
766 IEEE TRANSACTIONS ON ENERGY CONVERSION, VOL. 24, NO. 3, SEPTEMBER 2009

Anticipatory Control of Wind Turbines With
Data-Driven Predictive Models

Andrew Kusiak, Member, IEEE, Zhe Song, Student Member, IEEE, and Haiyang Zheng

Abstract�The concept of anticipatory control applied to wind
turbines is presented. Anticipatory control is based on the model
predictive control (MPC) approach. Unlike the MPC method, non-
controllable variables (such as wind speed) are directly considered
in the dynamic equations presented in the paper to predict response
variables, e.g., rotor speed and turbine power output. To determine
future states of the power drive with the dynamic equations, a time
series model was built for wind speed. The time series model was
fused with the dynamic equations to predict the response variables
over a certain prediction horizon. Based on these predictions, an
optimization model was solved to �nd the optimal control settings
to improve the power output without incurring large rotor speed
changes. As both the dynamic equations and time series model
were built by data mining algorithms, no gradient information is
available. A modi�ed evolutionary strategy algorithm was used to
solve a nonlinear constrained optimization problem. The proposed
approach has been tested on the data collected from a 1.5 MW
wind turbine.

Index Terms�Anticipatory control, data mining, evolutionary
algorithms, model predictive control (MPC), nonlinear temporal
process, optimization.

I. INTRODUCTION

THE U.S. wind power market is rapidly expanding; how-
ever, operations and maintenance costs [1], [2] have cre-

ated a barrier to an even more aggressive expansion, aiming at
a 20-fold increase in the wind energy production by the year
2030 [3]. A meaningful way to reduce costs is to optimize the
capture of energy from the wind with suitable control strate-
gies [4]�[7]. Such an optimization should be performed without
adverse impact on the lifetime of turbine components, e.g., the
gearbox. Wind turbine technology is relatively new, and there
is plenty of room to improve performance of wind turbines in
the presence of operations and maintenance constraints. Maxi-
mizing the energy captured from the wind as well as reducing
hazardous loads on a turbine�s power drive train would increase
the competitiveness of wind energy production.

Most recent research on wind turbine control has mainly fo-
cused on power maximization [4], [7]�[11]. This control objec-
tive is usually achieved by using generator torque to change the
rotor speed so that the optimum power coef�cient is attained.
The wind power is maximized mainly when the wind speed is
below the rated wind speed, and the blade pitch angle is �xed.
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Besides the traditional control strategies (i.e., mainly feedback
and adaptive-tracking based), researchers [12]�[14] used pre-
dictive control concepts to optimize the wind-turbine power
capture. Henriksen [12] investigated a model predictive control
(MPC) technique [15], [16] and applied it to pitch controller de-
sign. The MPC approach with blade pitch and generator torque
as two control inputs was presented in [14]. Both papers [14]
and [17] used simulated wind speeds; no wind speed prediction
is involved in the presented models.

While the simulated wind speed data might be useful in as-
sessment studies, such data cannot be used to control wind
turbines of an operating farm.

Unlike traditional energy conversion systems, where fuel can
be accurately controlled, the speed of the wind resource cannot
be controlled. However, knowing wind speed ahead of time is
useful in controlling the wind turbine. A linear wind speed time
series model was used [14] to predict wind speed in a short-
time horizon (i.e., a second). The wind-turbine power output
was assumed to be a linear function of the wind speed. Thus,
knowing wind speed ahead of time would allow optimizing the
generated power and other objectives.

In this paper, a new concept called anticipatory control is
applied to wind turbines. This concept can be traced back to [14].
Once an accurate wind speed time series model is obtained, it is
optimized with the MPC algorithm. Unlike the previous research
[4]�[14], where wind turbine models were obtained from the
�rst principles and aerodynamics, in this paper, data mining
algorithms extract the models directly from the process data (i.e.,
wind turbine supervisory control and data acquisition (SCADA)
data). The approach presented in this paper is powerful, as it
integrates the wind speed time series model with the MPC.
Different algorithms are used to construct the wind speed time
series model, and their performance is compared using different
metrics. The integration of a wind speed time series model with
the MPC allows for the adjustment of control parameters to
avoid hazardous loads and maximize the power output.

II. DYNAMIC MODELING AND WIND SPEED PREDICTION

A wind-turbine power-generation process can be represented
as a triplet (x,v,y, ), where x is a vector of controllable param-
eters (e.g., pitch angle, generator torque), v is a vector of non-
controllable parameters (measurable), for example, wind speed,
and y is a vector of system response parameters (e.g., power
output, rotor speed). The values of y change in response to the
controllable and noncontrollable parameters. The controllable
and noncontrollable parameters are considered in this research
as input parameters. Table I lists the selected process parameters
to capture a wind-turbine energy-conversion process [4]. The
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TABLE I
PROCESS PARAMETERS USED FOR WIND TURBINE CASE STUDY

wind turbine manufacturer data show that the maximum gener-
ator speed is 1600 r/min, the maximum rotor speed is 23 r/min,
the maximum power output is 1600 kW, the generator torque
is limited to 10 090 N•m, and the maximum generator torque
change rate is 4500 N•m/s. The data used for this paper were
collected from a 1.5 MW wind turbine at a sampling interval of
10 s.

Most processes are dynamic, and therefore, dynamic equa-
tions can be used to model the process. It appears that the be-
havior of the turbine control system can be modeled with data
sampled at 20 s intervals. The dynamic equations for power
output and rotor speed are as follows:

y1(t) = f1(y1(t � 1), x1(t), x1(t � 1), x2(t),

x2(t � 1), v(t), v(t � 1)) (1)

y2(t) = f2(y2(t � 1), x1(t), x1(t � 1), x2(t),

x2(t � 1), v(t), v(t � 1)) (2)

where y1(t) is the power output at time t and y1(t � 1) is the
power output 10 s before time t. Based on the dynamic equations
(1) and (2), one-step-ahead predictions are expressed as follows:

y1(t + 1) = f1(y1(t), x1(t + 1), x1(t), x2(t + 1),

x2(t), v(t + 1), v(t)) (3)

y2(t + 1) = f2(y2(t), x1(t + 1), x1(t), x2(t + 1),

x2(t), v(t + 1), v(t)). (4)

Note that in this formulation, all response parameters are as-
sumed to have the same time delay. Similarly, controllable
and noncontrollable parameters have identical time delays. Al-
though such an assumption may not necessarily fully apply in
practice, it is used in this paper to simplify the discussion. The
ideas presented in this paper can be easily extended to the sce-
nario where different process parameters have different time
delays.

To optimize the wind-turbine energy-conversion process,
ideas from MPC [15], [16], [18] could be borrowed. In a tra-
ditional MPC formulation, one needs to predict into the future.
However, most MPC formulations do not consider the non-
controllable parameters into the dynamic equations. In a wind
energy conversion process, wind speed is the most important
parameter. To make accurate predictions of rotor speed and
power output, predicting wind speed accurately is necessary.
Dynamic equations (3) and (4) call for wind speed at sampling
time t + 1.

Fig. 1. Wind speed distribution of 2054 data points.

The concept of anticipatory control is rather simple. It in-
volves building accurate prediction models based on noncontrol-
lable parameter wind speed and using these models for making
predictions together with the dynamic equations. The prediction
models of the noncontrollable parameters have to be suf�ciently
accurate. Predicting wind speed could be accomplished with tra-
ditional time series models or by using other principles.

Suppose the prediction model for the wind speed is expressed
as a time series model given by

v(t) = g(v(t � 1), v(t � 2), . . . , v(t � nv )) (5)

where nv is the model order. Note that the performance of the
model predicting the noncontrollable parameter usually deteri-
orates as the prediction horizon increases.

III. WIND TURBINE CASE STUDY

Optimizing performance of a wind turbine is a challenging
problem due to the stochastic nature of the wind speed, espe-
cially when sampled at a high frequency. In this research, two
basic problems related to the wind turbine control are consid-
ered. One is to maximize the power captured from the wind,
and the other is to reduce load variability in order to produce
maintenance bene�ts and improve power quality.

Using data mining algorithms to extract the dynamic equa-
tions (1)�(4) can also be considered as a system identi�cation
problem [19] accomplished with neural networks. For identi�-
cation of the dynamic the wind speed in the interval [2.97 m/s,
13.16 m/s] was collected over a day horizon. After initial de-
noising (e.g., removing turbine down time, wind speed below
cut-in speed, and the wind speed above the rated speed), 2054
valid data points were retained for this experiment. The reason
for considering the data for the wind speed from the cut-in and
the rated wind speed range was because this operational re-
gion presents a major opportunity to optimize the wind-turbine
power-generation process. The distribution of the wind speed
data used in this paper is shown in Fig. 1.

Neural networks are suitable for modeling complex nonlinear
processes [17], [20], [21]. To validate whether the model repre-
sented by the dynamic equations (3) and (4) can be learnt from
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Fig. 2. Power output prediction errors.

Fig. 3. Rotor speed prediction errors.

the wind turbine data, various neural networks have been con-
sidered. In particular, 100 neural networks with different kernels
and structures were constructed in this research, and the most
accurate and robust model was selected to construct f1(g) and
f2(g). Five different activation functions were selected for the
hidden and output neurons, namely the logistic, identity, tanh,
exponential, and sine functions. The number of hidden units was
set between 4 and 12, and the weight decay for both hidden and
output layer varied from 0.0001 to 0.001.

As the number of data points for comprehensive testing of
the identi�ed models (3) and (4) was somewhat limited, the
tenfold cross-validation [22] was used in this paper. The set
of 2054 data points was randomly divided into ten folds: nine
folds were used to train the 100 neural networks and the best
one (in terms of the training error) was kept. Then, the best
neural network was tested on the onefold data kept. Figs. 2
and 3 illustrate the capability of neural networks to identify the
dynamic models and making one-step-ahead predictions. The
mean absolute error and its standard deviation, and the relative
mean absolute error and its standard deviation are depicted. It
is obvious that neural networks can learn the dynamic process
models with an acceptable accuracy. Once the accurate models
are obtained, they are applied for process optimization.

Although most wind speed time series models use a vector of
wind speeds over subsequent past intervals [23]�[25] v(t � 1),
v(t � 2), . . . , v(t � nv ), with nv being the model order, it is
desirable to perform some parameter (predictor) selection to
improve model�s performance. In other words, not all past wind
speeds have the same impact on the predicted wind speed.

To select a subset of the past wind speeds from v(t � 1),
v(t � 2), . . . , v(t � nv ), here a genetic wrapper approach is
used [22], [26].

The dataset used in this wind speed prediction study in-
cludes 3591 points sampled every 10 s. The potential predictors
are v(t � 1), v(t � 2), . . . , v(t � 9). The wind speed measured
over the past 90 s is suf�cient for short time predictions (i.e.,
10 s ahead).

The following three predictors v(t � 1), v(t � 2), v(t � 6)
have been selected by the wrapper approach. The time series
model for the wind speed prediction is given by

v(t) = g(v(t � 1), v(t � 2), v(t � 6)). (6)

Based on (6), four different time series prediction models
for the wind speed are considered, namely the boosting tree
regression [27], [28], linear regression, neural network [20],
[21], and a neural network ensemble. For the neural network
ensemble, 100 different neural networks were trained, and the
best �ve were selected to form an ensemble. The predicted
value is computed as the average of �ve predictions by �ve
neural networks.

Four different data mining algorithms are compared using
different metrics to determine the most suitable one for wind
turbine anticipatory control.

To verify accuracy of the time series model, �ve experiments
were performed for each data mining algorithm. The 3591 data
points were randomly divided into ten folders. Nine folders
were used by the data mining scheme to learn the time series
model. The remaining folder was used to test the accuracy of
the extracted time series model. This experiment was repeated
�ve times with different randomization schemes.

For smoother control of the drive train torque, accurate pre-
diction of the wind speed and, in particular, the rate of wind
speed change is important. Absolute and relative errors are used
to measure prediction accuracy of the model.

The predicted wind speed rate of change (in direction) is
also important for reducing the variability of the torque. For
example, assume the current wind speed is 5 m/s. If a time
series model predicts 7 m/s at next sampling time, while the
actual wind speed at that time is 4 m/s; the predicted wind
speed change direction is not correct. In this case, the model
predicted an increase in the wind speed, while the actual wind
speed decreased. Such incorrect predictions adversely impact
the wind turbine performance.

To measure the accuracy of the time series model to cor-
rectly predict wind speed directional change, a new metric is
formulated�the wind speed change direction match (WSCDM)

WSCDM(t)

=

�
�

�

1, if sign(�v(t) � v(t � 1)) = sign(v(t) � v(t � 1))
or max{||�v(t) � v(t � 1)|, |v(t) � v(t � 1)||} � �

0, else.

The metric WSCDM(t) indicates whether the predicted wind
speed change direction matches the actual wind speed change
direction at time t. Here, 1 implies a match, and 0 means there
is no match.
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Fig. 4. Absolute change between two consecutive wind speeds sampled at
10 s intervals.

The expression sign(�v(t) � v(t � 1)) = sign(v(t) � v(t �
1)) implies that the predicted wind speed and the actual wind
speed at time t are both greater or less than the previous wind
speed at time t � 1. In this scenario, there is a match between
the predicted wind speed change direction and the actual wind
speed change direction.

The expression max{||�v(t) � v(t � 1)|, |v(t) � v(t � 1)||}
� � implies that the predicted and the actual wind speed at time t
are both within a small neighborhood of the previous wind speed
at time t � 1. In this scenario, if a small tolerance � is allowed,
although the predicted wind speed change direction does not
match the actual wind-speed-change direction, the wind-speed-
change-direction mismatch is tolerable.

Based on (7), the average WSCDM over a test dataset can
be calculated. The mean WSCDM is a fraction of the test data
points with a predicted wind-speed-change direction matching
the actual wind-speed-change direction.

It is obvious that the mean WSCDM increases as the toler-
ance goes up from 0 to 0.5 m/s. The value of the mean WSCDM
is around 0.5 for the zero tolerance, which makes the prediction
of the wind speed change in direction a random guess. When
the tolerance slightly increases from 0 to 0.05 m/s, the mean
WSCDM increases signi�cantly to 0.5�0.6 or even a larger
value. Based on the historical wind speed data sampled at 10 s
intervals, the average wind speed change between two consec-
utive measurements is 0.29 m/s, which implies that a small
tolerance, e.g., 0.1 or 0.15 m/s, is still acceptable in industrial
applications (see Fig. 4).

Fig. 5 and Table II illustrate the performance of the neural
network ensemble algorithm, which is the best one compared
with other three data mining algorithms.

Based on the results of the experiments reported in Fig. 5 and
Table II, the neural network ensemble was selected to extract
the wind speed time series prediction model (6).

A. Anticipatory Control

Assume that at current time t, the optimal control inputs x�
1(t)

and x�
1(t + 1), and x�

2(t) and x�
2(t + 1) optimize the power

output and rotor speed. It is also assumed that v(t + 1) can be
obtained from the time series model.

Fig. 5. Wind speed time series model�s prediction errors.

TABLE II
PERFORMANCE OF THE NEURAL NETWORK ENSEMBLE MODEL MEASURED

WITH THE WSCDM METRIC FOR DIFFERENT TOLERANCES

The optimal power outputs corresponding to these optimal
control inputs are

y�
1(t) = f1(y1(t � 1), x�

1(t), x1(t � 1), x�
2(t),

x2(t � 1), v(t), v(t � 1))

y�
1(t + 1) = f1(y�

1(t), x
�
1(t + 1), x�

1(t), x
�
2(t + 1),

x�
2(t), v(t + 1), v(t)).

Similarly, the optimal rotor speed is

y�
2(t) = f2(y2(t � 1), x�

1(t), x1(t � 1), x�
2(t),

x2(t � 1), v(t), v(t � 1))

y�
2(t + 1) = f2(y�

2(t), x
�
1(t + 1), x�

1(t), x
�
2(t + 1),

x�
2(t), v(t + 1), v(t)).

To maximize the power output, |y�
1(t) � 1600| and |y�

1(t +
1) � 1600| is minimized. As the optimal control settings x�

1(t +
1) and x�

2(t + 1) are not implemented at time t, attention is
turned to |y�

1(t) � 1600|, as it takes effect at time t. In this
paper, a simple weighting scheme is used to differentiate the
importance of |y�

1(t) � 1600| and |y�
1(t + 1) � 1600|. The cost

function for power is a weighted average shown in (7).

Jpower = wy1 |y�
1(t) � 1600| + (1 � wy1 ) |y�

1(t + 1) � 1600|
(7)

where wy1 is a weight coef�cient between 0 and 1.
For the rotor, the rate of speed change |y�

2(t) � y2(t)| and
|y�

2(t + 1) � y�
2(t)| /h are to be minimized in order to reduce

the torque variability [2] of the main drive train, where h is
the sampling time (in this paper h is 10 s). To differentiate the
importance between |y�

2(t) � y2(t)| and |y�
2(t + 1) � y�

2(t)| /h,
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a simple weighting scheme is used that is given by

Jrotor = wy2 |y�
2(t) � y2(t)| + (1 � wy2 )

|y�
2(t + 1) � y�

2(t)|
h

(8)
where wy2 is a weight coef�cient between 0 and 1.

To balance the importance between the power output maxi-
mization and rotor speed change rate minimization, the weigh-
ing scheme shown in (9) is used

J = wJpower + (1 � w)Jrotor (9)

where w is a weight coef�cient between 0 and 1. Note that
Jpower and Jrotor need to be scaled by their appropriate values
to ensure the weighted average is not biased. In this research
Jpower is scaled by 1600, Jrotor is scaled by 23.

Besides the objective function, there are physical constraints
that need to be satis�ed. First, the maximum rotor speed is
23 r/min, which means y�

2(t + 1) � 23 and y�
2(t) � 23 have to

be satis�ed.
Second, as the maximum power output is 1600 kW, y�

1(t + 1)
� 1600 and y�

2(t) � 1600 have to be satis�ed.
As the generator torque is limited to 10090 N•m, and

its change rate should be below 4500 N•m/s, the follow-
ing hold: x�

2(t) � 10 090, x�
2(t + 1) � 10 090, x�

2(t) � x2(t) �
4500, and (x�

2(t + 1) � x�
2(t))/10 � 4500. Based on the histor-

ical data, the pitch angle is mostly operated between 0 and 15�,
therefore, x�

1(t) and x�
1(t + 1) should not exceed 15�. As long

as the two constraints x�
2(t) � 10 090 and x�

2(t + 1) � 10 090
hold, x�

2(t + 1) � x�
2(t)/10 � 4500 must also hold.

Beside these constraints, Betz�s law needs to be obeyed. Ac-
cording to the Betz law, at most 59% of the wind kinetic energy
can be converted into mechanical energy. The energy of the wind
is expressed as 0.5�Av3

b [4], where � is the air density around
the rotor, A is the rotor swept area, and vb the wind speed before
passing the rotor.

For Pl , denoting the power retained (not converted into me-
chanical energy) in the wind, it is obvious that Pl/0.41 �
0.5�Av3

b . The kinetic power captured by a turbine rotor is
Pr = 0.5�Av3

b Cp [4], where Cp is the power coef�cient, typ-
ically less than 0.45 for commercial wind turbines [4], [5].
The power output from a wind turbine should be less than Pr
considering the mechanical losses during the conversion, i.e.,
y1 < Pr . Therefore, Pl/0.41Cp � Pr > y1 , or 1.098Pl > y1 ,
if Cp = 0.45 is assumed. Pl can be estimated from the wind
speed measured at the nacelle, i.e., Pl = 0.5�Av3 .

The swept area of the turbine considered in this research is
3904 m2 , and the air density is assumed to be 1.225 kg/m3 . Thus,
the turbine power output y1 should be smaller than 2.625v3 .

Equation (7) is then transformed into the following equation

Jpower = wy1 |y�
1(t) � min{1600, 2.625v(t)3}|

+ (1 � wy1)|y
�
1(t + 1) � min{1600, 2.625v(t + 1)3}|.

(10)

Based on the previous discussion, wind turbine anticipatory
control at sampling time t can be instantiated as model (11).
In model (11), all process parameters are greater than 0 (for

simplicity, they are not re�ected in the model).

min
x�

1 (t),x�
2 (t),x�

1 (t+1),x�
2 (t+1)

J(�)

subject to

y�
1(t) = f1(y1(t � 1), x�

1(t), x1(t � 1), x�
2(t), x2(t � 1),

v(t), v(t � 1))

y�
1(t + 1) = f1(y�

1(t), x
�
1(t + 1), x�

1(t), x
�
2(t + 1), x�

2(t),

v(t + 1), v(t))

y�
2(t) = f2(y2(t � 1), x�

1(t), x1(t � 1), x�
2(t), x2(t � 1),

v(t), v(t � 1))

y�
2(t + 1) = f2(y�

2(t), x
�
1(t + 1), x�

1(t), x
�
2(t + 1), x�

2(t),

v(t + 1), v(t))

v(t) = g(v(t � 1), v(t � 2), v(t � 6))

y�
2(t + 1) � 23, y�

2(t) � 23

y�
1(t + 1) � min

�
1600, 2.625v(t + 1)3�

,

y�
1(t) � min

�
1600, 2.625v(t)3�

x�
2(t) � 10090, x�

2(t + 1) � 10090, |x�
2(t) � x2(t)| � 4500

x�
1(t) � 15, x�

1(t + 1) � 15. (11)

Solving model (11) is challenging, as the objective function
and constraints are nonlinear. When the nonlinear equations are
represented by a neural network or an ensemble of classi�ers,
gradient information is not easily available. To solve this type
of optimization problem, an evolutionary strategy algorithm is
applied. First, model (11) is transformed into a biobjective opti-
mization problem, with the second objective function re�ecting
the violations of the inequality constraints. Then, the evolu-
tionary strategy is applied to solve the biobjective optimiza-
tion problem by minimizing the cost function J as well as the
constraint-derived objective.

The terms of the objective function for the power output and
rotor speed constraints are expressed as: max{0, y�

2(t + 1) �
23}, max{0, y�

2(t) � 23}, max{0, y�
1(t + 1) � min{1600,

2.625v(t + 1)3}}, and max{0, y�
1(t) � min{1600, 2.625v(t)3}}.

For example, if y�
2(t) � 23, max{0, y�

2(t) � 23} is 0, if y�
2(t)

> 23, max{0, y�
2(t) � 23} is greater than 0, and the more this

constraint is violated, the greater value of max{0, y�
2(t) � 23}.

The two controllable parameters, pitch angle x1 and gener-
ator torque x2 , are perturbed within their appropriate ranges
during the optimization process. Speci�cally, the values of
x�

1(t), x�
1(t + 1) and x�

2(t) are bounded by their lower and
upper bounds. In addition x�

2(t) is further constrained by
|x�

2(t) � x2(t)| � 4500, where x2(t) is the generator torque at
time t.

For x�
2(t + 1), besides its lower and upper bounds, x�

2(t + 1)
� x�

2(t) � 45 000 makes x�
2(t + 1) depend on x�

2(t). Fortu-
nately, this constraint is automatically satis�ed as long as x�

2(t)
and x�

2(t + 1) do not exceed 10 090.
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B. Evolutionary Strategy Algorithm

The solution of model (11) can be encoded as a vector used
by the evolutionary strategy algorithm [29].

The general form of the jth individual in the evolutionary
strategy algorithm is de�ned as (zj ,�j ), where zj and �j

are two vectors with four entries, i.e., zj = (x�,j
1 (t), x�,j

1 (t +
1), x�,j

2 (t), x�,j
2 (t + 1))T and �j = (�j

1 , �
j
2 , �

j
3 , �

j
4)T .

Each element of �j represents a standard deviation of the nor-
mal distribution with zero mean. Parameter �j is used to mutate
the solution zj . The initial population �j (j = 1, . . . , µC hild )
is generated by uniformly sampling from the range [�low ,�up ],
where �low and �up are the lower and upper bounds for the
standard deviation vector. Here, �low and �up are set as:
�low = [0.1, 0.1, 5, 5]T , �up = [2, 2, 200, 200]T , based on the
data analysis.

In this paper, a biobjective evolutionary algorithm is used to
solve the constrained optimization problem [30]. All the con-
straints are transformed to formulate the second objective func-
tion. To standardize the optimization problem, model (11) is
transformed into the biobjective minimization problem, which
is given by

min {Obj1 ,Obj2}

subject to

y�
1(t) = f1(y1(t � 1), x�

1(t), x1(t � 1), x�
2(t), x2(t � 1),

v(t), v(t � 1))

y�
1(t + 1) = f1(y�

1(t), x
�
1(t + 1), x�

1(t), x
�
2(t + 1), x�

2(t),

v(t + 1), v(t))

y�
2(t) = f2(y2(t � 1), x�

1(t), x1(t � 1), x�
2(t), x2(t � 1),

v(t), v(t � 1))

y�
2(t + 1) = f2(y�

2(t), x
�
1(t + 1), x�

1(t), x
�
2(t + 1), x�

2(t),

v(t + 1), v(t))

v(t) = g(v(t � 1), v(t � 2), v(t � 6))

x�
2(t) � 10 090, x�

2(t + 1) � 10 090,

|x�
2(t) � x2(t)| � 4500

x�
1(t) � 15, x�

1(t + 1) � 15 (12)

where Obj1 = J and

Obj2 = max{0, y�
2(t + 1) � 23} + max{0, y�

2(t) � 23}

+ max{0, y�
1(t + 1) � min{1600, 2.625v(t + 1)3}}

+ max{0, y�
1(t) � min{1600, 2.625v(t)3}}.

The minimum of Obj2 is zero, implying that all constraints
for the system response parameters are satis�ed.

To solve the biobjective optimization problem, an evolution-
ary strategy algorithm called Strength Pareto Evolutionary Al-
gorithm (SPEA) [31] is used.

Step 1) Initialize three empty sets Parent, Offspring, and
Elite. Randomly generate µC hild individuals (so-

lutions) to form the initial children population and
place them in the Offspring set.

Step 2) Repeat until the stopping criterion is satis�ed.
Step 2.1) Find nondominated solutions in Offspring

and copy them into Elite. Remove domi-
nated solutions from Elite. Reduce the size
of Elite by clustering, if necessary.

Step 2.2) Fitness assignment: Assign �tness to indi-
viduals in Offspring and Elite.

Step 2.3) Selection: Use tournament selection to se-
lect µP arent individuals from Offspring �
Elite and store them in Parent.

Step 2.4) Recombination: Generate a new popula-
tion Offspring by selecting two parents in
Parent.

Step 2.5) Mutation: Mutate the individuals in
Offspring.

Step 2.6) Assign �tness to the individuals in
Offspring.

The stopping criterion applied in this paper is the number of
generations.

1) Mutation: An individual (zj ,�j ) is mutated according
to (13) and (14), with �j mutated �rst, zj mutated next.

�j = �j �

(eN (0,� �)+N1 (0,� ) , eN (0,� �)+N2 (0,� ) , eN (0,� �)+N3 (0,� ) ,

eN (0,� �)+N4 (0,� )) (13)

where N(0, � �) is a random number following a normal distri-
bution with a mean of 0 and a standard deviation of � �, Ni(0, �)
(i = 1, . . . , 4) is a random number drawn from a normal distri-
bution with a mean of 0 and a standard deviation of � , Ni(0, �)
is generated speci�cally for �j

i , while N(0, � �) is for all entries,
and ��� denotes the Hadamard matrix product [32].

The new solution is generated from the following equation:

zj = zj + N(0,�j ) (14)

where N(0,�j ) is a vector of the same size as zj . Each element
of N(0,�j ) is generated from a normal distribution with a mean
of 0 and the corresponding standard deviation in vector �j .

2) Selection and Recombination of Parents: To generate
µC hild children, two parents are selected from the parent pop-
ulation and recombined µC hild times. Assume each time two
parents are randomly selected to produce one child according to
the following equation

�

��

	

j�SeletedP arents
zj

2
,

	

j�SeletedP arents
�j

2




�� (15)

Here, SelectedParents is a set consisting of the two indexes of
the randomly selected parents.

3) Tournament Selection: Tournament selection [29] with
replacement is used in this paper to select the most promising
individuals for the next generation based on their �tness values.
The tournament size is a prede�ned parameter to control the
selection pressure.
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4) Initial Population Generation and Constraints Handling:
The generation of a set of a feasible initial population is straight-
forward. For example, an individual�s �rst two components,
x�,j

1 (t) and x�,j
1 (t + 1), can be randomly generated between 0

and 15. At each iteration of the evolutionary strategy algorithm,
x�,j

1 (t) and x�,j
1 (t + 1) are checked for their ranges. If after mu-

tation, x�,j
1 (t) and x�,j

1 (t + 1) are out of the range, the lower
and upper values are used to replace their current values. The
latter also applies to x�,j

2 (t), which is checked for the range
0 to min {4500 + x2(t), 10 090}. The values of x�,j

2 (t + 1) are
sampled between 0 and 10 090. Similarly, x�,j

2 (t + 1) is checked
after each mutation for its range.

To simplify the comparative analysis, some parameters of
the evolutionary strategy algorithm are �xed, for example, � �

is set to 0.3536, � is set to 0.5, and the number of generations
is 100. The tournament size is set to 4. Once these parame-
ters are �xed, important settings for the evolutionary strategy
algorithm can be evaluated. Numerous experiments are done
to evaluate the other evolutionary strategy parameters and the
weights of the objective functions in model (12). The values
µP arent/µC hild = 100/300 and wy1 = wy2 = w = 0.5 appear
to be good choices, as they improve power output without sig-
ni�cantly impacting the rate of change of the rotor speed.

To illustrate the ideas of anticipatory control model (12) is
solved continuously during a short time period for high wind
speeds. For most operating wind turbines, a pitch angle is usually
set around 0� when the wind speed is low. This control strategy
limits the amount of data available for identifying an unbiased
neural network model. Additional data collection efforts are
needed to acquire turbine data at low wind speeds and variable
pitch angle.

C. Continuous Optimization

In this section, in order to simulate the actual imple-
mentation of the anticipatory control for the wind speed
scenario, continuous optimization is used, i.e., the optimal
control settings solved at time t will be passed to the next
sampling time. For example, at time t, based on wind turbine
status {y1(t � 1), y2(t � 1), x1(t), x1(t � 1), x2(t), x2(t � 1),
v(t), v(t � 1)}, model (12) is solved, and an optimal solution
x�

1(t), x�
1(t + 1), x�

2(t), x�
2(t + 1) is determined and imple-

mented at the time stamp t. The corresponding optimized power
output and rotor speed are y�

1(t) and y�
2(t). At the next sampling

time t + 1, assume the optimal control settings from t are
applied; in other words, the wind turbine status at t + 1 becomes
{y�

1(t), y�
2(t), x�

1(t + 1), x�
1(t), x�

2(t + 1), x�
2(t), v(t + 1), v(t)}

as the optimal control settings from the previous sampling
times are implemented. Then, based on this new turbine status,
model (12) is solved again to generate optimal control settings
at the time stamp t + 1, and this process is repeated. In this
way, the scenario of controlling a wind turbine is emulated.

The wind speed data depicted in Fig. 6 was used to demon-
strate the turbine reaction to the optimal control settings in a
continuous time period.

The simulated experiment began at 2:14:40 P.M. and ended at
2:21:20 P.M. The wind speed is high and variable.

Fig. 6. Wind speed in the time window �2:14:40 P.M.���2:21:20 P.M.�

Fig. 7. Continuous optimization of power output for the time period
�2:14:40 P.M.���2:21:20 P.M.�

Fig. 8. Continuous optimization of the rotor speed for the period
�2:14:40 P.M.���2:21:20 P.M.�

Figs. 7�10 illustrate optimization results for the same time
period 2:14:40 P.M.�2:21:20 P.M. The computed control settings
increased the power output (see Fig. 7). The optimized power
is also smoother than the original power output. Fig. 8 demon-
strates that the rotor speed is higher and smoother than the orig-
inal one, despite the highly variable wind. The optimized pitch
angle is shown in Fig. 9. Fig. 10 illustrates that unlike the pitch
angle, the optimized generator torque is smoother than the orig-
inal one. Smoothing rotor speed and generator torque are bene-
�cial to the lifetime of turbine components. Note that smoothing
the generator torque was not directly considered in the objective
function of model (11). The optimization concept introduced in
this paper can be extended to other turbine performance-related
functions, e.g., power quality, maintenance.
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