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Abstract— This paper describes a data-driven approach for
real-time control of a physical system. Specifically, this paper
focuses on the cooperative wind farm control where the objective
is to maximize the total wind farm power production by using
control actions as an input and measured power as an output.
For real time, data-driven wind farm control, it is imperative
that the optimization algorithm is able to improve a target wind
farm power production by executing as small number of trial
actions as possible using the wind farm power monitoring data.
To achieve this goal, we develop a Bayesian ascent (BA) algorithm
by incorporating into the Bayesian optimization framework a
strategy that regulates the search domain, as used in the trust
region method. The BA algorithm is composed of two iterative
phases, namely, learning and optimization phases. In the learning
phase, the BA algorithm approximates the target function using
Gaussian process regression to fit the measured input and output
of the target system. In the optimization phase, the BA algorithm
determines the next sampling point to learn more about the target
function (exploration) as well as to improve the target value
(exploitation). Specifically, the sampling strategy is designed to
ensure that the input is selected within a trust region to improve
the target value monotonically by gradually changing the input
for a target system. The results from simulation studies using an
analytical wind farm power function and experimental studies
using scaled wind turbines show that the BA algorithm can
achieve an almost monotonic increase in the target value.
Index Terms— Bayesian ascent (BA) algorithm, Bayesian
optimization (BO), cooperative control, data-driven control,
Gaussian process (GP), wind farm control.

I. I NTRODUCTION

I

N A WIND farm, wake generated from upstream wind
turbines can significantly lower the power production of the
downstream wind turbines due to reduced wind speed inside
the wake. The interactions among wind turbines through wakes
have been experimentally studied [1]–[4]. Wake interactions
and their effects among the wind turbines have motivated
researchers to develop cooperative wind farm control strategies
to mitigate the wake interference and, thus, to maximize the
total wind farm power production. Traditionally, an analytical
wind farm power function is constructed and used to formulate
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the optimal control problem to derive the cooperative control
inputs [5]–[8]. However, constructing a wind farm power
function is challenging, in that it requires extensive calibrations
of the wind farm power function for a specific wind turbine
model and a specific wind farm site. As an alternative, datadriven approaches have been proposed to derive the optimum
control actions using only wind farm power measurement data.
For example, the game theoretic search algorithm [9], [10] and
the maximum power-point tracking method have been proposed to determine the optimum control actions using only the
wind farm output data [11], [12]. For a data-driven approach to
be successful, the algorithm should incrementally improve the
target value as rapidly as possible. In this paper, we discuss a
data-driven optimization algorithm that is designed to find the
optimum input by executing a small number of trial actions
and to monotonically improve the target value, so that it can
be used for controlling a physical system, such as a wind farm,
in real time.
Controlling a physical system using the limited data has
been discussed in the context of sequential decision-making
problem that seeks to learn the target system (exploration)
and find the optimum input for the target system (exploitation)
simultaneously. For example, the problem has been discussed
in the context of multi-armed bandit problems, in which maximizing the total payoff is compared with gambler’s choosing
one of a finite number of slot machines with different payoff
distributions; the gambler needs to carefully explore different
slots machines by playing them and optimally choose the
slot machines to play in an attempt to maximize the payoff
simultaneously [13]–[15]. Reinforcement learning based on
Markov decision processes is also variations of the bandit
problems, in that they search the optimum decision/control
policy by simultaneously learning and optimizing the objective
function (i.e., payoff or reward). Such methods in general
require a large number of sampling points to exhaustively
explore the input space and, thus, to reach the optimum [16].
By making assumption about the structure of a target function, i.e., representing the target function using some basis
functions, the optimum can be more effectively searched.
For example, Bayesian optimization (BO) puts prior on a
target function using Gaussian process (GP) to describe the
overall structure (smoothness) of the target function. The
BO algorithm iteratively approximates the input and the output
relationship of a target system using GP regression and uses
the learned model to determine the inputs that improve the
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target values [17]–[20]. Although exploiting the structure
of a target function reduces the search space, the searchbased optimization still requires significant samplings before
reaching the optimum. The amount of samplings or trials by
search-based algorithms hinders their use for real-time control
applications.
Derivative-free optimization methods have been developed to optimize an analytical function, whose gradient
or Hessian evaluations are not available or expensive to
compute. One particular example is the gradient-free trust
region method, employed in optimization codes, such as
UOBYQA [21], NEWOUA [22], STRONG [23], Booster [24],
and ORBIT [25]. The concepts and the performances of
various derivative-free optimization methods are compared
in [26]. These methods sequentially construct a local function,
i.e., a quadratic function [21]–[23] or a radial basis function [24], [25], to approximate the target function using the
sampled inputs and the corresponding function values and
optimize the approximated local function (surrogate model)
to determine the next input. In optimizing the local surrogate
model, a trust region is imposed in the scope of the next
available solution to make sure that the approximation is close
enough to the true function and the next input improves the
target function value. Although gradient-free methods require
a large amount of input and output data to fit a local surrogate
model to the target function at every iteration, the trust region
concept helps achieve a monotonic increase in the target value,
which is a desirable characteristic in optimizing a physical
system.
In this paper, we develop what we call a Bayesian
ascent (BA) algorithm that combines the strengths of
the BO and gradient-free trust region algorithms. The
BA algorithm is built upon the BO framework, so that the
target function can be efficiently modeled using GP with
a small number of data points. Furthermore, the algorithm
incorporates into a BO framework a strategy that regulates
the search domain, as used in the trust region method. Due
to the use of the trust region constraint in the sampling
procedure, BA tends to increase the target value monotonically
by gradually changing the inputs of the target system. The
monotonic increase in the target value is especially beneficial
when applying BA to real-time control applications because
the sampling inputs that lead to inferior system responses can
be avoided. In addition, the gradual change in the input is a
desirable characteristic for controlling a physical system, since
the control actions of a physical system are often difficult to
change abruptly.
The BA algorithm is tested to determine the optimum coordinated control actions that maximize the power production
of a wind farm. First, we assess the performance of the
BA algorithm in optimizing the analytical wind farm power
function derived in [8]. The performance of the BA algorithm
is measured in terms of convergence rate toward the theoretical
maximum determined by employing mathematical programming to the target wind farm power function. Furthermore,
to demonstrate the applicability of the BA algorithm as a
model-free, data-driven approach for real-time control, experimental studies using scaled wind turbines are conducted.

IEEE TRANSACTIONS ON CONTROL SYSTEMS TECHNOLOGY

In this scenario, an analytical wind farm power function is not
available. The results illustrate the potential and effectiveness
of the BA algorithm for real-time control of a physical system.
This paper is organized as follows. First, BO is briefly
introduced to provide the context for the BA algorithm. Then,
the BA algorithm is described and its characteristics are
discussed by applying the algorithm for optimizing a selection
of 2-D functions. The proposed BA algorithm is then applied
to a set of test functions with different dimensions. Finally,
the BA algorithm is employed to the cooperative wind farm
control problem that seeks to find the optimum coordinated
control actions for wind turbines using the measured input
and output data from the wind turbines in a wind farm. Both
the simulation and experimental studies are discussed. This
paper is concluded with a brief summary and discussion.
II. BAYESIAN O PTIMIZATION
BO seeks to solve x∗ = arg maxx f (x) by iteratively choosing the input x = (x 1 , . . . , x i , . . . x m ), where m denotes the
dimension of input x, and observing the corresponding noisy
response y = f (x) + , where  represents the noise that is
assumed to follow a Gaussian distribution, i.e.,  ∼ N(0, σ2 )
[17]–[19]. The function f (x), whose analytical expression
is unknown, represents the model of the target system. To
construct the regression model for the unknown target function
f (x) and maximize it at the same time, each iteration of BO
consists of two phases, namely, learning and optimization.
A. Learning Phase
For the nth iteration in the learning phase of BO, using
the selected inputs x1:n = {x1 , . . . , xn } and the corresponding
observed outputs y1:n = {y 1 , . . . , y n }, the unknown objective
function f (x) is modeled using a GP regression. In GP regression, the prior on the function values f1:n = { f 1 , . . . , f n },
where f i = f (xi ), is represented as a GP, i.e., p(f1:n ) =
GP(m(·), k(·, ·)), where m(·) is a mean function and k(·, ·)
is a kernel function. The mean function m(x) describes the
overall trend in the function values, which are represented by
various basis functions, such as linear or periodic functions.
If there is no prior knowledge about the target function f (x),
setting m(x) = 0 greatly simplifies the learning and prediction
procedures of GP without losing the representability of the
GP model. The kernel function k(x, x ) quantifies the geometrical similarity between two inputs, x and x , which is
used to approximate the covariance in their function values.
In addition, the likelihood function of the measured
response y1:n is represented as a Gaussian distribution,
i.e., p(y1:n |f1:n ) = N(f1:n , σ2 I). Given the prior and the
likelihood assumed, the function value f (x), denoted here
by f , for an unseen input x, and the observed outputs
y1:n = {y 1, . . . , y n } follow a multivariate Gaussian distribution [27]:

 
 1:n 

K + σ2 I
k
y
∼ N 0,
(1)
f
kT
k(x, x)
where kT = (k(x1 , x), . . . , k(xn , x)) and K is the covariance
matrix (kernel matrix) whose (i, j )th entry is Ki j = k(xi , x j ).
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The noise variance σ2 quantifies the level of noise that exists
in the noisy response y = f (x) + .
The type of kernel function k(x, x ) used to build a
GP regression model and its parameters strongly affects the
overall representability of the GP regression model. We use
a squared exponential covariance function whose evaluation
between two input vectors xi and x j is expressed as [28]


1
k(xi , x j ) = σs2 exp − (xi − x j )T diag(λ)−2 (xi − x j )
(2)
2
which is described by parameters, σs and λ. The term σs2 is
referred to as the signal variance that quantifies the overall
magnitude of the covariance value. The parameter vectors
λ = (λ1 , . . . λi , . . . , λm ) is referred to as the characteristic
length scales to quantify the relevancy of the input features in
x = (x 1 , . . . x i , . . . , x m ) for predicting the response y. A large
length scale λi indicates weak relevance, while a small length
scale λi implies the strong relevance of the corresponding
input feature x i .
The hyperparameters θ = (σ , σs , λ) for the noise model
and the kernel function are determined as ones maximizing the
marginal log-likelihood of the training data Dn = {(xi , y i )|i =
1, . . . , n} as [27]
θ ∗ = arg max log p(y1:n |x1:n , θ )
θ


−1
1
= arg max − (y1:n )T K + σ2 I y1:n
2
θ

 n
1 
2 
(3)
− log K + σ I − log2π .
2
2
With the measurement data and the hyperparameters updated
(i.e., optimized), the posterior distribution on the response f
for the unseen input x given the historical data Dn =
{(xi , y i )|i = 1, . . . , n} can be expressed as an 1-D Gaussian
distribution f ∼ N(μ(x|Dn ), σ 2 (x|Dn )) with the mean and
variance functions expressed, respectively, as [27]
μ(x|Dn ) = kT (K+σ2 I)−1 y1:n
σ 2 (x|Dn ) = k(x, x) − kT (K+σ2 I)−1 k.

(4)
(5)

Here, μ(x|Dn ) and σ 2 (x|Dn ) 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.
B. Optimization Phase
For the nth iteration in the optimization phase of BO, the GP
mean function μ(x|Dn ) and the variance function σ 2 (x|Dn ),
which describe the distribution of the function value f (= f (x))
at an unobserved input x at the nth iteration, can be used to
select the next input xn+1 in order to learn more about the
target function as well as to improve the target value at the
same time. If we are to learn about the target system only,
one possible strategy would be to select the next input as the
one that maximizes the variance function σ 2 (x|Dn ), which
reduces the uncertainty (variance) around the selected input
(exploration). This sampling strategy, called active learning,
has been widely used to select sampling points or to determine
experimental parameters [29]. On the other hand, if we are
to increase the target value, the natural strategy would be

3

to select the next input as the one maximizing the mean
function μ(x|Dn ) that reflects the current belief about the
target system (exploitation). However, this strategy tends to be
too greedy attempting to search for a superior target value than
the current one. For the success of BO, the balance between
learning the target function (exploration) and maximizing the
target function (exploitation) is required.
In general, the next sampling point is being selected as
one that maximizes the acquisition function that incorporates
both aspects of exploration and exploitation. For example,
Cox and John [30] proposed a method of selecting the
next input as the one that maximizes the upper confidence
bound (UCB) acquisition function as
xn+1 = arg max (μ(x|Dn ) + ρ n σ (x|Dn ))
x
ρn

(6)

where the parameter
is selected to balance between the
exploration and the exploitation. If ρ n is small, xn+1 is selected
as the one that maximizes the mean μ(x|Dn ) (exploiting).
On the other hand, if ρ n is large, xn+1 is selected as one that
is associated with a large variance (exploring). In addition,
Mockus et al. [31] proposed a method of selecting the next
input based on maximizing the expected improvement (EI)
acquisition function as
xn+1 = arg max E[max{0, f − f max }|Dn ]
x
max
f
}

(7)

where max{0, f −
is the improvement toward the maximum output f compared with the maximum target function
value f max = max{x∈x1:n } μ(x|Dn ) that is estimated in the
(current) nth iteration. Note that the improvement is quantified
with respect to the estimated maximum function value f max
rather than the actually observed maximum response y max .
This is because the measurement value y max may have large
noise and may, thus, interfere the sampling procedure. Given
the estimated f max , the value of the EI(x) can be analytically
derived using the distribution of the target function f at x [31].
The EI function EI(x) has a higher value when either the
mean or the variance is large. Therefore, by selecting x that
maximizes EI(x), we can obtain either the improved objective
function value (exploitation) or the updated objective function
with reduced uncertainty (exploration) at that point.
III. BAYESIAN A SCENT A LGORITHM
The BO algorithm can effectively optimize a target function
using a limited number of sampled data points from a target
system. However, the BO algorithm with commonly used
acquisition functions, such as EI and UCB, tends to select
the inputs over a large input space when exploring the target
system. Two issues arise when the BO algorithm is used
to control a physical system: 1) the difference between the
successive inputs is often too large and 2) the inputs are chosen
from the region where the uncertainty is too large. Often,
control actions, i.e., the inputs, cannot be changed abruptly in
a physical system and the selected action chosen from a highly
uncertain input space can result in significantly inferior target
value. So far, the BO algorithm has not been widely applied
to real-time control applications. In this section, we discuss
a modified sampling strategy for the BO algorithm so that
the algorithm can be efficiently applied to real-time control
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applications. Specifically, we impose a proximity constraint in
solving (7), such that the BO algorithm would sample target
values that are near the best solution observed so far. This
strategy is similar to imposing a trust region constraint in
mathematical programming. We also strategically adjust the
size of the trust region to expedite the rate of convergence to
an optimum.

Algorithm 1 Bayesian Ascent (BA) Algorithm

A. Hypercube Trust Region
Gradient-based mathematical optimization searches for a
(local) optimum by iteratively optimizing a model function,
which is in general a quadratic function, constructed using
the gradient and the Hessian at each iteration. To guarantee
that the next solution is selected from the region where the
approximated model function is close to the target function, a
trust region is defined to impose a proximity constraint, such
that the next iterate is selected only within the trust region [32].
The size of the trust region can be adjusted depending on
the improvement in the target value to guarantee that the
algorithm converges to the (local) optimum. Specifically, if
the observed increase with respect to the previous function
value is larger than a certain threshold of the predicted increase
from the approximate model function, the solution will be
used as the next iteration, and the trust region is expanded to
expedite the convergence rate. Otherwise, the current solution
will be rejected, and the trust region will be contracted to
find a solution nearer to the current solution. Because of this
strategic adjustment in the trust region method, a target value
would tend to increase monotonically, and the solution at each
iteration converges gradually toward a (local) optimum.
To take advantages (i.e., the monotonic increase in a target
value and the gradual convergence to an optimum) of the
trust region method, we impose the trust region constraint to
the optimization phase of BO. With a trust region constraint
imposed, BO then finds the next input close to the input xmax
that corresponds to the best target value f max observed so
far. That is, BO selects the next input from the region where
the uncertainty of the model function is not large (i.e., the
GP mean function is close to the underlying target function
around the region with sampled points). The optimization
phase of BO can be posed as a constrained optimization
problem described as
maxx E[max{0, f − f max }|Dn ]
s.t. x ∈ T := x| x i − x imax < τi for i = 1, . . . , m

(8)

where the objective function is the EI, which is given in (7).
The trust region T is defined as a hypercube with its center
being xmax ; the i th component τi of τ = (τ1 , . . . τi , . . . , τm )
determines the range where the i th feature x i of
x = (x 1 , . . . x i , . . . , x m ) to be sampled next. Thus, the
vector τ controls the overall size of the hypercube trust
region where the exploration takes place.
We call the BO algorithm with the trust region constraint
the Bayesian ascent (BA) algorithm, in that the algorithm
follows the ascending direction estimated probabilistically
from the sequence of observations. The overall procedure is
summarized in Algorithm 1. As in the trust region method,

BA adjusts the size of the trust region depending on the
improvement in the target value. Let us denote the solution of
(8) as xn+1 . We check whether xn+1 sufficiently improves the
target value. With the measured output response y n+1 , if the
observed increase y n+1 − f max with respect to the previously
estimated value f max is larger than a certain threshold ratio
γ of the average increase (1/n)( f max − y 1 ), where y 1 is
the initial measurement, the input xn+1 will be updated as
the best solution xmax observed so far, and the trust region
is expanded as τ n+1 = βτ n , with β > 1 to expedite the
convergence rate. Otherwise, the trust region will be reset
as τ n+1 = τ 1 , where τ 1 is the size of initial trust region.
Here, we use the average increase (1/n)( f max − y 1 ) as the
criterion for evaluating the improvement as it represents a
more reliable criterion than a point value that is susceptible
to randomness. The BA algorithm uses the entire historical
input and output data to construct the surrogate model function
to approximate the target function, which is different from
the gradient-free trust region method that uses only a subset
of local data points to construct a local (quadratic) model
function. In addition, the BA algorithm does not contract the
size of the trust region τ but resets it to the initial size τ 1
because continuously contracting the trust region can possibly
cause the sampling to be staying at an arbitrary point that is not
a (local) optimum. When a (local) optimum is trapped by the
hypercube, BO cannot find the input that results in a target
value larger than the local optimum inside the trust region,
leading the BA algorithm to converge to the (local) optimum.
Note that this paper uses γ = 0.05 and β = 1.1. In addition,
the initial trust region τ 1 can be determined considering
the ranges of the input component. Using 1%∼10% of the
input range for each input component works well in general.
If the initial trust region is small, in general, a large number
of iterations are required for the BA algorithm to reach an
optimum. On the contrary, if the initial trust region is large, the
convergence rate can be expedited, but the trend of monotonic
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Fig. 1.

5

BA method for finding the optimum of a 2-D quadratic function.

increase in the target value can be weakened. Note that when
the initial trust region is set to be the same size of the
input space, the BA algorithm becomes equivalent to the BO
algorithm.
B. Illustrative Examples
1) 2-D Quadratic Function: This example illustrates the
basic step of the BA algorithm. Fig. 1 shows how the
BA algorithm finds the optimum of a 2-D quadratic function
f (x) = −(x 12 + x 22 )/50 + 1. The figures in the upper row
show the trajectory of sampled inputs overlaying on the true
function represented as contours. The figures in the bottom
row show how the next sampling point is being determined at
each iteration. In each figure, the circular dots are the inputs
that have been sampled so far and the field square is the best
input among the sampled inputs in the current iteration. Based
on the sampled inputs and the corresponding target values, the
EI function, shown as contour plots in the bottom figures, is
constructed. The next sampling point is then determined by
maximizing the EI function within the trust region, as shown
by the open square. The next selected input is marked as field
diamond shown in the figures. For this example, we use the
initial trust region that has a size of 10% of the input range
in each component, i.e., τi1 = 0.1 × | max(x i ) − min(x i )|
for i = 1, . . . , m.
As shown in Fig. 1, for the four iterations (n = 1, . . . , 4),
the target value increases monotonically and the trust region
expands by setting τ n+1 = βτ n with β = 1.1. During the
fifth iteration (n = 5), it is observed that the newly sampled
value does not increase the target value, i.e., the value does
not satisfy the condition of y 6 − f max > γ (1/5)( f max − y 1 ).
As a result, the size of the trust region resets to τ 6 = τ 1 and
the center xmax of the trust region remains unchanged. The
same situation occurs at n = 6. With the learned information
from these two failed steps, the iteration proceeds to sample
the input that increases the target value. Due to the use of
the trust region constraint, the BA algorithm improves the
target value monotonically except during the iterations where
BA tries to find the ascending direction (n = 5 and 6).
In addition, the BA algorithm regulates the step size, i.e., the
distance between two successive samples, which can be beneficial in controlling a physical system. This is because,
for a physical system, changing the control inputs gradually
(progressively) is more preferable than changing the control
inputs radically.

2) 2-D Function With Two Local Optima: With the
trust region constraint, the BA algorithm is able to
increase a target value monotonically by gradually changing the input values. As a result, the BA algorithm seeks
to find a local optimum, similar to gradient-free trust
region optimization algorithms. In this section, we investigate the local convergence characteristics of BA using
a simple analytical function. Let us consider the function f (x) = exp(−((x 1 − 3)2 /22) − ((x 2 − 2.5)2 /16)) +
0.6exp(−((x 1 + 3.5)2 /12) − ((x 2 + 2.5)2 /16)) which has
two local optima. In this example, for each simulation, we
randomly sample an initial point from one of the two regions
R1 = {x| − 5 < x 1 < −1, −5 < x 2 < 0 and R2 =
{x| − 1 < x 1 < 5, 0 < x 2 < 5, each has its local optimum. We
then track the iterations to see how the target value sampled
by the BA algorithm approaches to the local optimum for
the region where the initial point resides. Furthermore, to
test whether the BA algorithm can identify and follow the
ascending direction even with noisy data, we use noisy target
value y n = f (xn ) + , with Gaussian error  ∼ N(0, σ2 ) with
σ = 0.01 (1%).
Fig. 2 summarizes the results depicting how the
BA algorithm converges to a local optimum based on an initial
point. Fig. 2(a) shows the results of 1000 simulations using
1000 initial points randomly sampled from region R1. Starting
at an initial point (n = 1), the BA algorithm proceeds to
sample the target values, shown as dots in each figure, until it
reaches the local optimum in the region nearest to the initial
point. Each dot in the subfigure (n = 2 to n = 19) represents
the sampled inputs during an optimization step. Fig. 2(a)
shows that the population of the sampled points converges
to the (local) optimal region {x| f (x) ≥ f (x∗ ) − σerror } within
about 15 iterations (i.e., using 15 evaluated function values).
Note that the BA algorithm does not necessarily locate the
exact local optimum because of the noise added to the target
value. Fig. 2(b) shows the result for the same simulations using
the 1000 initial points sampled from region R2. The simulation
studies suggest that the BA algorithm can effectively locate a
(local) optimum using the strategic sampling strategy based on
the trust region method. In particular, the rapid convergence
to a (local) optimum can be useful when the BA algorithm
is applied to the real-time control application. That is, given
any initial point, the BA algorithm is able to find an input that
provides a target value that is superior to that of the initial
point.
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Fig. 2. Convergence to local optima for a 2-D function with two peaks: (a) shows the convergence trend with the initial points sampled from R1 = {x| − 5 <
x1 < −1, −5 < x2 < 0} and (b) shows the convergence trend with the initial points sampled from R2 = {x| − 1 < x1 < 5, 0 < x2 < 5}.
TABLE I
L IST OF T EST F UNCTIONS

of noise terms to a target function regardless of the output scale
of the target function. The effect of the noise variance σ2 on
the effectiveness of the BA algorithm is also studied. Note that
the test functions in Table I were designed to test the gradientfree optimization algorithms that are devised to minimize these
functions. Here, we maximize the negative of these functions,
which is the same as the minimization of the functions.
B. Results

IV. A PPLICATION TO B ENCHMARKING P ROBLEMS
We evaluate the performance of the BA algorithm using a set
of test functions that have been designed and used previously
to evaluate the performance of derivative-free optimization
algorithms. The BA algorithm is employed to find the optimum
value of a test function by sequentially sampling its function
values. The main goal of this simulation study is to investigate
how fast the BA algorithm approaches the optimum values
of the target functions with different dimensions. By using
different test functions with a broad range of input dimensions,
we can test the performance of the BA algorithm for its
potential applications to various physical systems.
A. Test Functions
We employ the same set of test functions used in [25]
for testing a derivative-free trust region optimization algorithm, referred to as ORBIT. The test functions are a subset
of the More–Garbow–Hillstrom test function collection for
unconstrained optimization [32]. The test functions and their
dimensions and optimization scopes, i.e., boundary constraints,
are shown in Table I. These test functions are known to have
a single local optimum (global optimum) whose value is 0.
The functions in Table I are used to evaluate the performance of the BA algorithm. For each function, we execute
100 times of BA optimization. For each simulation run, we
randomly choose an initial solution inside the hypercube
bounds. In addition, at each iterate, noise is added to the
sampled function value as f (x)(1 + ), i.e., the sampled value
is the sum of the function value f (x) and the noise term f (x).
The error term  for scaling the noise term is assumed to
follow the Gaussian distribution, i.e.,  ∼ N(0, σ2 ). By setting
the level of noise σ2 , this approach allows adding similar level

Fig. 3 shows the improvements in the values of the seven
target functions with the iterations of the BA algorithm. Each
plot shows 100 trajectories of the sampled function values
by the BA algorithm, each of which starts from a randomly
selected initial solution. For the simulations, σ = 0.01 is
used for the standard deviation of the Gaussian noise  that
is used to compute the noisy output y = f (x)(1 + ) from
the target function f (x). As shown in Fig. 3, for each test
function, the outputs for the randomly chosen 100 initial inputs
disperse a lot. As the BA algorithm proceeds, the function
values sampled by the BA algorithm monotonically increase,
reaching convergence after 50 iterations for most of the test
functions. Although the convergence rates vary for the seven
test functions, the required numbers of function evaluations
for the BA algorithm to converge are remarkably small even
for a high-dimensional function (with optimization variables
more than 10).
The performance of an optimization algorithm is often
evaluated in terms of the percentage increase in the function value with respect to the initial function value that
the algorithm starts with [25]. Using the same simulation
results, we quantify the improvement in a target response
by each run of the BA algorithm. That is, we normalize the
distance from the initially sampled output and the analytical
maximum to be 1. Then, the improvement in the output
by each iteration of the BA algorithm is represented as an
improvement ratio. For example, the improvement ratio of 0
means the initial solution, while the improvement ratio of 1
means the BA algorithm reaches the analytical maximum. The
100 output trajectories for each function in Fig. 3 are converted
into the trajectories of the improvement ratio. Averaging 100
trajectories of the improvement ratio for each test function,
the average improvement ratio curve is obtained and shown
as a solid curve in Fig. 4. The error bar overlaying with the
curve represents the ± one standard deviation on the 100
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Fig. 3.

Improvements in the test function values by BA (σ = 0.01).

Fig. 4.

Normalized improvement in the test function values by BA (σ = 0.01).

improvement ratios at each iteration. The results show that,
except for the Broyden tridiagonal function, the BA algorithm
achieves more than 98% of improvement toward the analytical
optimum within 50 iterations (50 function evaluations). As for
comparison, the derivative-free optimization using surrogate
method would require a larger number of function evaluations
(ranging from 100 to 300) to achieve similar improvements
[25]. Furthermore, the decrease in the standard deviation
toward the convergence implies that the optimized outputs
by the BA algorithms are almost identical regardless of the
initial solutions used. The simulation results show the potential
of the BA algorithm to be applied to optimize a complex
physical system with a large number of control or optimization
variables using the limited amount of input and output data
measured from the target system.
Finally, we examine the effect of noise levels on the
performance of the BA algorithm. To vary the noise level
(randomness) in the noisy output y = f (x)(1 + ), we

7

use three standard deviation values, σ = 0.01, σ = 0.03,
and σ = 0.05, for the Gaussian noise term  ∼ N(0, σ2 ).
For each noise level, 100 simulations of the BA algorithm are
conducted per each test function. A total of 700 trajectories
of the improvement ratio for the seven test functions are
then averaged to construct a single representative performance curve for a given noise level. The three representative
improvement ratio curves are compared in Fig. 5. To achieve
90% of improvement in the target function value, 25, 40,
and 63 function evaluations are required, respectively, for
σ = 0.01, σ = 0.03, and σ = 0.05. After 100 iterations
(function evaluations), the BA algorithm achieves 98.9%,
97.5%, and 93.4% of the improvements, respectively, for
σ = 0.01, σ = 0.03, and σ = 0.05.
As shown in Fig. 5, as the noise level increases, the
convergence rate becomes slower and the difference between
the converged output by the BA algorithm and the analytical
optimum becomes larger. The degradation is caused by the
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Fig. 6.

Continuous wake model [8].

A. Wind Turbine Interaction
Based on the actuator disk model in aerodynamics, the
power of a wind turbine due to a wind flow with wind speed U
can be expressed as [34]
Fig. 5. Normalized improvement in the test function values for different
error ratios.

noise added to the sampled function values, which interfere
the BA algorithm to identify the ascending direction of the
target function. In the BA algorithm, the ascending direction of
the target function is probabilistically estimated by observing
the function values around the best solution observed so far.
When the variations in values of the target function are small
compared with the magnitude of the noise added, the estimation becomes less accurate. Estimating the ascending direction
can become especially difficult as the algorithm approaches
toward the optimum. Near the optimum of a (smooth) target
function, the magnitude of the gradient is small, i.e., the local
function surface is nearly flat. The nearly flat surface makes it
difficult for the BA algorithm to infer the ascending direction,
especially when the noise level is large. For moderate error
levels, as the results suggest, the BA algorithm can be used to
increase the target value as quickly as possible while minimizing the potential cost that can be incurred when sampling data
points.

V. A PPLICATION TO A NALYTICAL W IND
FARM P OWER F UNCTION
The BA algorithm is applied to determine the optimum
coordinated control actions of wind turbines in a wind farm
with the objective in maximizing the total power production
of the wind farm. In a wind farm, wakes formed by the
upstream wind turbines decrease the power production of the
downstream wind turbines and, therefore, the total wind farm
power efficiency. The problem is to adjust the control inputs of
the wind turbines to minimize the wake interference among the
wind turbines. In this section, the BA algorithm is employed
to maximize the analytical wind farm power function, so that
the optimum coordinated control actions can be determined
by sampling the function values. By comparing the optimized
wind farm power efficiencies by the BA algorithm with those
by the analytical approach using sequential convex programming as described by [8], we can gain insight into how the
BA algorithm performs in solving the cooperative wind farm
control problem.

1
ρ AU 3 C P (α, o)
(9)
2
where ρ is the air density and A is the rotor area. C P (α, o) is
termed the power coefficient, which is expressed as [34]
P=

C P (α, o) =

P
= 4α(cos(βo) − α)2
ρ AU 3 /2

(10)

where o denotes the yaw angle offset between the wind
direction and the wind turbine rotor, and α is the induction
factor representing the relative change between the wind flow
speed U and the wind speed right behind the disk.
As the free stream wind flows through a wind turbine, the
wind speed u(d, r, α) 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 α can be expressed as [36]
u(d, r, α) = (1 − δu(d, r, α))U

(11)

where δu(d, r, α) is the wind speed deficit term quantifying
the reduction of the wind speed inside a wake. We treat the
deficit factor δu(d, r, α) as a continuous function expressed
as [8]

2
2

r
R0
exp −
(12)
δu(d, r, α) = 2α
R0 + κd
R0 + κd
where R0 is the rotor radius, and κ is the wake expansion
coefficient that depends on the surface roughness of a wind
farm site. Fig. 6 shows the wind speed profile described by
(11) and (12). As shown in Fig. 6, the wind speed recovers
(i.e., the deficit factor decreases) as the downstream distance d
and the radial wake distance r increase. The power productions
of the wind turbines that are near the wake are lowered because
of the decrease in wind speed.
B. Cooperative Wind Farm Control Problem
For a given wind speed U and wind direction θ W on a wind
farm with N wind turbines, the energy production function
Pi (α, o; U, θ W ) for wind turbine i can be expressed as a
function of the yaw offset angles o = (o1 , . . . , o N ) and the
induction factors α = (α1 , . . . , α N ), which can be adjusted
by the blade pitch angle and the generator torque of the wind
turbine, as [8]
1
Pi (α, o; U, θ W ) = ρ AC P (αi , oi )ū 3i (α −i , o−i ; U, θ W )
2

(13)
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Fig. 7.

9

Numerical simulation of the BA method considering four wind turbines when θ W = 0°.

where ρ is the air density, A is the rotor area, C P (αi , oi ) =
4α(cos(oi ) − αi )2 is a power coefficient of wind turbine i
representing the power extraction efficiency, α −i = α\{αi } and
o−i = o\{oi }, and ū i (α −i , o−i ; U, θ W ) is the averaged wind
speed on the rotor surface of wind turbine i affected by the
wake interference of the other (upstream) wind turbines. The
yaw offset angle oi can redirect the wake by changing
the direction of thrust force on the rotor, which can reduce
the wake overlap on the downstream wind turbine and, thus,
increase the power production of the downstream wind turbine.
Details of the analytical model, including calibration with
the Computational Fluid Dynamics (CFD) simulation data
generated using a 5-MW NREL reference wind turbine by
SOWFA supercontroller [36], [37], have been described in [8].
For conventional (noncooperative) control strategy, each
wind turbine i tries to maximize its own power Pi by manipulating its own control actions, αi and oi . Under this control
strategy, every wind turbine in the wind farm set αi = 1/3
and oi = 0° that maximizes (13) regardless of the control
actions of other wind turbines [8]. In cooperative control, on
the other hand, wind turbines collectively adjust their joint
control actions, α and o, to maximize the sum of individual
wind turbine power, whose control inputs x can be derived by
solving the following optimization problem:
max . f (x; U, θ ) 
W

x

N


Pi (α, o; U, θ W )

(14)

i=1

s.t. xl ≤ x ≤xu
where x = (αi , oi , . . . , α N , o N ), and xl and xu are, respectively, the lower and upper bounds on the wind turbine control
actions for the N wind turbines.
The BA algorithm is applied to find the optimum coordinated control actions x∗ = (α1∗ , o∗1 , . . . , α ∗N , o∗N ) using the
least number of function evaluations (sampling power values).
The noncooperative control actions, αi = 1/3 and oi = 0°
for i = 1, . . . , N, are used as the initial solution of the
BA algorithm. The results of the simulations are represented
as the improvement of wind farm power efficiency η(x; θ W )
defined as
η(x; θ W ) 

N
1 
ηi (α, o; θ W )
N

(15)

i=1

where ηi (α, o; θ W ) = Pi (α, o; U, θ W )/P ∗ (U ) is the power
efficiency for wind turbine i , with P ∗ (U ) representing the

Fig. 8. Trajectories of wind farm power efficiency by BA for different
numbers of wind turbines.

maximum power that can be produced by a wind turbine
when there is no wake interference (with the control actions,
αi = 1/3 and oi = 0°).
C. Simulation Results
The BA algorithm is employed to solve (14) for N = 4
and θ W = 0°. Fig. 7 shows the wind farm configuration
for the cooperative wind farm control problem. As shown
in Fig. 7, the four wind turbines are arranged in a linear
layout separated by 7D interdistance (where D is the rotor
diameter). Depending on the yaw offset angle and the induction factor, the intensity and the trajectory of a wake varies,
and therefore, the power productions of downstream wind
turbines are affected. The goal of the cooperative control is
to find the optimum induction factors α ∗ = (α1∗ , α2∗ , α3∗ , α4∗ )
and the yaw offset angles o∗ = (o1∗ , o2∗ , o3∗ , o4∗ ) that maximize
the total wind farm power, i.e., the sum of the powers from the
four wind turbines. We employ the BA algorithm to find the
optimum cooperative control actions using the least number
of trial actions (function evaluations). During the simulation,
only (o1 , o2 , o3 ) and (α1 , α2 , α3 ) are optimized while fixing
o4 = 0° and α4 = 1/3, because the noncooperative control
action is the unique best action that the last wind turbine can
choose to increase the total wind farm power; the deviation
from this control action would only decrease its own power
production and, thus, the total power production.
Fig. 8 shows the improvement in the total wind farm power
efficiency with the iterations of the BA algorithm. A total
of 100 optimizations using the BA algorithm are conducted.
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For each optimization, the noncooperative control actions,
oi = 0° and αi = 1/3 for i = 1 . . . 4, of the wind turbines
are used as the initial control actions for the BA algorithm.
The wind farm power efficiency for the noncooperative control
strategy is computed using (15) and marked on the plots.
In addition, the noisy evaluation of (15), i.e., y = η(x; θ W ) + 
with  ∼ N(0, σ2 ), is used for the response. Since η(x; θ W )
varies between the noncooperative control efficiency of 0.565
and the analytical maximum efficiency of 0.685, we set
σ = 0.003, which is roughly ∼2.5% of the total range of
the target function. In spite of using the same initial control
actions, the 100 trajectories of the wind farm power efficiency
are different due to stochastic nature of the BA algorithm.
In Fig. 8, the overall improvement trend is represented using
the mean values for the 100-optimization trajectories, which
is shown as the solid curve. In addition, the distribution
of 100 wind farm power efficiency values at each iteration
is shown as histograms overlaying with the mean value curve.
Included in Fig. 8 is the analytical maximum of the wind farm
power efficiency that is computed by analytically optimizing (14) using sequential convex programming, a mathematical
optimization algorithm [8]. For comparison, the mean values
for 100 trajectories of wind farm power efficiency obtained by
the conventional BO algorithm with the EI acquisition function
are also shown in the plot. In this case, the only difference
between the BA and BO algorithms in this simulation study
is whether the trust region constraint is used or not.
As shown in Fig. 8, BA increases the wind farm power
efficiency almost monotonically. The monotonic increase in
the wind farm power efficiency is due to the use of the trust
region (proximity) constraint that allows sampling the next
input only near the best solution observed so far. The effect
of trust region constraint is manifested when comparing the
efficiency trajectories by the BA algorithm with those by
the BO algorithm (with EI acquisition function but without
the proximity constraint). Without the trust region constraint
imposed in the sampling strategy, the BO algorithm tends to
sample the function values over a wide range of input space
and often executes trial actions that produce the wind farm
power efficiency inferior to that of the noncooperative control
(starting point).
The effect of the error level on the efficiency of the BA
algorithm is also studied. Fig. 9 compares the trajectories of
the wind farm power efficiency obtained by the BA algorithm
for different error levels using different values for the standard
deviation of the error. As shown in Fig. 9, as the error
level increases, the convergence rate becomes slower and the
difference between the analytical maximum and the converged
efficiency by the BA algorithm becomes larger.
VI. A PPLICATION TO E XPERIMENTAL W IND
FARM C ONTROL P ROBLEM
In Section V, the BA algorithm is employed to optimize
the coordinated control actions of wind turbines utilizing
an analytically derived wind farm power function. However,
constructing such analytical wind farm power function is
challenging, in that we need to characterize wind fields, wind

Fig. 9. Trajectories of wind farm power efficiency by BA for different error
ratios.

Fig. 10. Scaled wind turbine model. (a) shows the model dimensions and
(b) shows the control mechanism.

Fig. 11.

Control board.

turbine blades, a generator, and the interactions among the
wind turbines through wakes. As a model-free, data-driven
approach, the BA algorithm is designed to improve the total
wind farm power efficiency using only the power measurement
data from the wind turbines. This section describes an experimental study to validate the capability of the BA algorithm in
finding the optimum coordinated control actions using only the
power measurement data. For the experiment, the same layout
configuration, as shown in Fig. 7, is physically constructed
using four scaled wind turbines. The BA algorithm is then
applied to maximize the total power productions from the
four wind turbines in a wind tunnel laboratory experiment.
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Fig. 12.
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Layout of the wind turbines in the wind tunnel (KOCED Wind Tunnel Center in Chonbuk National University).

Through this experiment, the feasibility of the BA algorithm
for a real-time control application as well as the concept of
the cooperative control is tested in a physical setting.
A. Experimental Setup
The scaled wind turbine model, as shown in Fig. 10, is made
of three aluminum blades with a length of 70 cm. The rotor
diameter is 150 cm. The tower is made of a steel tube with
a height of 100 cm. The blade pitch angles are controlled by
a servomotor (Dynamixel-64T). As shown in Fig. 10(b), the
rotation of the servomotor is transformed into a linear motion
to rotate the blade angles through a mechanical linkage. The
rotation angles of the servomotor range from 0° to 70° which
convert the blade pitch angles varying from 0° to 20° (albeit
they are not related in a linear fashion). We use the rotation of
the servomotor, instead of the actual blade pitch angle, as the
control variable for optimization. The rotational change of the
servomotor is easy to track using the encoder in the servomotor, which is also used to acknowledge the executed control
actions. As shown in Fig. 10(b), the yaw angle is controlled
by the same type of servomotor through a mechanical gear
system. With a one-to-one gear ratio, the rotational angle of
the servomotor is the same as the actual rotation of the yaw
of the wind turbine. An AC generator, as shown in Fig. 10(b),
is used to convert the mechanical energy into electrical
energy.
Fig. 11 shows the circuit board designed to measure the
electrical power output from the wind turbine and to execute the control actions to adjust the blade pitch and yaw
angles of the wind turbine. The AC voltage output from the
generator is converted into DC voltage by the rectifier. The
rectified voltage and the associated current flowing through the
load resistance are then measured using voltage and current
sensors, from which the instantaneous power is computed.
The microcontroller (Arbotix-M) continuously samples the
instantaneous power and computes the average power (using a
moving average technique). The microcontroller then transmits
the computed average power to the central node (laptop
computer) through the XBee radio module every 2 min.
The BA algorithm processes the average power collected
from the wind turbines in the central node and determines
the next control actions. The determined control actions
are then wirelessly transmitted to the microcontroller to

change the blade pitch and the yaw angle in the wind
turbine.
Fig. 12 shows the layout of the wind turbines in the wind
tunnel experiments. The wind turbines are arranged in a linear
pattern and separated by an interdistance of 7D (=10.5 m).
Using the linear wind farm layout, we study the effectiveness
of the BA control algorithm. A constant wind speed of 4 m/s
and a wind direction of 0° are used in this experiment.
To evaluate the performance of the cooperative control
approach and the BA algorithm, two reference wind turbine
powers are measured for each wind turbine.
1) PiF : Freestream maximum power of wind turbine i that
can be produced at a given location when there is no
wake interference. The measured power Pi normalized
by PiF then represents the power efficiency for wind
turbine i .
The total
wind farm power efficiency is comN
N
puted as i=1
Pi / i=1
PiF , where N is the number of
wind turbines considered.
2) PiG : Noncooperative maximum power of wind turbine i that can be produced at a given location when
the upstream wind turbines are producing their maximum powers. The wind farm power efficiency for the
noncooperative
control strategy is then computed as
N
G N
F
P
/
i=1 i
i=1 Pi .
For cooperative control, the control actions for the noncooperative optimum are experimentally determined first, from which
the BA algorithm proceeds to find the optimum coordinated
control actions.
B. Optimization Results
Fig. 13 shows the trajectories of the power efficiency Pi /PiF
of each individual wind turbine and the associated control actions of the wind turbines with the iterations of the
BA algorithm. For cooperative control, the wind turbines
collectively adjust their control actions (i.e., the yaw and pitch
servo angles) determined by the BA algorithm to increase
the total wind farm power production. As shown in Fig. 13,
the cooperative control actions lower the power production
for the first upstream wind turbine but significantly increase
the power productions of the downstream wind turbines. The
last downstream wind turbine operates at its noncooperative
control actions, since the deviation from the noncooperative
control actions only decreases its own power production. It can
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Fig. 14. Improvement on power production using cooperative control for
different numbers of WTs.

VII. C ONCLUSION AND D ISCUSSION

Fig. 13. Control actions and power efficiencies for different numbers of WTs.

be seen from Fig. 13 that the gradual modifications on the
control actions for the yaw and the pitch are made at each
iteration of the BA algorithm. Fig. 14 shows the improvement
in the total wind farm power efficiency by the BA algorithm
compared with the noncooperative wind farm power efficiency.
As shown in Fig. 14, the BA algorithm increases the wind
farm power efficiency almost monotonically by gradually
changing the control actions of the wind turbines. It should
be emphasized that the analytical wind farm power function
used in the simulation study is obtained using a specific
reference wind turbine calibrated using the data generated
from the CFD simulation. Because of the differences in the
target wind turbines as well as the wind flow characteristics,
the measured power efficiency result from the experiment is
quite different from that of the simulated wind farm power
efficiency using the analytical wind farm power function.
Nonetheless, the trend of wind farm power improvement by the
BA algorithm is similar in both the simulation and experiment
studies.

This paper describes the BA algorithm that can rapidly and
almost monotonically find a local optimum of a target system
using the limited amount of data. The BA algorithm models
the input and output relationship of a target system using
GP regression fitted to the measured input and output data.
Exploiting the constructed GP model function, the BA algorithm then determines the next sampling point that can best
increase the EI. 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. In addition, the size
of the trust region is adaptively adjusted in each iteration to
expedite the convergence rate. Due to the proposed sampling
strategy, BA is able to increase a target value incrementally
with gradual changes in the inputs.
The effectiveness of the BA algorithm in optimizing a target
system has been investigated using a set of test functions with
input dimensions ranging from 4 to 16. The results show that,
for all test functions, the BA algorithm is able to attain 90%
improvement in a target value using a small number (i.e., less
than 50) of function evaluations. The required number of
iterations is usually significantly lower than the number of
iterations required for data-driven optimization schemes based
on the local surrogate model. Furthermore, the BA algorithm
can efficiently optimize the target functions using the noisy
function values. The simulation results indicate that, as the
noise level increases, the convergence rate decreases and the
difference between the converged target function value and
the true optimum increases. In general, as shown from the
examples, the BA algorithm is robust enough to increase a
target value using the measurement data with noise.
To illustrate applicability to real physical problems, the
BA algorithm is employed to the cooperative wind farm control problem to maximize the total wind farm power production
using only input (control actions) and output (wind farm
power production) data. Both simulation and experimental
studies have been conducted to test the feasibility of using
the BA algorithm in the wind farm control application. For
the simulation study, the power output data evaluated using
an analytical wind farm power function is used to optimize
the control actions. The simulation results show that the
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BA algorithm can increase the wind farm power efficiency
using a small number of function evaluations. For the experimental study, the power measurement data from the scaled
wind turbines are used to determine their optimum control
actions that maximize the total power production of the wind
turbines. The experimental results show that the BA algorithm
is able to increase the total power production by gradually
changing the control actions of the wind farm. The simulation
and experimental studies suggest that the BA algorithm can be
potentially employed to maximize the total power production
of a wind farm without constructing an analytical wind farm
power function.
For the wind farm power maximization problem, we have
assumed that the wind condition remains unchanged during
the execution of the BA algorithm. In an actual wind farm
site, however, wind condition could continuously change and
result in different wake interference patterns. To employ the
BA algorithm under varying wind conditions, two approaches
are currently being investigated. First is to run multiple BA
algorithms in parallel, each of which is designated to maximize
the total wind farm power for a certain wind condition; each
BA algorithm can be freely interrupted and reinitiated during
the variation of wind condition because the GP regression
model can memorize the learned target function. Another
approach is to treat the wind conditions, i.e., wind speed and
wind direction, as random variables and to construct the GP
regression model on both the action (wind turbine control
inputs) and the context (wind condition). The kernel functions
for the wind turbine control actions space and for the wind
condition space can be constructed separately and combined to
a generalized kernel function for the paired variables between
the wind turbine control actions and the wind conditions.
The BA algorithm combines the strengths of BO and trust
region optimization to improve a target value rapidly using a
limited amount of the input and output data. At the expense of
achieving such advantages, the BA algorithm also inherits the
weaknesses of these two methods as well. For example, the
BA algorithm becomes computationally expensive for fitting
the GP regression model as the number of input and output
data increases. However, this generally does not cause an issue
because the BA algorithm is targeting for optimizing a target
system using a small number of input and output points, say
less than a hundred. On the other hand, the BA algorithm
finds a local optimum that is close to the initial point due to
the use of trust region constraint. Noting that there has not yet
existed an efficient method that can locate the global optimum
using only a small number of data, a good strategy that can
find a better (local optimum) solution as quickly as possible,
while minimizing the cost associated with the exploration is
a desirable alternative for many physical problems. The BA
algorithm has great potential as a tool for optimizing the
operational conditions of a complex physical system using
only the measurement data from the system.
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