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Abstract— We consider the problem of dispatching Wind-
Farm (WF) power demand to individual Wind Turbines (WTs)
with the goal of minimizing mechanical stresses. We assume
wind is strong enough to let each WT produce the required
power and propose different closed-loop Model Predictive
Control (MPC) dispatching algorithms. Similarly to existing
approaches based on MPC, our methods do not require changes
in WT hardware but only software changes in the SCADA
system of the WF. However, differently from other MPC
schemes, we augment the model of a WT with an ARMA
predictor of the wind turbulence, which reduces uncertainty
in wind predictions over the MPC control horizon. This
allows us to develop both stochastic and deterministic MPC
algorithms. In order to compare different MPC schemes and
demonstrate improvements over classic open-loop schedulers,
we use simulations based on the SimWindFarm toolbox for
MatLab.

Key Words: Wind farm control, Model predictive control,
Stochastic control, ARMA models.

I. INTRODUCTION

In the last few years, the interest in wind energy has been
constantly rising [1] and, in order to maximize economic
benefits and power generation efficiency, the size of WTs will
be increased in the future. In this respect, advanced control
architectures are needed with the aim of reducing structural
stresses, hence extending the lifetime of components [2].
WF control is essential to fit the required power, max-
imizing the performance and minimizing the mechanical
forces acting on WTs [3], [4]. The required power PWF

dem

is determined by a network operator, that specifies it as a
function of national load profiles and other economic and
political criteria. However, the power that can be actually
produced by a WF strictly depends on the wind blowing on
its WTs. In this respect, each WT can work in two different
operating regions: power maximization, when the wind is
not strong enough to ensure the production of the required
power, and power tracking region, when the wind allows the
production of the demanded power. When all WTs are in the
power tracking region, the use of a WF controller can bring
major advantages, as one can choose different strategies to
dispatch the power demand among WTs. A first simple
solution is represented by the adoption of a scheduler: given
the wind speed profile that acts on the WF and PWF

dem , the
scheduler divides the power demand according to an open-
loop strategy, e.g. distributing the power equally between
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WTs. However, this could lead some WTs to be stressed
much more than others. For these reasons, it is convenient
to introduce a closed-loop WF controller, that uses the on-
line measurements from WTs.

In literature, there exist different approaches to the design
of WF controllers. A first idea [5], is to use the knowl-
edge of the available power Pa for each WT and dispatch
PWF
dem proportionally to Pa. However, this approach could

increase mechanical stresses. In [6], the authors propose
a linearized WT model and an MPC scheme computing,
on a given prediction horizon, power demand set-points to
achieve different aims, including mechanical stress reduction.
An advantage of this controller is the possibility to force
the fulfillment of input constraints. However, stochasticity
introduced by the wind is neglected. Following [7], the wind
speed is the sum of a slowly varying average component
and of a zero-mean turbulence variation changing randomly
on a faster time scale. Using this decomposition, low-pass
filters are introduced in [8], [9], [10] in order to model
the wind turbulence and propose stochastic WF controllers.
However, these schemes do not consider constraints on the
power demand references. It is worth noting that all the above
control techniques, as well as the supervisory controller in
[11], can be implemented through software changes on the
SCADA systems and they do not require to replace hardware
component of WTs. In the literature, there are also examples
of control schemes implemented directly on the WT [12],
[13] but they require substantial investments to upgrade
existing WFs.

In this paper, we propose new WF controllers based on
MPC. As a reference model for a WT in the power tracking
region we use a linearized version of the NREL model [14].
Differently from previous approaches, we account for the
wind variations assuming a Kaimal wind turbulence spectrum
[7] and modeling turbulence as an ARMA process. An
optimal predictor allows us to develop Deterministic MPC
(DMPC) and Stochastic MPC (SMPC) regulators with the
goal of dispatching power demands between WTs so as to
minimize tower bending and fatigue on the motor shaft while
guaranteeing that the sum of the power demands for each WT
meets PWF

dem . Moreover, we consider constraints on the power
demand for each WT. In particular, we use the SMPC scheme
proposed in [15] and [16] in order to account for wind
stochasticity and we also design two different DMPC regula-
tors that do not account for the variance of wind turbulence.
To show effectiveness of the proposed MPC controllers, we
perform several simulations using MatLab/Simulink and the
SimWindFarm (SWF) toolbox [5] for MatLab.



The paper is organized as follows. In Section II we
introduce the WF model, by proposing a linearized model
of the adopted WT and an optimal predictor for wind
turbulence. In Section III we propose a SMPC regulator and
two DMPC regulators. In Section IV we present simulation
results and Section V is devoted to conclusions and future
improvements.

Notation. We use a : b for the set of integers {a, a +
1, . . . , b}. The column vector with s components v1, . . . , vs
is v = (v1, . . . , vs). The function diag(G1, . . . , Gs) denotes
the block-diagonal matrix composed by s blocks Gi, i =
1, . . . , s. The trace of matrix Q is tr(Q). The symbol 1r
denotes the vector (1, ..., 1) ∈ Rr. I is the identity matrix.
We use ||x||P for the seminorm xTPx, x ∈ Rn where P is
a positive-semidefinite real symmetric matrix. The mean of a
random variables is denoted with E[·]. The sample standard
deviation of measurements v = (v1, . . . , vs) is std[v]. The
probability of the event A is P(A). WGN(α, β) denotes
White Gaussian Noise (WGN) with mean α and variance β.

II. WF MODEL

In this section, we propose a linearized model for the WF.
We first introduce a linearized model of a WT operating in
the tracking region and then design an optimal predictor for
the wind turbulence.

A. NREL WT model

The NREL WT model is an offshore 5-MW baseline
variable speed wind turbine equipped with an active hy-
draulic pitch control. This model has been proposed in
order to become a standard for large WTs. In this section,
we introduce a linearized model of the nonlinear system
described in Figure 1. Due to space limitations, the complete
description of each block of Figure 1 is given in [17]. The
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Fig. 1: Overview of the blocks of the NREL WT model.

linearized WT model is obtained by defining the state xWT ,
the input uWT , the disturbance dWT and the output yWT as

xWT = (β, ωr, ω
f
g )− (βref0, ωr0, ωg0)

uWT = Pdem − Pdem0, dWT = v − v0
yWT = (Mt, Ms)− (Mt0, Ms0),

where β is the collective pitch angle [◦], ωr is the rotational
speed of the turbine rotor [ rads ], ωf

g is the filtered rotational
speed of the generator [ rads ], Pdem is the control set-point
available for the WT [MW ], v is the wind speed [ms ], Mt is
the tower bending moment caused mainly by the thrust force
[Nm] and Ms is the main shaft torque [Nm]. Moreover, a
variable with index 0 means steady-state variable, hence the
operating point of the WT. The overall dynamics is given
by

ẋWT (t) = AWTxWT (t) +BWTuWT (t) +BWT
d dWT (t) (1)

yWT (t) = CWTxWT (t) +DWTuWT (t) +DWT
d dWT (t) (2)

where matrices AWT , BWT , BWT
d , CWT , DWT and DWT

d

are obtained from linearization, as explained in [17].

B. Optimal one-step-ahead predictor of wind turbulence

The wind blowing on the wind farm generates an exoge-
nous input v that acts differently on each WT: for this reason,
during the design phase of the controller, it is important to
use as much as possible the knowledge of the wind field
(see also [18] and [9]). As common in the literature, we
can rewrite the wind speed as v = v̄ + ṽ where v̄ is
an average speed, depending on weather conditions, which
changes in the order of hours, and ṽ is a zero mean turbulence
variation that changes on a faster time scale [7, p. 17]. This
latter component of the wind is generally due to thermal
conditions (e.g. variations in temperature) and the friction
with the earth’s surface. A wind profile is characterized by
the average speed and the turbulence intensity TI = σṽ/v̄
where σṽ is the standard deviation. Moreover, the turbulence
spectrum can be described as a function of frequency using
the Kaimal spectrum ([7, p. 23] and [8]). In the literature,
it is common to simplify the wind model by assuming ṽ
is distributed as a WGN. In addition, each WT in a WF is
affected by the presence of neighboring WTs, although this
effect is neglected in this study.
In order to derive a linearized model of a WF, a linear model
of the wind is needed. For each pair (v̄, TI) describing a
significant wind profile, we identify an ARMA model for
the turbulence variation and then obtain an optimal predictor.
The ARMA process is described by a linear combination of
previous outputs yARMA(t) and previous inputs wv(t) ∼
WGN(0, σ2) [19] or, equivalently, by the transfer function
G(z) = C(z)

A(z) . The optimal one-step-ahead predictor [19] is

ˆ̃V (z) =
C(z)−A(z)

C(z)
Ṽ (z) (3)

where Ṽ (z) is the Z-transform of ṽ(t) and ˆ̃V (z) is the Z-
transform of the predicted turbulence variation ˆ̃v(t|t− 1). A
minimal realization of (3) in the state-space yields the model

xv(t+ 1) = Avxv(t) +Bv ṽ(t)

ˆ̃v(t|t− 1) = Cvxv(t).

Moreover the prediction error is distributed as wv(t).
In [17], we provide simulation results showing the impor-
tance of embedding the wind predictor in an MPC architec-
ture.



C. Linearized WF model

In this section, we derive a model of the WF. First, we
derive a local model of a WT. We note that (1) and (2)
depend on measurements of the wind turbulence. However,
using MPC, we need to predict the wind turbulence over
the controller prediction horizon. To this purpose, we will
use the optimal predictor obtained in the previous section by
setting v̄ = v0 where v0 is the wind speed at the operating
point.
Discretizing dynamics in (1) and (2) with sampling time
Ts = 1 sec1, augmenting the state of the WT with the states
of the optimal predictor and using the fact that

dWT (t) = ˆ̃v(t|t− 1) + wv(t) = ṽ(t),

we obtain the following discrete-time LTI model

xWT
a (t+ 1) = Aax

WT
a (t) +Bau

WT (t) +Bdawv(t)

yWT (t) = Cax
WT
a (t) +Dau

WT (t) +Ddawv(t)
(4)

where xWT
a = (xWT , xv) and

Aa =

[
ĀWT B̄WT

d Cv
0 Av +BvCv

]
, Ba =

[
B̄WT

0

]
, Bda =

[
B̄WT
d

Bv

]
Ca =

[
C̄WT D̄WT

d Cv
]
, Da = D̄WT , Dda = D̄WT

d .

Moreover, ĀWT , B̄WT , B̄WT
d , C̄WT , D̄WT and D̄WT

d are
discrete-time counterparts of the corresponding matrices in
(1) and (2).

In order, to derive a WF model consisting of N turbines,
we need to group N WT models described by (4). Therefore
the WF model2 is given by

x(t+ 1) = Ax(t) +Bu(t) +Bdw(t)

y(t) = Cx(t) +Du(t) +Ddw(t)
(5)

where

x = (xWT
a,1 , . . . , x

WT
a,N ), u = (uWT

1 , . . . , uWT
N )

y = (yWT
1 , . . . , yWT

N ), w = (wv,1, . . . , wv,N )

w ∼WGN(0,Σw), Σw = diag(σ2
1 , . . . , σ

2
N )

A = diag(Aa,1, . . . , Aa,N ), B = diag(Ba,1, . . . , Ba,N )

Bd = diag(Bda,1, . . . , Bda,N ), C = diag(Ca,1, . . . , Ca,N )

D = diag(Da,1, . . . , Da,N ), Dd = diag(Dda,1, . . . , Dda,N ).

In the following section, we will use model (5) to predict
the behavior of the WF. Moreover we will detail how we
can take into account the wind measurements at each time-
instant.

III. MPC REGULATORS FOR WFS

In this section we present different MPC regulators for
achieving optimal power dispatching. We first introduce per-
formance measures for assessing the quality of a dispatching
algorithm. Then, we present the basic MPC formulation with
chance constraints and, finally, we derive SMPC and DMPC
regulators.

1Note that the choice of the sampling time depends on the working
frequency of the WF SCADA system, that is usually 1Hz.

2With abuse of notation, the state, input, output and disturbance variables
of the i-th WT, as well as matrices, are indicated with subscript i.

A. Performance measures

In order to evaluate performance of different regulators,
quantitative criteria are needed. In this paper, we use the
index J̃ = JP + JMs

+ JMt
proposed in [20] where

• JP is a measure of the power production and is defined
as

JP =

√√√√ 1

T

∫ T

0

1

NPrated

N∑
i=1

(Pi(t)− Pref,i(t))
2
dt

where Prated is the wind turbine rated power;
• JMs

is a measure of the total main shaft fatigue and is
defined as

JMs =

N∑
i=1

0.2 std

[
Ms,i(0 : T )

2 · 106

]
(6)

• JMt
is a measure of the fore-aft oscillation on the tower

and is defined as

JMt
=

N∑
i=1

0.05 std

[
Mt,i(0 : T )

23 · 106

]
. (7)

Note that in JMs and JMt we use the standard deviation
instead of using the rain-flow algorithm and Palmgren-Miner
sum as in [21]. Further details on this approximation can be
found in [17].

B. MPC formulation

In the following, we use xt, ut, yt, wt and dt instead of
x(t), u(t), y(t), w(t) and d(t), respectively. At each time
instant t, we solve the following MPC optimization problem
over the prediction horizon Nh

min
uk, ∀k=t:t+Nh

t+Nh∑
k=t

E
[
||yk||2Q + ||uk||2R

]
(8a)

xk+1 = Axk +Buk +Bdwk, ∀k = t : t+Nh, (8b)
yk = Cxk +Duk +Ddwk, ∀k = t : t+Nh, (8c)

1TNuk = 0, ∀k = t : t+Nh, (8d)

P(cTs uk ≥ umaxs ) ≤ p̃, ∀s = 1 : S,∀k = t : t+Nh. (8e)

For short, in (8) we used the index k (instead of the double
index k, t) for referring to variables within the prediction
horizon t : t + Nh. Cost function (8a) and constraint
(8d) correspond to minimize the total load fatigue while
guaranteeing that the total power generated by the WF
fulfills the power demand required by the network operator.
Moreover inequalities (8e) represent linear probabilistic input
constraints, where cs ∈ RN , umax

s > 0 (so that the input
constraint is inactive for uk = 0), S is the number of linear
input constraints and p̃ is a maximal probability of constraint
violation. In view of (6) and (7), we set

Q = diag
([
qMt 0

0 qMs

]
, . . . ,

[
qMt 0

0 qMs

])
,

with qMt
= 0.05

(23·106)2Nh
and qMs

= 0.2
(2·106)2Nh

. Furthermore,
we assume R = diag(r1, . . . , rN ) and hence the only tunable
parameters are ri > 0, ∀i = 1 : N .



In order to remove constraint (8d), following [22, p. 537]
(see also [9] and [8]), we perform the input transformation

uk = T ûk, T =


1 0 . . . 0

−1 1
. . .

...
...

. . .
. . . 0

0 . . . −1 1

 ∈ RN×N−1 (9)

Indeed, {uk ∈ RN : 1T
Nuk = 0} = {T ûk : ûk ∈ RN−1}.

Differently from [8], [9] and [10], we show now how to
take into account wind measurements at time instant t. Since
the value dWT (t) in (1) and (2) is known for each WT,
constraints (8b) and (8c) for k = t can be rewritten as

xt+1 = A0xt +But +Bddt

y(t) = C0xt +Dut +Dddt
(10)

where d = (dWT
1 , . . . , dWT

N ) and

A0 = diag(A0,1, . . . , A0,N ), C = diag(C0,1, . . . , C0,N )

A0,i =

[
ĀWT

i 0
0 Av,i

]
, C0,i =

[
C̄WT

i 0
]
.

Therefore, in (8b) the state xt+1 depends in a deterministic
way on xt, ut, since wt is fixed.

Summarizing, using (8c), (9) and (10), we can rewrite the
MPC optimization problem as

min
ûk, ∀k=t:t+Nh

t+Nh∑
k=t

E
[
||yk||2Q + ||ûk||2R̂

]
(11a)

xt+1 = A0xt + B̂ût +Bddt, (11b)

yt = C0xt + D̂ût +Dddt, (11c)

xk+1 = Axk + B̂ûk +Bdwk, ∀k = t+ 1 : t+Nh, (11d)

yk = Cxk + D̂ûk +Ddwk, ∀k = t+ 1 : t+Nh, (11e)

P(ĉTs ûk ≥ umaxs ) ≤ p̃, ∀s = 1 : S,∀k = t : t+Nh, (11f)

where B̂ = BT , D̂ = DT , R̂ = TTRT and ĉTs = cTs T .
Note that constraint (8b) (resp. (8c)) has been split into
constraints (11b) and (11d) (resp. (11c) and (11e)).

C. SMPC regulator

We adopt the approach to SMPC proposed in [15], [16]
and rewrite the stochastic problem (11) as a deterministic
optimization problem solvable through Semi-Definite Pro-
gramming (SDP) [22]. The optimization problem that must
be solved online at each time instant t is

min tr (M0Pt) +

t+Nh∑
k=t+1

tr (MPk) (12)

with respect to the unknowns Ûk, Gk Pk, ¯̂uk, for k = t :
t + Nh, x̄k, for k = t + 1 : t + Nh, θks for k = t : t + Nh
and s = 1 : S, Xk for k = t+ 3 : t+Nh and subject to the
LMI constraints

x̄t+1 = A0xt + B̂ ¯̂ut +Bddt

x̄k+1 = Ax̄k + B̂ ¯̂uk, ∀k = t+ 1 : t+Nh
(13)

Xt = Xt+1 = 0 (14)

Xt+2 = BdΣwB
T
d . (15)

Xk ≥ 0, ∀k = t+ 3 : t+Nh (16)Xk+1 AXk + B̂Gk BdΣw
(∗) Xk 0
(∗) (∗) Σw

 ≥ 0, ∀k = t+3 : t+Nh (17)


Pk

Xk 0
Gk 0
0 I

 x̄k¯̂uk
0


(∗)

[
Xk 0
0 Σ−1

w

]
0

(∗) (∗) 1

 , ≥ 0 ∀k = t+ 2, . . . , Nh (18)

Pj
x̄j¯̂uj

0


(∗) 1

 ≥ 0 (19)

[
Ûk Gk
GTk Xk

]
≥ 0, k = t : t+Nh (20)

ĉTs ¯̂uk ≤
3

4
umaxs − θks

umaxs

, k = t : t+Nh, s = 1 : S (21)

θks > 0, k = t : t+Nh, s = 1 : S (22)

ĉTs Ûk ĉs ≤ θks
1

2

(
1

erf−1(1− 2p̃)

)2

, (23)

k = t : t+Nh, s = 1 : S

where (∗) denotes the matrix transpose of the corresponding
block in the upper triangular part, erf(·) is the Gauss error
function. Moreover,

M0 =

CT0 QC0 CT0 QD̂ CT0 QDd
(∗) TTRT + D̂TQD D̂TQDd
(∗) (∗) DT

d QDd

 ,
and M is defined as M0, by replacing C0 with C. The

control law ût is then obtained as ût = ¯̂ut.
A detailed derivation of problem (12) from problem (11a) is
described in the Appendix of [17]. Here, we just highlight
that, up to the linearization of a square-root function which
is needed for getting the affine constraint (21), feasibility of
(13)-(23) implies that chance constraints (11f) are fulfilled.
Moreover, the cost in (12) provides an upper bound to the
cost in (11a). As shown in [15], tightening of the constraints
(11f) and relaxation of the cost in (11a) are needed for
recasting the original nonlinear optimization problem into
an SDP problem.

D. DMPC regulators
In order to design a DMPC regulator, we do not consider

stochasticity in the optimization problem (11), hence wk = 0,
∀k = t+ 1 : t+Nh, . The resulting MPC problem is

min
¯̂uk, ∀k=t:t+Nh

t+Nh∑
k=t

||ȳk||Q + ||¯̂uk||R̂ + ||εk,1:S ||ρ (24a)

x̄t+1 = A0xt + B̂ ¯̂ut +Bddt, (24b)

ȳt = C0xt + D̂ ¯̂ut +Dddt, (24c)

x̄k+1 = Ax̄k + B̂ ¯̂uk, k = t+ 1 : t+Nh, (24d)

ȳk = Cx̄k + D̂ ¯̂uk, ∀k = t+ 1 : t+Nh, (24e)

ĉTs ¯̂uk ≤ umaxs + εk,s, ∀k = t : t+Nh, ∀s = 1 : S, (24f)
εk,s ≥ 0, ∀k = t : t+Nh, ∀s = 1 : S (24g)



where the bar on a variable denotes the mean value. More-
over, we replace probabilistic constraints (11f) with linear
constraints (24f) where we introduced the slack variables
εk,s. Slack variables are also weighted in the cost function
(24a), where we assume ρ > 0. Using a deterministic MPC
regulator, we have to solve a QP problem at each time instant.
This can be done online even at high sampling rates [22].
Moreover, in absence of constraint on the inputs, constraint
(24f) do not appear in the optimization problem (24). Hence,
the optimal value of slack variables is εk,s = 0, ∀k = t :
t + Nh, ∀s = 1 : S, and we can solve (24) explicitly,
obtaining

(¯̂ut, ¯̂ut+1, . . . , ¯̂ut+Nh)

= −(BTQB +R)−1
(
BTQAxt + BTQBddt

)
(25)

where Q = diag(Q, . . . , Q), R = diag(R, . . . , R) and

B =


D̂ 0 0 0 · · · 0

CB̂ D̂ 0 0 · · · 0

CAB̂ CB̂ D̂ 0 · · · 0
...

...
...

. . .
. . .

...
CANh−1B̂ CANh−2B̂ · · · · · · CB̂ D̂



A =


C0

CA0

CAA0

...
CANh−1A0

 , Bd =


Dd
CBd
CABd

...
CANh−1Bd


In the sequel, we will refer to this approach as Explicit

DMPC (EDMPC). We note that (25) can be easily imple-
mented in a SCADA system without requiring optimization
tools. However, since the input constraints are not involved
in the MPC problem, the matrix R must be chosen properly,
as we will show in the example section.

E. On-line control actions
Summarizing, at each time instant t, the power demand

set-points for the WTs are computed as

Pdem(t) = T ûMPC(t) + Pdem0

where Pdem(t) = (Pdem,1(t), . . . , Pdem,N (t)), Pdem0 =
(Pdem0,1, . . . , Pdem0,N ) and, using the receding horizon
principle, ûMPC(t) is the optimal value ¯̂ut obtained

• solving the SDP optimization (12) for the SMPC regu-
lator

• solving the QP optimization (24) for the DMPC regu-
lator

• computing the control inputs (25) for the EDMPC
regulator.

IV. SIMULATION EXAMPLES

In order to assess the performance of the proposed control
schemes, we use the SWF toolbox [5] without forcing any
simplifications in the generation of the wind field. Moreover,
a WF modeled using the SWF toolbox presents further
nonlinearities that were not considered in the design of
our controller, such as elastic forces for the tower bending
moment and saturation for the pitch actuator and the WT
local controller.Simulations also rely on YALMIP [23] and
MOSEK [24] for solving SDP and QP problems.

A. WF composed of 10 WTs as in [5]

In the first example, we test our control architectures for
a WF composed of 10 WTs arranged as shown in Figure 2
and proposed in [5]. For this example, the WF power demand

Fig. 2: WF layout for example as in [5]. D1 = 600 [m], D2 =
500 [m] and D3 = 300 [m]. (Figure from [5]).

is PWF
dem = 30 [MW ], equally distributed by the scheduler

on the 10 WTs, hence Pdem0,i = 3 [MW ], i = 1 : 10.
Moreover, in the MPC cost function, we set ri = 0.06
for SMPC and DMPC and ri = 0.1 for EDMPC and we
require that |ui(t)| ≤ 0.1 [MW ]. The parameters ri and
the constraints on ui(t) are set in order to guarantee good
performance around the given set-point Pdem0,i. Indeed,
far from the set-point, predictions using a linearized model
could be inaccurate. The prediction horizon is Nh = 2. The
wind speed at the operating point is v0 = 12

[
m
s

]
and its

turbulence is TI = 0.1. The state-space model of the wind
optimal predictor, used for all WTs, is defined in equation
(42) in [17], with variance of the prediction error equal to
0.3512.
In Table I, we summarize performance using different con-
trollers. We note that EDMPC achieves better performance in
terms of tracking of the required power (index Jp). All MPC
schemes lead to a reduced mechanical stress, compared with
the open-loop controller. We also highlight that performance
of DMPC and SMPC are better than using EDMPC: this is
due to the fact that the weights ri are higher for EDMPC in
order to guarantee that the power demand for each WT does
not change more than 0.1 [MW ]. Performance of DMPC
and SMPC are comparable: however, solving online QPs
is computationally less demanding than solving SDPs. In

J̃ JP JMs JMt

Scheduler only 0.2551 0.0027 0.0611 0.1913
EDMPC 7.26% 7.44% 19.69% 3.29%
DMPC 8.96% 5.81% 22.30% 4.75%
SMPC 8.46% 4.78% 21.19% 4.45%

TABLE I: Controllers performance for a WF composed of 10
WTs as in [5]. Table entries have been obtained by averaging
values obtained in 5 simulations of 15 minutes each. Top row:
performances using open-loop scheduling. Other rows: percentage
increment/decrement with respect to the values in the first row. Best
performances are in bold.

Figure 3 we compare the performance of the scheduler (open-
loop strategy) and DMPC (closed-loop strategy). We note



that using DMPC we achieve two aims: i) we guarantee
that the WF produces the power demand required by the
network operator (Figure 3d) by removing the power drop
of the open-loop strategy; ii) we reduce mechanical stress,
by reducing variations in Ms and Mt (Figures 9.c and 9.d in
[17] for the 9-th WT). These goals are achieved by changing
the power demand set-points: in Figure 3a (for the 9-th WT)
we highlight that instead of a constant power set-point, we
allow to change Pdem,9 in a range of 0.1 [MW ] that gives
also good performance in the rate of change of the power
demand set-point (usually |∂Pdem,i

∂t | ≤ 0.1 [MW ], see Figure
3b).
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(b) Gradient of power demand
for WT 9.
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(c) Wind on WT 9.
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(d) Output WF power.

Fig. 3: WF composed of 10 WTs: comparison between scheduler
controller, i.e. open-loop strategy (red) and DMPC, i.e. closed-loop
strategy (blue).

Further simulations analyzing the impact of different pre-
diction horizons and the performance of MPC controllers on
the 100-WTs Thanet offshore WF [25] are reported in [17],
as well as a comparison with the controllers provided with
the SWF toolbox.

V. CONCLUSIONS

In this paper, we proposed MPC-based algorithms for
dispatching a power demand for the whole WF among
different WTs, while minimizing the total mechanical stress.
Our modeling approach includes a predictor of the wind
speed. Future works will focus on increasing performances
by improving the mechanical description of individual WTs
as well as the model of the whole WF by accounting for
interactions among WTs.
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[23] J. Löfberg, “YALMIP: A toolbox for modeling and optimization in
MATLAB,” in Proceedings of IEEE Symposium on Computer Aided
Control Systems Design, 2004, pp. 284–289.

[24] MOSEK ApS, “The MOSEK optimization software,” 2013.
[25] Vattenfall, “Thanet Offshore Wind Farm,” Tech. Rep., 2014. [Online].

Available: www.vattenfall.co.uk/en/thanet-offshore-wind-farm.htm


