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h i g h l i g h t s
 The Bayesian Ascent algorithm can monotonically increase the total wind farm power.
 The cooperative control strategy can further increase the total wind farm power.
 The decentralized wind farm control approach can reduce the required iterations.
 A data-driven, cooperative wind farm control approach is a promising alternative.
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a b s t r a c t
This study investigates the feasibility of using a data-driven optimization approach to determine the
coordinated control actions of wind turbines that maximize the total wind farm power production.
Conventionally, for a given wind condition, an individual wind turbine maximizes its own power production without taking into consideration the conditions of other wind turbines. Under this greedy control
strategy, the wake formed by the upstream wind turbine, resulting in reduced wind speed and increased
turbulence intensity inside the wake, would affect and lower the power productions of the downstream
wind turbines. To increase the overall wind farm power production, cooperative wind turbine control
approaches have been proposed to coordinate the control actions that mitigate the wake interference
among the wind turbines and would thus increase the total wind farm power production. This study
explores the use of a data-driven approach to identify the optimum coordinated control actions of the
wind turbines using limited amount of data. Specifically, we study the feasibility of the Bayesian
Ascent (BA) algorithm, a probabilistic optimization algorithm based on non-parametric Gaussian
Process regression technique, for the wind farm power maximization problem. The BA algorithm is
employed to maximize an analytical wind farm power function that is constructed based on wind farm
configurations and wind conditions. The results show that the BA algorithm can achieve a monotonic
increase in the total wind farm power production using a small number of function evaluations and
has the potentials to be used for real-time wind farm control.
Ó 2015 Elsevier Ltd. All rights reserved.

1. Introduction
Modern wind turbines allow adjusting the blade angle, the yaw
angle and the generator torque to maximize the power production
and to protect the mechanical and electrical components from
excessive structural or electrical loads. Not only affecting its own
power production, these control actions can influence the power
productions of the downstream wind turbines by changing the
wake characteristics of the wind flow. In spite of wake interference,
a wind turbine in a wind farm is conventionally operated to max⇑ Corresponding author.
E-mail addresses: jkpark11@stanford.edu (J. Park), law@stanford.edu (K.H. Law).
http://dx.doi.org/10.1016/j.apenergy.2015.11.064
0306-2619/Ó 2015 Elsevier Ltd. All rights reserved.

imize its own power production, which can possibly lead to lower
efficiency on the total power production of a wind farm.
Realizing that the interactions among the wind turbines can
have impact on power production, cooperative control approaches
have been proposed to maximize the total energy production of a
wind farm by manipulating the wake interference pattern. The
induction factor and the yaw-offset angle of a wind turbine have
been used as control inputs to adjust the wake interference pattern. The induction factor, which is determined by the blade pitch
angle and the generator torque, is used to determine the power
production of a wind turbine and, at the same time, to control
the amount of wind speed reduction inside the wake, thereby
influencing the energy production of the downstream wind
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turbines. The joint set of induction factors for wind turbines have
been employed to optimize and to increase the total energy production of a wind farm [1–9]. The yaw-offset angle, defined as
the misalignment angle between the wind direction and the rotor,
decreases the power production of the wind turbine but can possibly increase the power productions of downstream wind turbines
by deflecting the wake trajectory. The joint set of yaw-offset angles
has also been used to maximize the total wind farm power production [10–16]. To maximize the total wind farm power production,
both the yaw-offset angles and the induction factors can be used
simultaneously as control variables [17].
Most cooperative control approaches find the optimum control
actions by optimizing the analytical wind farm power functions
that mathematically relate the control inputs of wind turbines
and the total power production of a wind farm. For example, a
mathematical optimization approach using sequential quadratic
programing (SQP) has been applied to determine the optimum
control actions for maximizing the wind farm power [17]. However, the analytical wind farm power functions are often constructed based on simplified wake models, e.g., the Jensen wake
model [18,19]. Such simple wake models do not accurately reflect
the conditions of a wind farm site or a wind turbine model. To
overcome the limitations of simplified wind farm power functions,
Gebraad et al. [14] has used high-fidelity Computational Fluid
Dynamics (CFD) simulation to construct the parametric wind farm
power function. The constructed wind farm power function is then
used to derive the optimal yaw-offset angles of wind turbines.
However, a CFD model itself requires the specification of a large
number of parameters representing the environmental and wind
turbine conditions. To avoid the use of the wind farm power functions, data-driven optimization methods have been proposed. For
example, game-theoretic search algorithm [5], gradient ascent
type algorithm [20], maximum power point tracking methods
[21,6], and simultaneous perturbation stochastic approximation
method [22] have been employed to maximize the total wind farm
power production. One issue for the data-driven approaches is that
they often require a large number of measurement data to reach an
optimum.
Recently, efforts have been made to optimize a target system
using scarce data by exploiting the expressivity of nonparametric regression model. For example, Bayesian Optimization
(BO) iteratively approximates the input and the output relationship of a target system using Gaussian Process (GP) regression
and uses the probabilistically approximated target function to find
the inputs that improve the target values [23,24]. Because BO uses
the nonparametric GP regression that does not rely on a specific
type of basis function, it can model complex relationship between
the input and output of the target system using a smaller number
of data points when comparing to search based algorithms. However, BO with the conventional sampling strategies still requires
a large number of data points over a large input space of the target
system in order to reach the optimal operational conditions.
Because sampling the target values is associated with cost (time,
energy, etc.) or loss (reduction in a target value), it is difficult to
deploy conventional sampling strategies of BO for real-time control
applications. We have developed the Bayesian Ascent (BA) algorithm that combines the strengths of the BO and gradient-free trust
region algorithms to minimize the number of sampling points as
well as ensure sequential improvements in the target value of
the objective function at each iterative step [25]. BA is built upon
the BO framework so that the target function can be efficiently
modelled using GP regression with a small number of data points.
Furthermore, BA adapts the strategy of regulating the optimization
scope, as used in the Trust Region method, into a BO framework to
select the sampling point that can monotonically increase a target
value. Due to the use of trust region constraint on the sampling

procedure, BA tends to increase the target value at each iterative
step during the optimization, rapidly converging toward near the
optimum.
This study investigates the feasibility of using the BA algorithm
developed in our previous study [25] to determine the optimum
coordinated control actions of wind turbines using only the input
and the power output data. To emulate procedure of executing
the control actions and observing response, we use the analytical
wind farm power function derived in our previous study [17]. For
the BA algorithm to be used for real time wind farm control, the
algorithm should scale up favorably to optimize the control actions
of a large number of wind turbines without incurring an excessive
number of iterations. In addition, the algorithm should be able to
perform well even with noisy measurement data. To evaluate the
performance of the BA algorithm, we conduct parametric studies
with varying wind conditions and the number of wind turbines.
For various cases, the effectiveness of the BA algorithm is evaluated
in terms of its convergence rate and the gap between the converged value and the theoretical maximum computed by mathematical approach (i.e., SQP algorithm). In addition, we compare
the wind farm power efficiencies between the greedy and cooperative control strategies under different wind conditions for different wind farm configurations.
This paper is organized as follows: First, the analytical wind
farm power function employed in this study is described. The
cooperative wind farm control problem is then formulated using
the analytically derived wind farm power function. The BA algorithm, which is employed to solve the cooperative wind farm control problem in this study, is discussed. Parametric studies of using
the BA algorithm for the cooperative wind farm control problem
are presented. The paper concludes with a summary and a discussion on future works.
2. Wind farm power function
For a wind farm, the total power production is simply an aggregation of the powers produced by the wind turbines in the wind
farm. However, because of wake interference, the operational condition of a wind turbine can influence the power productions of
other wind turbines. In this section, we briefly review the wind turbine power function, derived in our previous study [17], that can
take into consideration of the control actions of the other wind turbines in a wind farm.
2.1. Effect of yaw offset angle on the power of a single wind turbine
Based on the actuator disk theory in aerodynamics, the power of
a wind turbine due to a wind flow with wind speed U can be
expressed as [26]:

P¼

1
qAU 3 C P ða; oÞ
2

ð1Þ

where q is the air density and A is the rotor area. C P ða; oÞ is termed
the power coefficient, which is expressed as [26]:

C P ða; oÞ ¼

P

qAU 3 =2

¼ 4aðcos ðboÞ  aÞ2

ð2Þ

where, as shown in Fig. 1, o denotes the yaw offset angle between
the wind direction and the wind turbine rotor, and
a ¼ ðU cos ðoÞ  U R Þ=U is the induction factor representing the ratio
between the wind speed change across the rotor ðU cos ðoÞ  U R Þ
and the free stream wind speed U. The induction factor a can be
controlled by the blade pitch angle and the generator torque to
maximize or regulate the power produced by the wind turbine. A
parameter b is introduced to the yaw offset angle o so that Eq. (2)
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2.3. Effect of yaw offset angle on wake trajectory
As the wake is generated from the upstream wind turbine, its
influence on the downstream wind turbine is determined by the
relative distance between the wake and the rotor of the downstream wind turbine. As shown in Fig. 3, the separation between
the wake by upstream wind turbine j and the rotor of downstream
wind turbine i can be described by the downstream wake inter distance dij and the radial wake inter distance r ij .
Given the wind direction hW and the locations of the two wind


turbines i and j, denoted by li ¼ ðxi ; yi Þ and lj ¼ xj ; yj as shown in
Fig. 3(a), the downstream wake inter distance dij can be determined as

Fig. 1. Actuator disk theory with yawed rotor.

can be fitted to the power curves that have been constructed for different wind turbine models using experimental or simulation data
[17].
2.2. Continuous wake model
As the free stream wind flows through a wind turbine, the wind
speed uðd; r; aÞ at the downstream wake distance d and the radial
wake distance r in the wake formed behind the wind turbine with
an induction factor of a can be expressed as [18]:

uðd; r; aÞ ¼ ð1  duðd; r; aÞÞU

ð3Þ

where duðd; r; aÞ is the wind speed deficit term quantifying the
reduction of the wind speed inside a wake. We treat the deficit factor duðd; r; aÞ as a continuous function expressed as [17]:


duðd; r; aÞ ¼ 2a

2

R0
R0 þ jd


exp 

2 !

r
R0 þ jd

ð4Þ

where R0 is the rotor radius, and j is the wake expansion coefficient
that depends on the surface roughness of a wind farm site. Fig. 2
shows the wind speed profile described by Eqs. (3) and (4). As
shown in the figure, the wind speed recovers (i.e., the deficit factor
decreases) as the downstream distance d and the radial wake distance r increase.
As noted, the yaw-offset angle o of the upstream wind turbine
affects the wake intensity behind the wind turbine. Because of
the offset angle, the yawed rotor disk extracts less energy from
wind flow. To incorporate the yaw offset angle o, the deficit factor
in Eq. (4) is modified as [17]:

2

2 !
R0
r
duðd; r; a; oÞ ¼ 2a cos ðcoÞ
exp 
R0 þ jd
R0 þ jd


ð5Þ

where a parameter c is introduced to control the sensitivity of the
yaw offset angle o on the deficit factor du.



dij ¼ li  lj 2 cosðjhij  hW jÞ

ð6Þ



where li  lj 2 and hij are, respectively, the inter distance and the
angle between the two wind turbines i and j. As shown in Fig. 3
(c), the radial wake inter distance r ij is determined by three factors;
namely (1) the relative locations of the wind turbines (as the downstream wake inter distance dij does), (2) the rotation of the rotor,
and (3) the yaw offset angle of the upstream wind turbine. We
denote the radial wake inter distances due to the relative locations
of the wind turbines, the rotor rotation, and the yaw offset angle,
respectively as r lij ; r rij and r oij . The radial wake inter distance r ij can
be computed as [17]



rij ¼ r lij þ r rij þ r oij sign hij  hW

ð7Þ

where



rlij ¼ li  lj 2 sinðjhij  hW jÞ

ð8aÞ



rrij ¼ wdij ¼ wli  lj 2 cosðjhij  hW jÞ

ð8bÞ

Z
roij ¼

dij

tan ðnðxÞÞdx

0


 



e T oj ; aj
e T oj ; aj 15 1 þ 2mx 4 þ C
C
D


5
2mx
1 þ 2Dmx
D

x¼dij

ð8cÞ
x¼0



 
 
e T oj ; aj ¼ ð1=2Þ cos2 oj sin oj 4aj ð1  aj Þ. The parameter w
with C
is introduced in Eq. (8b) to represent the slope of the skewed wake
trajectory, and the parameter m in Eq. (8c) represents the sensitivity
of the wake deflection by the yaw offset angle oj . The term


sign hij  hW is used to indicate the direction of r oij since, as shown
in Fig. 3(c), the yaw-offset angle can increase or decrease the radial
wake distance depending on the relative locations of the wind turbines and the wind direction.

Fig. 2. Continuous wake model [17].
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(a)

(c)

(b)

and

Fig. 3. Effect of yaw offset angle on the wake inter distances, dij and r ij [17].

2.4. Effect of wake influence on downstream wind turbines
With the wake model and the wind trajectory, wind speed profile inside a wake can be constructed. Fig. 4 depicts the wind speed
profile uðd; rÞ on the rotor of the downstream wind turbine i due to
wake influence from an upstream wind turbine j. To obtain the
 ij on the rotor disk of the downstream wind
averaged wind speed u
turbine i, we equate the momentum acting on the rotor disk due to
 ij and the momentum acting on the
the averaged wind speed u
same rotor disk due to the varying wind speed uij ðd; rÞ, i.e.,
R
 ij Arotor ¼ A uij ðd; rÞdArotor where Arotor ¼ pR20 is the rotor area.
u
rotor
 ij can be derived using conserTherefore, the average wind speed u
vation of momentum as



1
 ij aj ; oj ; U; hW ¼
u
pR20

Z



uij d; r; aj ; oj ; U; hW dArotor

ð9Þ

Arotor

 ij of the wind turbine i due to the
In Eq. (9), the average wind speed u

Fig. 5. Influence of wakes from upstream wind turbines on downstream wind
turbine i [17].

W

wind turbine j, given the wind speed U and the wind direction h , is
explicitly expressed as a function of the control actions, aj and oj , of
the upstream wind turbine j.
The averaged deficit factor for the downstream wind turbine i
affected by the upstream wind turbine j can be computed as





 ij aj ; oj ; hW ¼ 1  u
ij aj ; oj ; U; hW =U
du

ð10Þ

(a) Wind speed profile in the global polar coordinate

As shown in Fig. 5, the continuous wake model has the wake width
expanding indefinitely. Therefore, all the upstream wind turbines
affect the downstream wind turbine i. To take into account the multiple wakes formed by multiple upstream wind turbines, the aggre i ða; o; hW Þ for wind turbine i is computed as
gated deficit factor du
[17]:

(b) Wind speed profile on the local polar coordinate

Fig. 4. Wind speed profile experienced by the downstream wind turbine i inside the wake formed by the upstream wind turbine j [17].
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XN  
2
 i ða; o; hW Þ ¼
 ij aj ; oj ; hW
du
du
j¼1

ð11Þ

 i ða; o; hW Þ for wind turbine i
That is, the aggregated deficit factor du
is expressed as a continuous function of the induction factor vector
a ¼ ðai ; . . . ; aN Þ and the yaw-offset angle vector o ¼ ðoi ; . . . ; oN Þ for
the N wind turbines in a wind farm.
Finally, given the wind condition ðU; hW Þ, the averaged wind
 i experienced by the downstream wind turbine i can be
speed u
expressed as



 i a; o; U; hW ¼ Uð1  du
 i ða; o; hW ÞÞ
u

ð12Þ

Furthermore, using Eq. (1), the power of the ith wind turbine can
now be expressed as a function of the control actions a and o for
the N wind turbines as


 1
 3i ðai ; oi ; U; hW Þ
Pi a; o; U; hW ¼ qAC P ðai ; oi Þu
2

ð13Þ

Note that the power of the ith wind turbine is influenced by not
only its own yaw-offset angle oi and the induction factor ai , but also
the control actions of other wind turbines, which are represented by
the vectors oi ¼ o n foi g and ai ¼ a n fai g. The total wind farm
power can be computed by summing the power productions of


P
the N wind turbines in the wind farm as Ni¼1 P i a; o; U; hW .

For a non-cooperative game, Nash [28] shows that there exists


an equilibrium point x ¼ x1 ; . . . ; xi ; . . . ; xN , called the Nash equilibrium, satisfying





f i xi ; xi P f i xi ; xi for i ¼ 1; . . . ; N

ð16Þ

In other words, if all agents except agent i hold the Nash equilibrium actions xi , the action of agent i deviated from xi will decrease
its own objective function according to Eq. (14), which is the incentive for all the agents to hold the Nash equilibrium strategy


x ¼ x1 ; . . . ; xi ; . . . ; xN . In wind farm control, the solution of Eq.
(15) is when the induction factor ai ¼ 1=3 and the yaw offset angle
oi ¼ 0
because
these
values
maximize
C P ðai ; oi Þ ¼
4aðcos ðboi Þ  ai Þ2 in the power function of a wind turbine as shown
in Eq. (13) regardless of the control actions ai and oi by the other
wind turbines [26]. Under the greedy control strategy, each wind
turbine sets its rotor perpendicular to the incident wind direction
and controls blade angles or tip speed ratio to set the induction factor to 1/3. The conventional greedy wind farm control strategy
therefore reflects a Nash equilibrium. That is,

 3i ðai ; oi ; U; hW Þ
ð1=2ÞqAC P ðai ¼ 1=3; oi ¼ 0Þu
 3i ðai ; oi ; ;U; hW Þ for i ¼ 1; . . . ; N:
P ð1=2ÞqAC P ðai ; oi Þu
3.2. Cooperative wind turbine control

3. Formulation of wind farm control problem
Using the wind farm power function, different control strategies
can be derived depending on how we model the interactions
among the wind turbines. Game theory has been commonly used
to model the interactions among multiple agents and to derive
the optimum solution strategies [27]. For example, a noncooperative game can be used to model the greedy behavior of
each agent that optimizes its own goal without taking into the consideration the effects of its actions on other agents. On the other
hand, a cooperative game would attempt to model the collaborative relationships among the multiple agents to optimize their
common goal. The wind farm control problem can be formulated
as a non-cooperative game or a cooperative game, depending on
goal-seeking behavior of the wind turbines.
3.1. Non-cooperative wind turbine control
In a non-cooperative game, each agent tries to maximize its
own objective function without considering the objectives of other
agents. Denoting f i ðxÞ as the objective function for agent i and
x ¼ ðx1 ; . . . ; xi ; . . . ; xN Þ as the set of actions for the N agents, the
non-cooperative game can be modelled as

xi ¼ argmaxxi f i ðxÞ ¼ argmaxxi f i ðxi ; xi Þ

ð14Þ

in which the agent i maximizes f i ðxÞ with respect to its own strategy xi regardless of the actions xi ¼ ðx1 ; . . . ; xi1 ; xiþ1 ; . . . ; xN Þ of
other agents. Setting xi ¼ ðai ; oi Þ, the control actions of wind turbine


i, and f i ðxÞ ¼ Pi a; o; U; hW , the power of wind turbine i given free
stream wind speed U and wind direction hW , the conventional wind
turbine control strategy can be expressed as a non-cooperative control problem as

maximize
xi



f i ðxÞ , Pi a; o; U; hW

subject to xl 6 xi 6 xu

ð15Þ

where xl and xu are, respectively, the lower and the upper bounds
on the wind turbine control actions for wind turbine i. The constraints on the possible control actions can be determined by the
specification of wind turbine control system.

In a cooperative game, all agents cooperate to maximize the
common goal by taking the interactions among the agents into
account. Specifically, all agents cooperate to maximize a weighted
PN
sum
i¼1 ui f i ðxÞ of N individual objective functions f i ðxÞ for
i ¼ 1; . . . ; N, where ui represents the weighting coefficient on the
objective function f i ðxÞ. The optimal control actions x can be
determined by solving a multi-dimensional (vector) optimization
problem as [29]
N
X
x ¼ argmax ui f i ðxÞ;
x

ui > 0

ð17Þ

i¼1

Setting x ¼ ðx1 ; . . . ; xi ; . . . ; xN Þ, where xi ¼ ðai ; oi Þ denotes the control
actions for wind turbine i, and weighing the power of each wind
turbine equally with ui ¼ 1 for i ¼ 1; . . . ; N in Eq. (17), the wind
farm power maximization problem for given wind speed U and
wind direction hW can be formulated as

maximize f ðxÞ ,
x

N
X


Pi a; o; U; hW
i¼1

ð18Þ

subject to xl 6 x 6 xu
where xl and xu are, respectively, the lower and the upper bounds
on the wind turbine control actions for the N wind turbines, and
the inequalities are taken as component-wise. As discussed, the


wind turbine power function Pi a; o; U; hW is a function of the wake
model and wind trajectory, which needs to be calibrated with
experimental or simulation data. In Eqs. (2), (4), (5), (8b) and (8c),
parameters b; j; c; w and m are introduced to calibrate the model
with wind speed data. In this study, the parameters are determined
by using the wind speed and the power production data simulated
using a high-fidelity CFD tool, the SOWFA Super-Controller, developed by the researchers at the National Renewable Energy Laboratory and Delft University of Technology [30].


With the power function Pi a; o; U; hW being explicitly defined,
mathematical optimization schemes, such as sequential quadratic
programming (SQP), can be employed to solve the wind farm
power maximization problem as posed in Eq. (18) [17]. In this
paper, the optimal solution of Eq. (18) obtained using SQP will be
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used as a reference to evaluate the performance of the data-driven
approach using only the input and the power output data
computed using the wind farm power function.
4. Bayesian Ascent algorithm
In the previous section, the wind farm control problem is formulated using an analytically derived wind farm power function.
However, constructing such analytical wind farm power function
is often challenging, in that for a wind farm, we need to characterize the wind field, the wind turbine blades, the generators, and the
interactions among the wind turbines through wakes. Furthermore, uncertainties in both the wind flow and the power function
of a wind turbine make it difficult to derive a precise analytical
wind farm power model. As an alternative, a model-free, datadriven control approach can be applied to derive the optimum
operational conditions of a target wind farm. For real-time, datadriven control, it is imperative that the control algorithm is able
to improve the target value rapidly using a few measurement data.
To achieve this goal, the BA algorithm is developed by incorporating into the BO framework strategies to regulate the search
domain, analogues to a trust region in mathematical optimization
[25]. The following briefly describes the BO framework and the
sampling strategy for the BA algorithm.
4.1. Bayesian optimization
BO seeks to solve x ¼ arg maxx f ðxÞ by iteratively choosing the
input x ¼ ðx1 ; . . . ; xi ; . . . ; xm Þ, where m denotes the dimension of the
input x, and observing the corresponding noisy response
y ¼ f ðxÞ þ , where  represents the noise that is assumed to follow
a Gaussian distribution [23,24]. The function f ðxÞ, whose analytical
expression is unknown, represents the model of the target system.
To construct the regression model for the unknown target function
f ðxÞ and maximize it at the same time, each iteration of BO consists
of two phases, namely learning and optimization. At the nth iteration of BO, input data x1:n ¼ fx1 ; . . . ; xn g and the observed output
data y1:n ¼ fy1 ; . . . ; yn g are given.
In the learning phase for the nth iteration of BO, using the collected input data x1:n ¼ fx1 ; . . . ; xn g and the observed output data
y1:n ¼ fy1 ; . . . ; yn g, the unknown objective function f ðxÞ is modelled
using a Gaussian Process (GP) regression. In GP regression, the
1

n

unknown function values f 1:n ¼ ff ; . . . ; f g are treated as the latent
random variables, which are inferred from the observed (noisy)


response
y1:n ¼ fy1 ; . . . ; yn g.
Given
the
prior
p f 1:n ¼
 1:n 1:n 
¼ Nðf 1:n ; r2 IÞ, where
GPðmðÞ; kð; ÞÞ and the likelihood p y jf
the noise variance r2 quantifies the level of noise assumed to exist
in the observed output response, the value f ¼ f ðxÞ of the target
function for the unseen input x and the observed outputs
y1:n ¼ fy1 ; . . . ; yn g are modelled to follow a multivariate Gaussian
distribution [31]:

"

y1:n
f

#

"
 N 0;

K þ r2 I
T

k

k
kðx; xÞ

#!
ð19Þ

where K is the covariance matrix (kernel matrix) whose ði; jÞth entry
 




T
is Kij ¼ k xi ; x j , and k ¼ k x1 ; x ; . . . ; kðxn ; xÞ . The value of the
 i j
covariance function k x ; x quantifies the similarity between the
two inputs xi and x j ; the more the two inputs differ, the closer
the value of the covariance becomes zero, meaning that they are
not correlated in terms of their function values. The noise variance
r2 in Eq. (19) is introduced to quantify the level of noise in the
observed response y1:n ¼ fy1 ; . . . ; yn g.

We use a squared exponential covariance function whose evaluation between two inputs xi and x j is expressed as [32]:





T


1
k xi ; x j ¼ r2s exp  xi  x j diagðkÞ2 xi  x j
2

ð20Þ

which is described by the hyperparameters rs and k. The term r2s is
referred to as the signal variance that quantifies the overall magnitude
of
the
covariance
value.
The
hyperparameters
k ¼ ðk1 ; . . . ; ki ; . . . ; km Þ is referred to as the characteristic length
scales to quantify the relevancy of the components in x for predicting the response y. A large length scale ki indicates weak relevance,
while a small length scale ki implies strong relevance of the corresponding input feature xi .
The noise standard deviation is often treated together with rs
and k as hyperparameters, i.e., h ¼ frs ; k; r g. The optimum values
h ¼ rs ; k ; r for the hyperparameters are determined by maximizing the (marginal) log-likelihood of the training data as



h ¼ argmax log p y1:n ;

ð21Þ

h



where the marginal likelihood of the data p y1:n is computed as
R  1:n 1:n   1:n  1:n
p f
df . With the optimized hyperparameters
p y jf
h ¼ rs ; k ; r , the posterior distribution on the response
f ¼ f ðxÞ for an unseen input x given the historical data


Dn ¼ xi ; yi ji ¼ 1; . . . ; n can be expressed as an 1-D Gaussian dis

tribution f  N lðxjDn Þ; r2 ðxjDn Þ with the mean and variance
functions expressed, respectively, as (Rasmussen and Williams,
2006):
1

lðxjDn Þ ¼ kT ðK þ r2 IÞ y1:n

ð22Þ
1

r2 ðxjDn Þ ¼ kðx; xÞ  kT ðK þ r2 IÞ k

ð23Þ

Here, lðxjD Þ and r ðxjD Þ are used as the functions for evaluating,
respectively, the mean and the variance of the hidden function output f corresponding to the unseen input data x.
In the optimization phase for the nth iteration of BO, the GP
mean function lðxjDn Þ and the variance function r2 ðxjDn Þ, which
describe the distribution of the function value f ¼ f ðxÞ at an unobserved variable x at the nth iteration, can be used to select the next
input xnþ1 in order to learn more about the target function as well
as to improve the target value at the same time. In general, the next
sampling point is being selected as one maximizing an acquisition
function that incorporates both the aspects of exploration and the
exploitation. For example, Mockus et al. [33] proposed a method of
selecting the next input based on maximizing the expected
improvement (EI) acquisition function as
n

2

n

xnþ1 ¼ arg max EIðxÞ , E½max 0; f  f
x

max

jDn

ð24Þ

max

where max 0; f  f
is the improvement toward the maximum
power
output
compared
with
the
maximum
power
max
¼ maxfx2x1:n g lðxjDn Þ. The expected value of this improvement
f
is analytically derived [33]. The expected improvement function
EIðxÞ has a higher value when either the mean or the variance is
large. Therefore, by selecting x that maximizes EIðxÞ, we can obtain
either the improved objective function value (exploitation) or the
updated objective function with reduced uncertainty (exploration)
at that point.
4.2. Bayesian Ascent algorithm
The BO algorithm can effectively optimize a target function
using a limited number of sampled data points from a target system. However, two issues arise when the BO algorithm is used to
control a physical system: (1) the difference between two succes-
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sive inputs can be large, and (2) the inputs are often chosen from
the region where the uncertainty is large. In general, the control
actions, i.e., the input, cannot be changed abruptly in a physical
system and the actions chosen from a highly uncertain input space
can result in significantly inferior target value. To tailor the BO
algorithm for real time control applications, the Bayesian Ascent
(BA) algorithm imposes a proximity constraint to Eq. (24) such that

max 
the next solution xnþ1 is chosen near the best solution xmax ; f
observed so far [25]. The strategy employed in the BA algorithm
is similar to imposing a trust region constraint in mathematical
optimization [34]. Additionally, the BA algorithm strategically
adjusts the size of the trust region to expedite the rate of convergence to an optimum. In other words, the optimization phase of
the BA algorithm is posed as a constrained optimization problem
described as [25]:

maximize E½max 0; f ðxÞ  f

max

x

jDn
ð25Þ

subject to xl 6 x 6 xu
x 2 T , xj kxi 

xmax
k2
i

< si for i ¼ 1; . . . ; m

The trust region T is defined as a hypercube with its center being
max
within the historxmax that produces the maximum target value f
ical data Dn ; the ith component si of s ¼ ðs1 ; . . . ; si ; . . . ; sm Þ determines the range where the ith component xi of x ¼ ðx1 ; . . . ; xi ; . . . ; xm Þ is
being sampled next. Thus, the vector s controls the overall size of
the hypercube trust region where the exploration takes place. Furthermore, the size of the trust region is adjusted by scaling s during
the iterations of BA. Imposing a trust region and adjusting its size
are to ensure a monotonic increase in the target value and gradual
convergence to an optimum with a high probability.
Algorithm 1 summarizes the BA algorithm [25]. Initially, the BA
algorithm takes input x1 and obtains the corresponding observation y1 from the target function. At each iterative step, the BA algorithm attempts to find the next input that can incrementally
improve the target function value comparing to the maximum
max
function value f
identified so far. For the wind farm control
application, the conventional greedy control actions can be used
as the initial input x1 , and the measured wind farm power production corresponding to x1 becomes the initial observation y1 .
Algorithm 1. Bayesian Ascent (BA) algorithm.
Choose x1 and s1 (initial trust region size) and observe y1
Repeat until convergence, n ¼ 1; 2; 3 . . .
1) Optimize the hyperparameters


h ¼ argmax log p y1:n
h

2) Construct a GP model


lðxjDn Þ ¼ kT K þ r2 I 1 y1:n


r2 ðxjDn Þ ¼ kðx; xÞ  kT K þ r2 I 1 k
3) Select the next input by solving
max
jDn
xnþ1 ¼ arg max E½max 0; f ðxÞ  f
x2A\T

where A :¼ xjxl 6 x 6 xu
k < sni for i ¼ 1; . . . ; m
T :¼ xjkxi  xmax
i


nþ1
4) Append the data D
¼ xi ; yi j i ¼ 1; . . . ; n þ 1
5) Update the size of trust region
max
max
P cð1=nÞðf
 y1 Þ then
if ynþ1  f
snþ1 ¼ bsn ; ðb > 1Þ
else
snþ1 ¼ s1
end if
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5. Numerical simulation
The performance of the BA algorithm is investigated by applying it to the cooperative control problem in Eq. (18) with different
wind farm configurations and wind conditions. Specifically, the
scalability of the BA algorithm is investigated to study whether
the BA algorithm can determine the control actions for a large
number of wind turbines. In addition, the sensitivity of the BA
algorithm to the noise level is studied to investigate whether the
BA algorithm can optimize the target value using noisy measurements from the target system. While investigating the feasibility
of the BA algorithm, the effectiveness of the cooperative control
strategy is also studied by comparing the improvements in the
total wind farm power over the greedy control strategy.
To evaluate the optimal cooperative wind farm control problem,
we first define the wind farm power efficiency function as

f ðxÞ ,

N


1X
g a; o; hW
N i¼1 i

ð26Þ

where x ¼ ða1 ; o1 ; . . . ; aN ; oN Þ represents the control input for all the


wind turbines in a wind farm. The term gi a; o; hW ¼


Pi a; o; U; hW =P  ðU Þ is the power efficiency for wind turbine i, with
P ðU Þ ¼ ð1=2ÞqAU 3 representing the maximum power that can be
produced by a wind turbine when there is no wake interference.


With the normalization, the power efficiency gi a; o; hW does not
depend on the wind speed U. Under the free stream wind flow
direction hW , the wind farm power efficiency function f ðxÞ serves
as the target function for the BA algorithm with the control variable
x ¼ ða1 ; o1 ; . . . ; aN ; oN Þ representing the control actions, i.e., the
induction factor and the yaw-offset angles, of the N wind turbines.
The goal is then to find the optimum wind turbine control actions


x ¼ a1 ; o1 ; ; . . . ; aN ; oN by executing the least number of trial
actions and observing the corresponding function outputs.
Fig. 6 shows the procedure of the BA algorithm. In the learning
phase, the target function f ðxÞ is modelled by Gaussian Process


(GP) regression using the historical data Dn ¼ x1 ; y1 ; . . . ;
n
n
n
ðx ; y Þg where x is the chosen trial actions at the ðn  1Þth iteration and yn is the observed (noisy) wind farm power output corresponding to xn . In the learning phase, the hyperparameters for the
kernel function and the noise variance are optimized, and the pos

terior distribution on f  N lðxjDn Þ; r2 ðxjDn Þ is updated. In optimization phase, the next trial action xnþ1 is determined by solving


Eq. (25). The noisy function value ynþ1 ¼ f xnþ1 þ , with

  Nð0; r2 Þ,

corresponding to the new trial action xnþ1 will then
be obtained and used to update the GP regression model for the
target function f ðxÞ in the next iteration. We consider different
noise levels, i.e., the noise variance r2 , to study the sensitivity of
the BA algorithm. To initiate the optimization process, we use
the greedy control actions, i.e., x1 ¼ ða1 ; o1 ; . . . ; aN ; oN Þ with
ai ¼ 1=3 and oi ¼ 0 for i ¼ 1; . . . ; N, as an initial step. To measure
the performance of the BA algorithm for the wind farm control
problem, the primary interest is on the number of trial control
actions, i.e., learning and observation iterations, before converging
to the optimal values. In general, the computation time for each
iteration of the BA algorithm takes less than a couple of seconds.
However, controlling physical system require significant amount
of time to realize the effect of the control actions on the performance of the target wind farm. Therefore, the durations for training GP regression and optimizing the acquisition function rarely
affect the overall convergence time. The objective is to have the
least number of trial iterations to reach the optimum control
actions.
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Fig. 6. Bayesian optimization for wind farm power maximization problem.

We conduct three parametric studies employing the BA algorithm to the wind farm control problems that are constructed by
varying (1) number of wind turbines in a wake chain, (2) the
inter-distance between the wind turbines, and (3) the wind direction. The configuration of the wind farm and the target parameters
are shown in Fig. 7. By studying the influences of these parameters
on the performance of the BA algorithm and the cooperative control strategy, we can gain insight into how the cooperative control
approach using the BA algorithm would perform in different
situations.
5.1. Effects due to number of wind turbines in a wake chain
For different number N of wind turbines ranging from 2 to 5,
Fig. 8 shows the improvement in the total wind farm power efficiency with the iterations of the BA algorithm. For each case, a total
of 100 optimizations using the BA algorithm are conducted. For
each simulation, noise is included in the response evaluation, i.e.,
y ¼ f ðxÞ þ  with   Nð0; r2 Þ. Since the power efficiency function
f ðxÞ varies between 0.5–0.8, we set r ¼ 0:003, which is about 1%
of the total range of the target function. For each optimization,
the greedy control actions of the wind turbines are used as the initial control actions for the BA algorithm. The wind farm power efficiency for the greedy control strategy is computed using Eq. (26).
In spite of using the same initial control actions, the 100 trajectories of the wind farm power efficiency are all different due to the
stochastic nature of the BA algorithm. The overall improvement
trend representing the mean of 100 trajectories is plotted as shown
in Fig. 8 for different number of wind turbines in the wind farm. In
addition, the distribution of the 100 wind farm power efficiency
values at each iteration is represented as the histogram overlaying
the mean curve. Fig. 8 also includes the analytical maximum of the

wind farm power efficiency that is computed using sequential convex programming [17]. The analytical maximum serves as the
upper bound to quantify the optimality of the solution determined
by the BA algorithm. The gap between the efficiencies computed by
the mathematical programming and the BA algorithms represents
the effectiveness of the BA algorithm. For comparison purpose,
Fig. 8 also shows the mean value over 100 trajectories of wind farm
power efficiency obtained by conventional BO algorithm with the
EI acquisition function for each arrangement of the wind turbines.
It can be seen that the BA algorithm reaches the optimum much
faster than the BO algorithm without having the trust region constraint. Furthermore, the conventional BO algorithm fluctuates a
lot in the initial steps when the algorithm searches for the optimal
target values.
The trends observed from Fig. 8 are summarized as follows:
 BA increases the wind farm power efficiency almost monotonically without executing any trial actions that would produce the
wind farm power efficiency inferior to that of the greedy control
(initial action point). The monotonic increase in the wind farm
power efficiency is due to the use of trust region (proximity)
constraint that only allows sampling the next input near the
best solution observed so far. The effect of the trust region constraint can be clearly observed when comparing the efficiency
trajectories by the BA algorithm to those by the BO algorithm
(with EI acquisition function but without the proximity
constraint).
 As the number of wind turbines increases, the initial wind farm
power efficiency, which corresponds to the greedy control strategy, decreases due to the increased level of wake interference.
On the other hand, the improvement in the wind farm power
efficiency by the cooperative control approach increases. This

Fig. 7. Numerical simulation of BA algorithm considering N – the number of wind turbines in a wake chain, d – the inter-distance between wind turbines, and hW – the wind
direction.
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Fig. 8. Trajectories of wind farm power efficiency by BA for different numbers of wind turbines.

result implies that the cooperative control can significantly
increase the total power production of a wind farm as the number of wind turbines increases.
 As the number of wind turbines increases, the number of iterations (function evaluations) also increases for the BA algorithm
to converge. This is because a larger number of data points are
usually needed to fit the GP regression model to the high
dimensional target function.
 The optimal wind farm power efficiency obtained by the BA
algorithm approaches the analytical maximum found using
sequential convex programming even when noises are added
to the response function values.

more, the convergence rate for the BA algorithm does not seem
to be affected by the inter distance separating the wind turbines.
 The wind farm power efficiency is the smallest when the inter
distance d ¼ 5D. As the inter distance d increases, the initial
wind farm power efficiency increases because the wind speed
is recovered as the wake propagates longer distance d before
reaching the downstream wind turbine.
 The improvement in the wind farm power efficiency achievable
by the cooperative control decreases with the increase in the
inter distance d. This result indicates that cooperative control
is more effective for a wind farm when wind turbines are closely located.

5.2. Effects due to inter distance between wind turbines

5.3. Effects due to wind directions

The inter distance between the wind turbines also affects significantly the wind farm power efficiency. As the downstream wind
turbine is located further away from the upstream wind turbine,
the downstream wind turbine experiences less intensified wake
and, thus, produces more power. To study how the inter distance
d affects the efficiency of the cooperative control strategy and
the BA algorithm, we vary the inter distance d from 5D to 11D with
the increments of 2D, and employ the BA algorithm to optimize
their coordinated control actions. A total of five wind turbines
(N ¼ 5Þ are considered for this parametric study with the wind
direction perfectly aligning with the linear wind turbine array
(hW ¼ 0 ). Fig. 9 compares the trajectories of the wind farm power
efficiency by the BA algorithm for different inter distances d.
The trends observed from Fig. 9 can be summarized as follows:

Given the configuration of the wind turbines, wind direction
can strongly affect the overall wind farm power efficiency. For different wind directions, hW ¼ 0 ; 3 ; 6 and 9 , Fig. 10 shows the
improvement in the wind farm power efficiency obtained using
the BA algorithm. For the simulations, 5 wind turbines (N ¼ 5Þ,
separated by the inter distance d ¼ 7D, are considered.
The trends observed from Fig. 10 are summarized as follows:

 Similar to the previous example, the BA algorithm effectively
increases the wind farm power efficiency for all cases. Further-

 For each case, starting from the greedy control actions, the BA
algorithm always improves the wind farm power efficiency
regardless of the wind directions. The convergence rate of the
BA algorithm does not seem to be affected much by the wind
direction.
 The initial wind farm power efficiency is the lowest when the
wind direction hW ¼ 0 where the wake formed by the upstream
wind turbines completely covers the downstream wind
turbines. As the wind direction shifts, the initial wind farm
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Fig. 9. Trajectories of wind farm power efficiency by BA for different inter distances.

Fig. 10. Trajectories of wind farm power efficiency by BA for different wind directions.
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power efficiency increases because the wake formed by the
upstream wind turbine moves away from the wind turbine
array. When the incident wind direction is offsetted at an 9
angle, the greedy control strategy already produces the wind
farm power efficiency comparable to the analytical maximum
even before executing the cooperative control approach.
 When the wind direction hW ¼ 0 , the improvement in the wind
farm power efficiency achieved by the cooperative control with
the BA algorithm is the largest. However, as the wind direction
shifts, the improvement decreases because the level of wake
interference is lessen. This result indicates that the cooperative
control strategy is beneficial when the wind direction is aligned
to the wind turbine layout.
6. Decentralized wind farm control
From the simulation studies, we observe that the number of
trial actions increases with the number of wind turbines in a target
wind farm because the GP regression needs more data points as the
dimension of the target function increases. Nonetheless, the number of iterations remains relatively moderate when comparing to
search-based optimization algorithm in which the number of iterations typically increases exponentially as the number of wind turbine increases. On the other hand, the parametric studies reveal
that the cooperative control strategy is especially effective when
the direction of wind flow aligns with the wind turbine array, in
which the wake is localized to the wind turbines that align in a single wake chain. These observations motivate to study decentralized control that can effectively apply the BA algorithm to
optimize large-scale problem. In the decentralized wind farm control approach, we decompose a wind farm into clusters, each of
which consists of a group of wind turbines. The BA algorithm is
then applied to each cluster to maximize the power production
of the wind turbines in that cluster. Maximizing the power production of each cluster results in the increased total power of a target
wind farm. The objective of applying decentralized control
approach is to optimize the control actions for a large number of
wind turbines without incurring an excessive number of trial
actions. As an example, we will show the example that the BA algorithm with the clustering approach is able to optimize the control
actions for a wind farm with 25 wind turbines using as a small
number of iterations as one required for controlling at most 5 wind
turbines in each cluster.
6.1. Decentralized control strategy
The level of interaction between two wind turbines i and j
because of wake interference can be quantified in terms of the
 ij as shown in Eq. (10). Using the level of
average deficit factor du
interactions defined between every pair of two wind turbines,
many strategies can be used to divide the wind turbines into separate clusters. One strategy is to assign the wind turbines that are
interacting strongly through wakes to the same cluster. For
instance, consider the wind farm layout with 5 by 5 wind turbines
shown in Fig. 11. When the wind approaches in the direction along
the diagonal array of wind turbines, the wind turbines on the diagonal array would interact strongly through wakes. For the wind
farm configuration with 5 by 5 wind turbines as shown in
Fig. 11, we can partition the wind farm into 9 clusters. The BA algorithm is then applied to each cluster to effectively improve the
total wind farm power efficiency. We denote the wind direction
hW ¼ 0 when the wind direction is aligned diagonally with the
wind turbine array. Here, we examine the effects of wind direction
on the performance of the decentralized control strategy.
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The BA algorithm is applied to each cluster following the optimization procedure as described earlier with two minor
modifications:
 The power of each wind turbine is computed using the yaw offset angles o and the induction factors a of all the wind turbines
in a wind farm. The control actions o and a for the wind turbines
in the entire wind farm are obtained by aggregating the control
actions for each cluster determined by the BA algorithm. In
doing so, the interactions among all the wind turbines in a wind
farm are taken into account when computing the power of a
wind turbine.
 The individual error term i  Nð0; r2 Þ is included when computing the power efficiency of wind turbine i as


gi a; o; hW þ i . This reflects the assumption that the error term
associated with measuring the power of each wind turbine is
independent.
In short, the power efficiency for wind turbine i in a cluster is


computed as gi a; o; hW þ i , where o and a denote the control
actions for all the wind turbines in the entire wind farm. On the
other hand, the averaged efficiency in each cluster is used as the
response when executing the BA algorithm on each cluster.

6.2. Simulation results: a wind farm with 25 wind turbines
Fig. 11 shows the increases in the wind farm power efficiency
with the iteration of the BA algorithm for three different wind
directions, hW ¼ 0 ; 3 and 6 . We also vary the level of noise, ranging from r ¼ 0:005 to r ¼ 0:02, to study the influence of the
noise level on the performance of the decentralized control
approach. For each wind direction, a total of 50 optimizations are
conducted for each noise level. The mean values of the 50 optimizations at each iteration step are plotted as shown in the figure.
The following summarizes the observations from the simulation
results:
 When the wind direction is perfectly aligned with the diagonal
wind turbine array, i.e., hW ¼ 0 , as shown in Fig. 11(a), the initial wind farm power efficiency is quite low. When the cooperative control is employed, the wind farm power efficiency
increases significantly. As the direction deviates from hW ¼ 0 ,
the initial wind farm power efficiency increases due to the
reduced level of wake interference and the improvement in
the wind farm power efficiency achieved by the cooperative
control decreases.
 When the noise level is low, the wind farm power efficiency
obtained by decentralized control using the BA algorithm
approaches to the analytical optimum wind farm power efficiency computed using a sequential convex programming (in
a centralized optimization framework). This result implies that
the decentralized control approach is effective when the wake
interference is confined to a small number of wind turbines in
a wind farm.
 As the standard deviation r of the noise term i  Nð0; r2 Þ
increases, the convergence rate becomes slower. Furthermore,
the difference between the converged and analytical efficiencies
becomes larger.
 For each case, the decentralized control approach by the BA
algorithm tends to monotonically increase the total wind farm
power efficiency. The improvements are quite significant
in the initial steps when only a small number of data points
(iterations) are included.
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Fig. 11. Wind farm power efficiency obtained by decentralized wind farm control.

It should be noted that when the wind direction shifts further
away from the direction of wind turbine array, for example,
hW > 6 , the conventional greedy control would be as effective as
the cooperative control strategy because the initial wake interference among wind turbines in each cluster as defined is small. If
the wind direction shifts further away from the diagonal array of
wind turbines, other clustering strategies to partition the wind turbines according to the wake influence patterns would be necessary
to gain further improvement on the power efficiency.

6.3. Simulation results: a wind farm with 100 wind turbines
Decomposition plays a key role in decentralized control. The
decomposing strategy is the core idea behind the decentralized
wind farm control, and the effectiveness of the decentralized wind
farm control strategy depends on the decomposability of the target
wind farm. In general, when the wind direction aligns with the
wind turbine array, the wind farm power can be expressed as
sum of the powers produced by each individual (diagonal) cluster
of wind turbines. In this example scenario, the decentralized wind
farm control strategy is employed to control a wind farm consisting of 100 wind turbines whose configuration is shown in

Fig. 12. The wind direction that is parallel to the diagonal array
of the wind farm is considered. Furthermore, a noise term with
r ¼ 0:005 is assumed. In this case, the wind turbines are clustered
into 19 groups, each of which contains a different number of wind
turbines. Accordingly, 19 BA algorithms run in parallel, each of
which tries to maximize the power produced by the wind turbines
in the given cluster.
Fig. 13 shows the simulation results with the decentralized
wind farm control strategy. Fig. 13(a) shows the variations of the
individual power productions for the100 wind turbines during
the execution of the decentralized wind farm control. As shown
in the figure, while the power productions by some wind turbines
decrease, the power productions by other wind turbines increase.
Decreases in power productions are observed from the upstream
wind turbines, which are located at the upper and right side of
the wind farm. On the other hand, increases in power productions
are observed from the downstream wind turbines. Fig. 13(b) shows
the variations in the average power production for the 19 clusters.
The average power for each cluster increases almost monotonically
with the iteration of the BA algorithm. Each BA algorithm executes
to maximize the sum of the power produced by the wind turbines
in the corresponding cluster, without interference from other BA
algorithms that are executing in parallel for the other clusters of
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7. Discussion

Fig. 12. Configuration of 100 wind turbines.

wind turbines. Finally, Fig. 13(c) shows that the average wind farm
power production also increases almost monotonically with the
execution of the decentralized wind farm control, which demonstrates that the maximization of the power production in each
cluster can lead to improvement in the total power production of
the entire wind farm.

(a) Individual power

Until now, we have assumed that wind condition is fixed during
the BA algorithm. At an actual wind farm site, however, wind condition keeps changing, resulting in different wake interference patterns. To employ the BA algorithm under varying wind conditions,
it is thus required to track the variation of the wind speed and
wind direction of a target wind farm. Based on this information,
two approaches can be employed: (1) executing a set of BA algorithms, making each BA algorithm to maximize the wind farm
power at its designated wind condition, and (2) constructing the
global wind farm power function using wind turbine control and
wind condition variables, and using the model to derive the optimum control actions.
Fig. 14 illustrates the first approach. For each wind condition,
the BA algorithm is employed to find the optimum coordinated
control actions. If wind condition changes, another execution of
the BA algorithm is conducted to find the optimum control actions
for that wind condition. If the same wind condition is revisited, the
BA algorithm is reactivated to start from the last iteration to continue searching for the optimum operational condition. Since the
GP regression model contains the historical data in its model
(non-parametric regression model), the BA algorithm memorizes
the best control actions for its designated wind condition. Thus,
the BA algorithm can be freely interrupted and reinitiated during
the variation of wind condition. Eventually, the operational data
for every possible wind condition would be collected and the BA
algorithms running in parallel will converge to the optimum operational conditions at their designated wind conditions.
The second approach is to treat wind condition, i.e., wind
speed and wind direction, as random variable and to construct

(b) Cluster power

(c) Wind farm power

Fig. 13. Improvements of the wind turbine powers by the decentralized wind farm control (r ¼ 0:005).

Fig. 14. Parallel BA algorithm for varying wind condition.
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GP regression model on the action (wind turbine control inputs)context (wind condition) space. The motivation of this approach
is that, under the same wind turbine control actions, the power
production of wind farm power would be similar when the wind
conditions are also similar. For this approach, the kernel functions
for the wind turbine control action space and for the wind condition space can be constructed separately and combined to form a
generalized kernel function for the paired variables between the
wind turbine control actions and the wind conditions.

8. Summary
To efficiently control a wind farm using only power measurement data, an efficient model-free, data-driven optimization algorithm is studied. A data-driven optimization algorithm identifies
the optimum operational conditions that can maximize the target
wind farm power by iteratively executing the control actions and
observing the corresponding power outputs. For such algorithm
to be useful for real time wind farm control, it is imperative that
the algorithm can increase the target wind farm power output by
using only a small number of iterations. In addition, the algorithm
should be able to efficiently process noisy power measurement
data to infer the behavior of the target wind farm. This study discusses the feasibility of using the BA algorithm, which is developed
for real time, data-driven control applications, as a tool for controlling wind turbines so that the total wind farm power is maximized.
In this paper, simulation studies on the data-driven wind farm
control approach using the BA algorithm are conducted. The power
outputs corresponding to the selected control actions of the wind
turbines are computed using an analytically derived wind farm
power function as if the power outputs were measured from the
target wind farm. To emulate the noise that may exist in actual
measurement data, Gaussian noises are added to the evaluated
function values. Using the analytical wind farm power function,
two wind farm control strategies, namely, the (conventional)
greedy control strategy and the cooperative control strategy are
considered. In greedy control strategy, each wind turbine tries to
maximize its own power production, which in turn results in the
deterioration of the total wind farm power production due to wake
interference. In the cooperative control strategy, all the wind turbines are coordinated to reduce wake interference and, thus,
increase the total wind farm power production. While the solution
for the greedy control problem is analytically identified as Nash
equilibrium, the solution for the cooperative control is iteratively
solved using the BA algorithm. The BA algorithm can rapidly find
a local optimum of a target system using a limited amount of data.
The BA algorithm models the input and output relationships of a
target system by fitting the Gaussian Process (GP) regression to
the measured input and output data. Exploiting the constructed
model function, the BA algorithm then determines the next sampling point that maximizes the expected improvement in the target value. The trust region constraint imposed in the BA
algorithm ensures that the next input is selected from the region
near the best input observed so far, making the target response
increases almost monotonically. In addition, the size of the trust
region is adjusted in each iteration to expedite the convergence
rate. Due to the proposed sampling strategy, The BA algorithm is
able to increase a target value incrementally with gradual changes
in the inputs. The BA algorithm is employed to maximize a set of
wind farm power functions that are constructed to represent the
various wind farm configurations and wind conditions. For different number of wind turbines and different wind directions, the
BA algorithm has been shown to increase the wind farm power
production almost monotonically using a small number of iterations (i.e., function evaluations).

As the dimension (i.e., number of wind turbines) increases, the
data driven approach requires significant number of iterations to
improve on the function. A decentralized wind farm control
approach has been proposed to employ the BA algorithm to optimizing the control actions for wind farm with a large number of
turbines. The decentralized control approach divides the target
wind farm into clusters, each of which consisting of a group of
wind turbines. The total power for the wind turbines in each cluster is maximized using the BA algorithm. The concept of the decentralized control strategy is applied to a 5 by 5 wind farm with 25
wind turbines and a 10 by 10 wind farm with 100 wind turbines.
The results show that by optimizing the power production for each
cluster, the total wind farm power efficiency can be improved
without incurring many iterations. The results show that by optimizing the power production for each cluster, the total wind farm
power efficiency can be improved without incurring many iterations. For the clustering of wind turbines in decentralized control
approach, we assume that the interaction pattern among the wind
turbines does not change. To handle the changes in the wake interference patterns, one approach is to pre-determine the clustering
strategy of wind turbines for every possible wind direction based
on the wake interference pattern predicted by the analytical wake
model or determined in real time using wind farm power monitoring data. The interaction patterns can then be used to identify the
casual relationships among wind turbines and to define the clustering strategy accordingly. Future research on practical clustering
approach for decentralized control of a large number of wind turbines is under investigation. Ongoing research on validating the
cooperative control scheme with scaled wind turbines in wind tunnel utilizing only measurement data (without the wind turbine
power function) is underway. An effective ways to deal with the
varying wind conditions will also be further investigated.
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