original
ARL model but can be solved much more efficiently.
The prediction performances of the proposed methods are

validated with the data collected from a land-based operational
turbine. The results show that the proposed approach can iden-
tify the changing reaction of a turbine to wind force and im-
prove the prediction accuracy over a nonparametric regression
model that assumes a time-invariant dependency. Comparison
with the RNN-based models also reveals that the proposed ap-
proach generates better prediction results and is computation-
ally more efficient.
The remainder of this paper is organized as follows. The pro-

posed approach is presented in Section II. Section III includes
the implementation details. Section IV and Section V discuss
numerical examples and a case study, respectively, for evalu-
ating the performance of the proposed methods. We summarize
the paper in Section VI.

II. MATHEMATICAL MODEL

This section models the progressive change of a system’s
input-to-output relationship and describes the proposed
methods and the solution procedures. The detailed derivations
and proofs are available in the supplementary document.
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A. Formulation of Nonstationary Regression Function

Consider a sequence of observations,
, ordered by time where denotes the current period.

Here, is a vector of input factors at the period and
is a response. In the wind power system, could be a vector
of weather conditions; could be either the power output or
the load response measured at certain hotspots (e.g., bending
moment measured from strain sensors). These observations
can be collected from sensors installed in a wind turbine and
the supervisory control and data acquisition system known as
SCADA.
The functional relationship between the input and the output

can be written as , where is a random noise.
To identify the baseline function, , we use a nonparametric
model without assuming a specific function type. First, when a
stationary input–output model is considered with , the re-
lationship between and can be learned in a manner similar
to nonlinear curve fitting. This study employs the kernel method
[19] for fulfilling this learning objective because of its flexibility
and capability. Specifically, the input vector, , is mapped into
a feature space, , via a nonlinear map, , so that

where the superscript denotes the transpose
of a matrix. The inner product of produces a kernel func-
tion, , i.e., . Many choices of

are available, thereby providing highly flexible models of
nonlinear mappings. In fact, some choices of , e.g., the ra-
dial basis kernel, have an infinite-dimensional that cannot
be written analytically. As such, the resulting kernel learning
method is nonparametric, different from parametric curve fit-
ting with basis functions fixed a priori. In the kernel method,

, rather than , is explicitly specified, so that the diffi-
culty of dealing with a high dimensional can be avoided;
this is the so-called kernel trick [19].
Next, we allow the coefficient, , to vary over time in order

to reflect the nonstationary nature of the system behavior and to
characterize the time-variant baseline function. Thus, the model
becomes

(1)

where is a nonparametric regression coefficient vector (here-
after, coefficient) at period .
However, unremarkable this change may appear at first

glance, the new model actually presents a challenge: instead
of having a constant coefficient, , it has a time-varying
coefficient, , that a typical model fitting procedure fails to
estimate. To solve this new model, this study uses the idea of
regularized learning. Regularized learning is a popular machine
learning approach that places constraints on model parameters
and regulates the model complexity [20]. Making use of this
general idea, our regularized learning strategy regulates the
rapidity of the model’s possible changes. In most engineering
systems, a system model will not change much over a short
period, so that it is reasonable to assume that the system’s
change in consecutive periods will be gradual. Making use of
this idea, this study proposes the two methods for estimating
the nonstationary baseline function, .

B. Adaptive Regularized Learning (ARL)

Assuming that the initial coefficient, , is known, to up-
date the baseline function at period with the data set , the
problem is formulated by regulating the norm of the change in
the regression coefficient in (1) as well as by minimizing the
discrepancy between the actual observations and the estimated
responses as

(2)

(3)

where represents the -norm. is a regularization pa-
rameter, balancing between the baseline change (the first term)
and the quality of model fitting (the second term). This regular-
ization parameter controls the relative importance between the
nonstationarity and empirical errors.
As a remark, the quadratic penalty in (2) is considered due

to its computational tractability in updating the baseline func-
tion with a closed-form solution, which will be addressed in the
following discussion. A possible research extension will be to
investigate different penalties.
The model in (2)–(3) takes a similar form of the kernel ridge

regression or least squares support vector regression [21], [22].
The difference is that assuming a stationary process, the kernel
ridge regression uses the constant coefficient, , in the con-
straint and regulates the model complexity in the objective.
To solve the proposed ARL model, we follow a similar ap-

proach used in the kernel ridge regression; however, due to the
time-varying ’s, the solution procedure is more complicated.
Using Lagrangian multipliers, 's, , the optimiza-
tion problem in (2)–(3) becomes

(4)

The Karush–Kuhn–Tucker conditions are applied for optimality
[23]. The Lagrangian multipliers can be obtained by solving the
following linear system:

...
...

...
...

...
...

...
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or

(5)

Here, , and is an matrix whose
component is . is an iden-

tity matrix of size , , and
. is an 1 vector whose

component is , .
To find in (5), the matrix, , should be

invertible. Lemma 1 proves the invertibility of .
Lemma 1: is positive definite and thus it is

always invertible.
Since is invertible, can be obtained by

(6)

Whenever a new observation is obtained, finding in (6) by
inverting the matrix, , is not computationally
efficient. Especially when is large, the matrix inversion can
be computationally demanding, which leads to our use of the
block matrix inversion. Let denote the matrix,

.
Lemma 2: Suppose that and are obtained at

period . Define
and . At period , is given
by

Lemma 2 shows that the solution at the previous period can
be used to attain the solution at the current period.
The result of Lemma 1 guarantees the existence and unique-

ness of the solution of themodel in (2)–(3). Then, the fitted base-
line function at period , , is given by

(7)

(8)

Detailed derivations is available in the supplementary
document.
In (8), the prediction requires the initial value of the coeffi-

cient, . We obtain by applying the kernel ridge regres-
sion to the data set with initial records in the historical time
series data, . Note that the
data in should not be overlapped with the data in (see
Section III for the detailed discussion on the data partition). Let

denote the Lagrangian multiplier in the kernel ridge regres-
sion [19] for . Then, is

(9)

After plugging (9) into (8) and utilizing the kernel trick, the
fitted baseline function at period becomes

(10)

It should be noted that by writing in this form, this ap-
proach does not need to explicitly define the nonlinear mapping,

. It also does not need to compute the time-varying regres-
sion coefficients, ’s. Instead, the time-varying information is
embedded in the Lagrangian multipliers, 's.

C. Sequential Adaptive Regularized Learning

Even with the use of the block matrix inversion technique,
solving the original ARL model discussed in Section II-B could
pose computational difficulties when applied to a large data set.
The original ARL method requires updating the set of coeffi-
cient sequences whenever a new observation is obtained; recall
that in Lemma 2, with a new observation at period ,
we not only obtain , but also update . In
other words, all of the Lagrangian multipliers change. This up-
dating process can take longer as the data size increases.
Therefore, we develop the sequential approximation of the

original ARL method. The sequential ARL method obtains
using the previous estimate, , upon a new observation at
period , and only regulates the difference of and
at period in contrast to the original ARL that regulates all of
the differences of 's in the two consecutive periods up to the
current period, . The original ARL in (2)-(3) is transformed
into the following optimization problem:

(11)

(12)

In (11), is the estimate of the coefficient at period .
Applying the similar procedure used in Section II-B allows us
to obtain the Lagrangian multiplier of the sequential learning in
(11)-(12) as follows:

(13)

where .
With in (13), can be obtained from as

(14)

By the recursion of (14), can be rewritten as

where the Lagrangian multipliers, , , are
those obtained at the previous periods.
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Now, the fitted baseline function at an input vector, , at pe-
riod is given by

(15)

(16)

In (16), is the fitted
baseline function at period . Therefore, (16) implies that
upon a new observation, , the fitted baseline is updated
by from the previous estimation.
As in the original ARL, the initial regression coefficient, ,

in (15) can be obtained by using the kernel ridge regression
method with the initial observations (see (9)). Then, the
fitted baseline function at period with the sequential ARL
method becomes

(17)

Similar to the original ARL, the nonlinear mapping, , does
not have to be explicitly defined in this sequential learning.

III. IMPLEMENTATION DETAILS

This section specifies a few details for implementing the pro-
posed approach, including how the data set is partitioned, the
specific methods for parameter selection, and the evaluation cri-
teria used in this study.
The whole data set is divided into three groups. The first

two groups serve as a training set to obtain the model param-
eters. The kernel ridge regression is applied to the first group,
consisting of records, to select the kernel bandwidth in the
Gaussian kernel function and obtain . A cross validation is
used to get the optimal kernel bandwidth that minimizes the
mean squared error. With the selected bandwidth, we get .
The second group, consisting of records, is for selecting the
regularization parameters, either in (2) of the original ARL or
in (11) of the sequential ARL.
The third group serves as a testing set for evaluating the per-

formance of the proposed methods. The baseline function is up-
dated period by period with new observations. In order to use
the kernel trick, the same kernel bandwidth (obtained from the
first group) is used in the testing set. It should be noted that in
the analysis that does not consider the temporal evolution, data
can be randomly divided to form the training and testing sets.
The proposed methods, however, track sequential progression
of the regression coefficient, , and thus, the first two groups
(the training set) of observations should be used for initializing
the coefficient, , and determining the regularization param-
eter, . Then, given and , the coefficient can be updated,
e.g., sequentially with new observations.
To quantify the effect of the time-variant baseline curve, we

use the most updated baseline for the short-term prediction
and compute the prediction error. Because our objective is

to adaptively characterize the dependency between depen-
dent and explanatory variables, we focus on the prediction
of responses given input conditions. As such, it is assumed
that the input condition, , at the next period , is
given (or, precisely forecasted). In both original and sequential
ARL methods, the predicted response at period is

. However, is unknown
at the current period . Assuming the change from to

is small, we use in (10) and (17) for the
one-step ahead prediction in the original and sequential ARL,
respectively. The model’s prediction performance is evaluated
with the mean squared error (MSE)

(18)

where is the prediction error that is the difference between
the actual observation at period , , and its prediction, .
is the number of records in the testing data set.
The following summarizes the procedure of each method.
1) Divide the sequence of observations into three groups of

sizes , and , respectively.
2) Initialize (or equivalently, obtain )

using the initial observations by solving the kernel
ridge regression.

3) Determine the regularization parameter, in (2) and (11)
for the original and sequential ARL, respectively.
a) For each candidate value for , repeat for

,
• for the original ARL, upon a new observation

at each period , update the Lagrangian
multipliers, , using the block ma-
trix inversion in Lemma 2 and update the baseline
function using (10);

• for the sequential ARL, upon a new observation
at each period , obtain using (13)

and update the baseline function using (17).
b) Given the input condition at period , ,

use in (10) and (17) for the original and
sequential ARL, respectively, to make the one-step
ahead prediction.

c) Compute MSE in (18) with the observations.
d) Select the best regularization parameter that provides

the lowest MSE in each method, and with the
observations, update the baseline function using
(10) and (17) for the original and sequential ARL,
respectively.

4) With the observations in the testing set, update the base-
line function using (10) and (17) for the original and se-
quential ARL, respectively and compute MSE in (18).

IV. NUMERICAL EXAMPLES

This section demonstrates the proposed ARL methods using
numerical examples. Specifically, the function is modified
to represent a time-varying process as follows:
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Fig. 2. Comparison between responses and one-step ahead predictions using sequential ARL at different periods ( axis: , axis: ). (a) .
(b) . (c) . (d) .

where . The initial values of and are set to be
and , respectively. In the training set,

and are used. is uniformly sampled in . The
Gaussian kernel is used in our implementation. Under this set-
ting, we investigate the performance of the proposed approach
with different transition rates, and .

A. Analysis With Seasonal Variations

In the training set, and are
used to simulate the time-varying baseline. Then, we simulate
the 1000 observations during periods to
form a testing set, using the same and . The solid dots
in Fig. 2(a) and (b) show the heterogeneous response patterns
at the first 100 periods and the last 100 periods in this testing
set, respectively. During these periods, the observations tend
to move closer to zero and the cyclic pattern’s frequency gets
smaller over time [see the pattern change from Fig. 2(a) to (b)].
The prediction results using the sequential ARL match well
with the observations, indicating that the sequential ARL suc-
cessfully tracks the time-varying input-to-output relationship.

In some processes, the time-varying patterns could change,
depending on the variations of operational conditions, e.g.,
due to seasonal effects. To investigate the performances of the
proposed methods in such processes, we additionally simulate
1000 observations with different transition rates, namely,

and , during periods
in the testing set. The solid dots in Fig. 2(c) and (d) depict
the observations during the first 100 and the last 100 periods
in this second testing set. Unlike the pattern change during
the first testing periods, the magnitude of observations tend
to increase and the cyclic pattern’s frequency gets higher
during the second testing periods [see the pattern change from
Fig. 2(c) to (d)]. Because the changes occur slowly, the patterns
in Fig. 2(b) and 2(c) appear to be similar even though the
observations are collected under different and (e.g.,
different seasons). The good match between the observations
and predictions in Fig. 2(c) and (d) is the evidence that the
sequential ARL can adapt to the variations of the dynamic
process.
Table I summarizes the prediction performance using the

original and sequential ARL in the entire testing set. The two
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TABLE I
ONE-STEP AHEAD PREDICTION RESULTS (MSES)

TABLE II
ONE-STEP AHEAD PREDICTION RESULTS DURING 10000 PERIODS

WITH SLOW TRANSITION RATES (MSES)

values inside each parenthesis represent the MSEs during the
first 1000 periods with and and
the next 1000 periods with and in the
testing set, respectively.

B. Analysis With Slower Transition Rates

We further investigate whether the proposed approach ac-
counts for changes when the transitions evolve very slowly
during a long duration. As before, , are
used. For testing periods, a much longer duration of 10000
periods ( ) is considered. We employ the two
sets of transition rates shown in the first column of Table II. To
check the adaptability of the proposed approach, the results of
the sequential ARL are compared with those from the kernel
ridge regression that assumes a stationary process. Note that the
kernel ridge regression uses a static baseline estimated using
the training data. Table II, which summarizes the one-step
ahead prediction results of the sequential ARL and the kernel
ridge regression, shows that the sequential ARL exhibits con-
sistently better prediction accuracy. The performance gain
of the sequential ARL over the static model is small under
the extremely small rate with ,
because the baseline change is minimal. Even in this case,
the sequential ARL improves the prediction accuracy over the
model assuming a stationary process.

V. CASE STUDY
This section discusses the results of our case study using the

data set from a 500 kW land-based turbine at Roskilde in Den-
mark. The data, provided by Risø-DTU, Technical University
of Denmark [24], was collected at 35 Hz in April 2006 for 15
days. Three turbine outputs are investigated: power generation,
flapwise bending moment and edgewise bending moment at the
turbine's blade root. Flapwise and edgewise bending moments,
collected from strain sensors, measure the structural loads in two
orthogonal directions.

We use 10-min averages for the power generation, flap-
wise bending moment and edgewise bending moment as
the response variable, respectively. Wind velocity, which
is a vector form of wind speed, is used as the explana-
tory variable. As such, the input vector, , consists of
two variables, ) and

). Many types of kernel
functions are available in the kernel-based learning. In general,
the choice of an appropriate kernel function depends on each
problem. The implementation results with different kernel
functions including Gaussian, linear and polynomial kernels
suggest that the Gaussian kernel produces robust outputs in
characterizing the wind-to-response relationship in all of the
three responses.
Before implementing the proposed approaches, we remove

the outliers which do not follow the general pattern of turbine re-
sponses by imposing simple rules. For example, in the power re-
sponse, we exclude the data points where the power is negative.
The training set includes and observa-
tions for each response, and the testing set includes ,
1382 and 1363 observations for the power generation, flapwise
bending moment and edgewise bending moment, respectively.

A. Comparison With Other Methods
The proposed ARL methods are compared with several

benchmark methods. The first method is the kernel ridge
regression method that regulates the model complexity, but
assumes a stationary process. This method generates a static
baseline function.
Next, as discussed earlier, NN has been used for predictions

of wind speed and power generation in the literature. Among
many available network architectures, the RNN architecture,
specifically, infinite impulse response multilayer perceptron
(IIR-MLP) [25] proved particularly useful through the exten-
sive experimentations in the study by Barbounis et al. [14]. The
detailed descriptions are available in the supplementary docu-
ment. We consider two approaches: (a) RNN without updating
the model parameters, where we train the network based on a
training set and do not update the parameters during testing,
as in [14] and (b) RNN with updating the model parameters,
where we do retrain the network by updating the parameters
upon every new observation. We call the two approaches as
nonadaptive RNN and adaptive RNN, respectively. It should
be noted that both approaches address the nonstationary issue
by using the internal states memorized in the IIR filters. In
the adaptive RNN, updating the parameters with all the data
available up to the current period requires unreasonably lengthy
computational time (more than 6 hours), which is impractical
in real applications. Therefore, we update the parameters with
the most new observation, similar to the sequential ARL.
Finally, we also implement the exponentially weighted

moving average (EWMA) which is one of the most commonly
used forecasting methods in the time-series data analysis [26].
At period , the predicted response at period is
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TABLE III
ONE-STEP AHEAD PREDICTION RESULTS (MSES)

The forgetting factor, , determines the weights on the
past observations; a smaller weight is given to an observation
farther from the current period; a large (small) indicates the
long (short) memory of the temporal process. Accordingly, the
choice of determines the prediction performance. In our im-
plementation, we choose that minimizes MSE of the model in
the training set.

B. Prediction Results
Table III summarizes the one-step ahead prediction results

for the three turbine response variables. In each prediction, the
input and output are based on 10-minute averages. The orig-
inal ARL generates the lowest prediction errors in all of the
three responses. The sequential ARL generates slightly higher
prediction errors than the original ARL, but the differences are
minimal. The result also indicates that the kernel-based learning
algorithms generally provide better prediction capabilities than
RNN methods. The nonadaptive RNN generates much higher
predictions errors than the kernel ridge regression. The adap-
tive RNN improves the prediction accuracy over the nonadap-
tive RNN, however, its MSEs are three to nine times higher than
the proposed ARL approaches. EWMA produces significantly
high prediction errors because it does not utilize the informa-
tion of the wind speed and direction, but only uses the previous
observed responses for its predictions.
Figs. 3–4 compare the actual observations of the edgewise

bending moment with their corresponding prediction results for
the two different sets of periods, i.e., 1st–200th and 601st–800th
periods, in the testing set. The proposed ARL methods show
a good match between the actual observations and the pre-
dictions. On the contrary, the kernel ridge regression and the
adaptive RNN display many discrepancies. The proposed
approaches also show superior performance for other responses
(see the comparison plots in the supplementary document).
As a remark, there are two reasons for the presence of mul-

tiple predictions at the same wind speed in these figures. First,
we use the wind velocity that considers wind direction as the ex-
planatory variables instead of using wind speed. Second, when-
ever a new observation is obtained, we update the baseline func-
tion in the ARL approaches.

Fig. 3. Prediction results of edgewise bendingmoment during #1–#200 periods
in the testing set (note: the prediction results from the original ARL are similar
to those from the sequential ARL). (a) Sequential ARL. (b) Kernel ridge regres-
sion. (c) Adaptive RNN.

C. Computational Efficiency

We evaluate the computational efficiency of the proposed ap-
proaches and the adaptive RNN in Table IV. The computation
time includes both the prediction time as well as the baseline
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Fig. 4. Prediction results of edgewise bending moment during #601–#800 pe-
riods in the testing set (note: the prediction results from the original ARL are
similar to those from the sequential ARL). (a) Sequential ARL. (b) Kernel ridge
regression. (c) Adaptive RNN.

function (or relevant model parameters) updating time upon
each new observation. Therefore, the computation times from
the kernel ridge regression, nonadaptive RNN and EWMA are
not included in the table because they do not update the relevant

TABLE IV
COMPARISON OF COMPUTATIONAL EFFICIENCY (UNIT: SECONDS)

TABLE V
10-MIN AHEAD PREDICTION RESULTS WITH THE

BATCH SEQUENTIAL ARL (MSES)

model parameters with new observations. The adaptive RNN is
much less efficient than the proposed ARL approaches. It ap-
pears that the sequential ARL is the most efficient method. The
data set used in this study spans around 15 days. We believe
that the computational efficiency of the sequential ARL would
be much more evident in a larger scale data set collected for a
longer period.

D. Batch Sequential Adaptive Regularized Learning
A batch learning approach is additionally considered, which

is called “batch sequential ARL” in this study. Recall that the se-
quential ARL updates the baseline upon every new observation.
On the contrary, the batch sequential ARL updates the baseline
every observations.
Table V, which summarizes the 10-min ahead prediction re-

sults with different batch sizes, shows slightly higherMSEs than
those from the sequential ARL in Table III. Regarding the com-
putational efficiency, the batch sequential ARL uses the com-
putational time similar to the sequential ARL, and even with
a larger batch size, the computational time does not decrease.
The reason is that unlike the sequential ARL, the batch sequen-
tial ARL involves the matrix inversion in its updating process,
which is computationally more challenging than solving a linear
equation in (13).

E. Application to Fault Detection
The proposed approach can be applicable to detect faulty con-

ditions. As discussed in Section I, the system process could
change due to the combination of both external operating condi-
tions and internal degradations. In a typical engineering system,
degradation initially evolves slowly but once damage begins,
the rate of degradation is noticeably accelerated. We believe
that the intrinsic change in a system’s baseline during the slow
degradation should be treated as “normal” behavior to differen-
tiate it from the changes during the rapid damage progression
period. The proposed approach can identify such rapid damage
progression. The idea is that in the proposed ARL methods, the
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TABLE VI
PREDICTION RESULTS IN NUMERICAL EXAMPLES WITH RAPID BASELINE

CHANGE RATES UNDER ABNORMAL CONDITIONS (MSES)

regularization term, , is related to the rate of model changes and
is determined using the data collected during normal periods.
Accordingly, when damage starts to rapidly progress and the
process change rate starts to deviate from the slowly changing
rate under the normal condition, the predictions from the pro-
posed approach will also deviate from real observations.
Because the wind turbine data in this case study does not in-

clude observations under faulty conditions, the numerical ex-
ample discussed in Section IV is used to illustrate the effective-
ness of the proposed method in fault detection. Specifically, we
use the data generated in Section IV-A to represent the normal
condition, and then generate additional data of size 100 with
faster transition rates to simulate an abnormal system condition.
Table VI shows that with these rapid rates, the prediction errors
increase compared to those in Table I. The high prediction er-
rors reflect the large deviations of the actual observations from
the anticipated responses under the normal condition. There-
fore, the proposed approach will be capable of detecting ab-
normalities by tracking prediction errors. Note that the higher
MSE in the last row with more rapid transition rates indicates
that the proposed approach becomes more sensitive to detect
system changes as the difference of rates under normal and ab-
normal conditions gets larger.
Even though the results indicate the potential strength of the

proposed approach in detecting faults in the nonstationary pro-
cesses, the fault detection methods should differ, depending on
the degradation rate.When the degradation process is very slow,
fault diagnosis with the baseline updates will be unnecessary,
and a nonadaptive baseline can be used. On the other hand, when
the degradation occurs relatively fast, the approach discussed
in this section would be applicable. Also, as in our case study,
when a limited number of operational factors are used as ex-
planatory variables, it will be important to distinguish changes
in the operating conditions from the changes in the system’s
health condition. Devising effective fault detection methods that
consider the degradation rate and operating conditions will be
studied in our future research.

F. Effects of Other Environmental Factors
In addition to the wind conditions, other environmental fac-

tors, including air density and humidity, affect the turbine re-
sponses [27]. According to the study by Lee et al. [27] where the
effects of multiple factors on the power prediction performance
are investigated, it turns out that the air density is one of the sig-
nificant factors affecting the power generation for land-based
turbines. The air density, , is a function of temperature, , and
air pressure, , that is, , where and are ex-
pressed in Kelvin and Newton/ and
[27]. Because the data set used in this study only includes the
temperature measurement, we include the ambient temperature
as one of the input variables in addition to the wind velocity. The

TABLE VII
COMPARISON OF 10-MIN AHEAD PREDICTION PERFORMANCE

WITHOUT AND WITH TEMPERATURE (MSES)

third and fourth columns of Table VII compare the prediction re-
sults without and with the temperature. The result indicates that
adding the temperature does not significantly improve the pre-
diction accuracy. In the future, when other environmental mea-
surements become available to us, we will study the effect of
each factor, which would help reduce the updating frequency.

VI. SUMMARY

This study proposes regularized learning methods for non-
stationary processes based on a time-variant nonparametric
regression analysis. We formulate the optimization problem to
regulate the change in the baseline function as well as to mini-
mize the empirical estimation errors. Using the insight from the
original ARL model, we develop a sequential version where
the regression coefficient is updated from the last period’s one
for each new observation. Our implementation for making
short-term predictions suggests that the ARL methods are
superior to other benchmark methods. The prediction capability
of the sequential ARL is similar to the original ARL, while
providing much better computational efficiency compared to
other methods. We believe the sequential ARL provides a new
data-driven way of learning a nonstationary process.
The case study uses the bending moment and power data

to illustrate the nonstationary characteristics of wind turbine
systems. In the current wind industry, the sensors that collect
bendingmoment signals are not yet commonly employed. How-
ever, with the increasing importance of condition monitoring
systems and load-mitigating controls [3], it is expected that var-
ious types of sensors will be deployed in turbine subsystems.
The presented approach will be generally applicable to various
types of sensor measurement. In addition, our case study does
not consider the effect of control on the turbine responses such
as pitch controls. Depending on the values of the control pa-
rameters, each turbine will generate different responses even
under the same wind condition. In this case, the control param-
eters can be included as explanatory variables, so that the input
vector includes the information of both wind condition and con-
trol parameters.
The next step in our research will advance the prediction

method; in this study, the most updated baseline function is used
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for future predictions. When the time-varying input-to-output
relationship changes slowly, our proposed prediction provides
accurate predictions as observed in our case study and numer-
ical examples. When the system behavior changes rapidly, we
plan to additionally consider the magnitude and direction of
the response change to improve the prediction accuracy. An-
other research direction is to develop an effective method for
removing outliers and imputing the missing data in the nonsta-
tionary process. Devising effective fault detection methods that
consider the degradation rate and operating conditions will be
also studied in our future research. Finally, although the perfor-
mance of the batch sequential ARL appears slightly worse than
that of the sequential ARL in the wind turbine case study, its
prediction capability would depend on the dynamic character-
istics of the system, and we are interested in investigating its
performance in other applications.
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