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Abstract

The wind energy conversion system (WECS) has a complex structure, and
its state space model is highly nonlinear. Due to the random uncertainty of
wind speed, it poses a huge challenge to achieve optimal control tasks and
ensure the safe and stable operation of the system. Therefore, this article
proposes a stochastic model predictive control strategy based on Polynomial
Chaotic Expansion (PCE), which achieves the control tasks of MPPT and
constant power regions in wind energy conversion systems. Firstly, a simple
algorithm is proposed to obtain a set of basis functions that are suitable
for the stochastic variable wind speed. Then, the obtained basis functions
are used to propagate the uncertainty of the original uncertain differential
equation of the wind energy conversion system through polynomial chaotic
expansion. Combining the operating region and constraint conditions of the
wind energy conversion system, the original stochastic uncertainty problem is
transformed into a deterministic convex optimization problem. Using NREL
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5MW wind turbine as the research object for simulation, the task of capturing
maximum wind energy in MPPT area and tracking rated power points in
constant power area was achieved. The experimental results show that the
proposed control method can effectively improve the wind energy capture
capability and achieve accurate tracking of output power to rated power.

Keywords: Wind energy conversion system, polynomial chaotic expansion,
stochastic model predictive control.

1 Introduction

The transformation of energy from fossil fuels to renewable energy has
become a global trend, and the main reasons for this transformation are
twofold: firstly, environmental impact, as climate change has become increas-
ingly evident in recent years; The second is the scarcity of fossil resources.
Therefore, renewable energy sources such as wind energy, tidal energy, and
solar energy [1] are increasingly receiving attention from scholars around the
world [2]. Among them, wind energy has the highest utilization efficiency and
relatively low production costs, making it a highly promising and efficient
renewable energy source [3].

In recent years, there has been a significant increase in the development
of wind energy conversion systems worldwide, posing new requirements
for their control technology. In recent years, researchers from around the
world have developed various advanced wind power control strategies, such
as adaptive control [4], fuzzy control [5], model predictive control [6], and
sliding mode variable structure control [7]. Model predictive control, as a
model-based optimization control technique, achieves optimal overall closed-
loop performance by repeatedly solving the Optimal control problem in the
rolling time domain [8]. Due to its advantages of explicit constraint handling
and multivariable coupling, it has been widely applied in the control research
of wind energy conversion systems in recent years, especially in the control
of wind power generation systems with multi-objective and multivariable
constraints. Morsi et al. [9] used a linear parameter variation model to extract
the rated power of wind turbines considering wind speed changes, in order
to reduce mechanical loads and power fluctuations. By solving optimization
problems under linear matrix inequality constraints, the optimal control input
for each sampling time was calculated online. The control tasks of wind
energy conversion systems vary in different operating areas. Xing et al. [10]
designed an advanced model predictive control method that considers switch
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performance improvement, achieving continuous control in each area and
effectively alleviating uncertain power fluctuations and mechanical loads
during control mode switching. Gavgani et al. [11] introduced soft switching
multi model predictive control technology, which achieved more captured
energy, better maximum power point tracking quality, lower generator torque
oscillation, and smoother output power curve.

Wind speed is influenced by environmental factors such as season and
air pressure, therefore, the wind energy conversion system exhibits dynamic
uncertainty. In response to this situation, Reddy et al. [12] used radial basis
function network controllers to ensure better dynamic control. Benlahrache
et al. [13] designed a Min max robust model predictive control (RMPC)
strategy for wind power systems, which utilizes the boundary of wind speed
uncertainty to ensure system stability while achieving the rated output power
of the wind turbine under full load operation and reducing torque load.
Lasheen et al. [14] adopted a tube based continuous time robust model
predictive control to ensure the robustness of nonlinear wind power gener-
ation systems operating above rated wind speeds. However, robust model
predictive control [15] only considers wind speed uncertainty as a bounded
disturbance to the wind power generation system, ignoring the distribution
information and variation rules of wind speed changes, resulting in excessive
conservatism of the controller, which may lead to a decrease in accuracy in
the wind power system control process [16].

Stochastic model predictive control (SMPC) can utilize the stochastic
information of interference (including probability density function, mean,
difference, high-order moment, etc.), set probability constraints, optimize
expected performance indicators, and seek a compromise between con-
trol objectives and probability constraints to improve control effectiveness.
Therefore, based on clarifying the stochastic characteristics of uncertainty in
wind power generation systems, designing stochastic model predictive con-
trol can theoretically effectively improve the control efficiency of wind power
systems and achieve system operation optimization with lower conservatism
and stronger resistance to wind speed interference.

However, ensuring the feasibility of stochastic MPC is a major challenge,
as the propagation of uncertainty in WECS dynamics is a challenge. Cur-
rently, Liu et al. [17] proposed a stochastic MPC strategy that combines
probability tubes and robust tubes, taking into account the random uncertainty
caused by wind speed. This strategy achieves low probability and high-
precision tracking of output power exceeding the rated value. However, the
above methods involve linearizing the WECS model and then processing the
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uncertainty, while WECS itself is highly nonlinear [18]. Andrea et al. [19]
proposed a novel stochastic model predictive control algorithm framework
based on polynomial chaotic expansion, which provides us with new ideas
to solve the multiplication uncertainty in WECS. Wind speed has a high
degree of randomness, and we can propagate uncertainty based on its random
information [20].

Based on the above analysis, this paper proposes a PCE based stochastic
model predictive control strategy for WECS, and conducts simulation on the
NREL 5MW wind turbine as the research object. To achieve control tasks in
various operating areas of WECS using PCE based stochastic model predic-
tive control, the following two points should be considered: (1) to construct an
effective control strategy to avoid non convex optimization problems caused
by the strong nonlinearity of WECS; (2) Wind speed has strong randomness
and is influenced by many environmental factors. A reliable optimization
program should be developed to ensure that the proposed control strategy
enables WECS to operate safely and stably in all operating areas.

The main contribution of this article is to apply a stochastic model
predictive control strategy based on polynomial chaotic expansion to the
operation and control of wind energy conversion systems, taking into account
the strong nonlinearity of the wind energy conversion system model and the
strong randomness caused by wind speed, and obtaining better control effects
through simulation.

Therefore, the first section models the wind energy conversion system and
obtains a nonlinear state space model of the wind energy conversion system.
Then, in the second section, we established a stochastic model predictive
control strategy based on polynomial chaotic expansion. The third section
provides a detailed introduction to the implementation of a stochastic model
predictive control method based on polynomial chaotic expansion in wind
energy conversion systems. In the fourth section, a summary of the work
done in this article is provided, as well as prospects for future work.

2 Wind Energy Conversion System Model

To establish a mathematical model for the Wind Energy Conversion System
(WECS), the system is divided into four subsystems. The inputs of WECS
are wind speed v, pitch angle setting value βc, and generator torque setting
value Tg,c, while the outputs of the system are generator power Pg and gen-
erator speed ωg. The WECS architecture diagram is shown in the following
figure [21]:
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Figure 1 Schematic diagram of wind energy conversion system structure.

2.1 Pitch Actuator System Model

The variable pitch control system can be represented by a second-order
model, and its state equation is:{

β̇(t) = β̇(t)

β̈(t) = −ω2
nβ(t)− 2ξωnβ̇(t) + ω2

nβc(t)
(1)

where β(t) is the actual value of the pitch angle, βc(t) representing the control
amount of the pitch angle.

The pitch angle is constrained by the following:

βmin ≤ β(t) ≤ βmax (2)

β̇min ≤ β̇(t) ≤ β̇max (3)

where βmin and βmax represent the minimum and maximum values of the
pitch angle, β̇min and β̇max represent the minimum and maximum values of
the pitch angle change rate, respectively.

2.2 Aerodynamic System Model

The wind turbine blades can only convert a portion of wind energy into
mechanical energy. According to relevant physical principles, the output
power of the wind turbine can be obtained:

Pa(t) =
1

2
ρπR2v3(t)Cp(λ(t), β(t)) (4)

The aerodynamic torque of a wind turbine is:

Tr(t) =
Pa(t)

ωr(t)
=

1

2ωr(t)
ρπR2v3(t)Cp(λ(t), β(t)) (5)

where, as can be seen from formula (5), assuming that ρ, R and v remain
constant, Pa(t) is only determined by the size of Cp(λ(t), β(t)), and R is
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the radius of the wind turbine impeller, Cp(λ(t), β(t)) is the wind energy
utilization coefficient, which is a function of the pitch angle β(t) and blade
tip velocity ratio λ(t). λ(t) is another important parameter of wind turbines,
which is the ratio of the linear velocity at the tip of the wind turbine blades to
the wind speed, i.e.

λ(t) =
Rωr(t)

v(t)
(6)

where ωr(t) is the rotor speed of the wind turbine. The wind energy utiliza-
tion coefficient describes the energy extraction efficiency of wind turbines,
modeled as:

Cp = 0.5176

(
116

λi
− 0.4β − 5

)
e
− 21

λi + 0.0068λ (7)

where λi is represented as:

1

λi
=

1

λ+ 0.08β
− 0.035

β3 + 1

2.3 Drive Train System Model

The transmission chain is the main device for transmitting wind energy,
consisting of low-speed shafts, high-speed shafts, gears, and elastic devices.
The dynamic equation of the transmission chain is as follows:

ω̇r(t) =
Tr(t)

Jr
− ωr(t)Ds

Jr
+

ωg(t)Ds

JrNg
− δ(t)Ks

Jr

ω̇g(t) =
ωr(t)Ds

JgNg
− ωg(t)Ds

JgN2
g

+
δ(t)Ks

JgNg
− Tg(t)

Jg

δ̇(t) = ωr(t)−
ωg(t)

Ng

(8)

where Jr and Jg represent the moment of inertia of the low-speed shaft and
the high-speed shaft, respectively. Ks is the stiffness coefficient of the elastic
device of the transmission chain, Ds is the damping coefficient of the elastic
device of the transmission chain, Ng is the gear ratio, and δ is the shaft torsion
of the flexible transmission chain.
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2.4 Generator and Converter Models

As a whole, the wind turbine and converter models can be replaced by first-
order models, namely the electromagnetic subsystem:

Ṫg(t) = − 1

τg
Tg(t) +

1

τg
Tg,c(t) (9)

where Tg,rated is the rated torque of the generator. Ṫg,min and Ṫg,max represent
the minimum and maximum torque rated of the generator, respectively.

The power generated by the generator can be described as:

0 ≤ Tg(t) ≤ Tg,rated (10)

Ṫg,min ≤ Ṫg(t) ≤ Ṫg,max (11)

where Tg,rated is the rated torque of the generator. Ṫg,min and Ṫg,max represent
the minimum and maximum torque rated of the generator, respectively.

The power generated by the generator can be described as:

Pg(t) = ηgωg(t)Tg(t) (12)

where ηg is the power conversion efficiency.
The power should meet the following constraints:

0 ≤ Pg(t) ≤ Pg,rated (13)

where Pg,rated is the rated output power.

2.5 Stochastic Model of Wind Energy Conversion System

Summarize the above equations and present them in a more general nonlinear
state space form, defined as follows:{

ẋ(t) = f(x(t),u(t), v(t))

y(t) = g(x(t),u(t))
(14)

where x = [ωr(t) ωg(t) δ(t) Tg(t) β(t) β̇(t)]
T , u = [Tg,c(t) βc(t)]

T , y =
[ωg(t) ωr(t) Pg(t)]

T . The detailed expansion formula of the nonlinear model
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of the wind energy conversion system can be found (15)–(16).

ẋ(t) = f(x(t),u(t), v(t)) =



Tr(t)

Jr
− ωr(t)Ds

Jr
+

ωg(t)Ds

JrNg
− δ(t)Ks

Jr

ωr(t)Ds

JgNg
− ωg(t)Ds

JgN2
g

+
δ(t)Ks

JgNg
− Tg(t)

Jg

ωr(t)−
ωg(t)

Ng

− 1

τg
Tg(t) +

1

τg
Tg,c(t)

β̇(t)

−ω2
nβ(t)− 2ξωnβ̇(t) + ω2

nβc(t)

(15)

y(t) =

ωg(t)

ωr(t)

Pg(t)

 =

0 1 0 0 0 0
1 0 0 0 0 0
0 T̄g 0 ω̄g 0 0




ωr(t)

ωg(t)

δ(t)

Tg(t)

β(t)

β̇(t)


(16)

3 SMPC Control Strategy Based on PCE

The main control task of the MPPT area is to track the optimal power coeffi-
cient curve by controlling the wind turbine speed to capture the maximum
wind energy, while the speed tracks the wind speed change by adjusting
the generator torque to maximize the utilization of wind energy, that is, to
maintain the blade tip speed ratio at the optimal value. At this point, the wind
energy utilization coefficient reaches its maximum value. The main control
task of the constant power region is to stabilize the output power at the rated
value, adjust the wind turbine according to the constant power output, and
maintain the output power of the generator at the rated power by adjusting the
pitch angle. Based on the nonlinear state space model (14) of the wind energy
conversion system, a stochastic model predictive controller is established for
the MPPT region and the constant power region using the idea of polynomial
chaotic expansion.
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3.1 Selection of Basis Functions

Due to the influence of seasons, temperature, pressure, and solar radiation,
wind speed has strong randomness, and the distribution of wind speed is
extremely irregular and non-Gaussian distribution. Therefore, the basis func-
tion cannot be directly obtained from conventional distributions. We use the
probability density function of wind speed to construct our unique set of basis
functions {Φi}.

Meanwhile, the basis function must satisfy:

⟨Φm(v),Φn(v)⟩ = ⟨Φ2
m⟩δmn (17)

where δmn represents the Kronecker function, if m = n, δmn = 1; Otherwise,
it is 0; ⟨·, ·⟩ defines the inner product:

⟨Φm(v),Φn(v)⟩ =
∫

Φm(v)Φn(v)f(v)dv =

{
0, m ̸= n

⟨Φ2
m(v)⟩, m = n

(18)

where f(v) is the PDF of the stochastic variable v.
The construction of the basis function set {Φi(v)} makes them mutu-

ally orthogonal to any PDF. Starting from any basis, the Gram Schmidt
orthogonalization method can be used to construct basis functions that are
orthogonal to a given inner product. A common starting basis is a set of unary
polynomials {vj}Lj=0.

According to the Gram Schmid method, constructing any chaotic polyno-
mial basis function [22] is:

Φ0(v) = 1

Φj(v) = vj −
j−1∑
k=0

cjkΦk(v)
(19)

where the coefficient cjk is defined as:

cjk =
⟨vj ,Φk(v)⟩
⟨Φ2

k(v)⟩
(20)
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3.2 The Uncertainty Propagation of Stochastic Differential
Equations

In Equation (14), the system dynamics equation is stochastic, and we can
consider it as a stochastic process. Our task is to use PCE to quantify
stochastic dynamics equations into deterministic dynamics equations. Due
to the presence of uncertainty, the system state x and control input u are
random at every moment. Therefore, this article assumes that the state and
control of the system are both stochastic.

Polynomial Chaos Expansion (PCE) quantifies the uncertainty of the
predicted output by propagating parameter uncertainty through a model.
Polynomial chaotic expansion provides a method of approximation using
convergent expansion, and the PCE expansion models for state variables and
control variables are:

xi(t, v) =
∞∑
l=0

xil(t)Φl(v) i = 1, 2, . . . nx (21)

uj(t, v) =
∞∑
l=0

ujl(t)Φl(v) j = 1, 2, . . . nu (22)

where xil and ujl are expansion coefficients, and Φl(v) is the m-th polyno-
mial chaotic basis function with respect to the stochastic variable v.

Due to practical reasons, the PCE in (21) and (22) must be truncated to
a finite number of terms. The total number of terms in truncated expansion
depends on the number of uncertain parameters and the preservation of the
highest order polynomial basis function in the expansion

xi(t, v) =

L∑
l=0

xil(t)Φl(v) i = 1, 2, . . . nx (23)

uj(t, v) =
L∑
l=0

ujl(t)Φl(v) j = 1, 2, . . . nu (24)

The orthogonality of multivariate polynomials can effectively calculate
the PDF statistic of xi(t, v). For example, the first and second center moments
of xi(t, v):

E[xi(t, v)] = xi0, Var [xi(t, v)] =
L∑
l=1

x2il⟨Φ2
l (v)⟩ (25)
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Due to the highly complex nonlinear model of wind energy conversion
system and the high randomness of wind speed, in this paper, we will choose
the non-invasive polynomial chaotic expansion method based on least squares
estimation [23]. Set M stochastic variable samples, then, execute the original
model solver at each sample point to collect the corresponding target response
{qj = xi(t, vj)}|Mj=1. The determination of PCE coefficients involves the
minimization of residual norm.

x̂il(t, v) = arg min
xil∈NL+1

M∑
j=1

(
qj −

L∑
l=0

xil(t)Φl(vj)

)2

(26)

There are

H =


Φ0(v1) Φ1(v1) · · · ΦL(v1)

Φ0(v2) Φ1(v2) · · · ΦL(v2)

...
...

. . . · · ·
Φ0(vM ) Φ1(vM ) · · · ΦL(vM )

, q =


q1
q2
...

qM

 (27)

Therefore, the least squares solution of Equation (27) is:

x̂il(t, v) = (HTH)−1q (28)

By substituting PCE models (23)–(24) into the stochastic dynamic
equation in Equation (14), it is easy to obtain:

d
(∑L

l=0 xil(t, v)Φl(v)
)

dt

= f

(
L∑
l=0

xil(t, v)Φl(v),
L∑
l=0

ujl(t, v)Φl(v), v

)
i = 1, 2, . . . nx

(29)

For the convenience of subsequent derivation, the following symbols have
been defined for the coefficients appearing in Equations (23)–(24):

x̃i ≜ [xi0(t, v), xi1(t, v), . . . xiL(t, v)]
T ∈ RL+1 (30)

ũj ≜ [uj0(t), uj1(t), . . . ujL(t)]
T ∈ RL+1 (31)

Therefore, Equation (30) can be further written in a compact form as
follows:

˙̃x = f̃(x̃, ũ, v) (32)
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3.3 Objective Function

MPC relies on solving a constrained finite level optimal control problem in
a backward horizontal pattern at each time step. Especially, at each time
step, only the first element of the obtained optimal input sequence is used
as the control action. In the next time step, repeat the process and move the
optimization window forward one step.

When the model parameter vector v is known, the optimal input sequence
can be obtained in a deterministic manner by solving the constrained optimal
control problem on the horizon H . The uncertainty of model parameters can
be considered by explicitly considering the parameter vector v as a random
variable.

Our goal is to adopt a stochastic control scheme, where the control
objective of SMPC is to determine an optimal input sequence that maximizes
the system output to the desired reference trajectory yref while satisfying both
input and output constraints. We have appropriately designed the SMPC cost
function to penalize the difference between the expected output value and the
given reference point.

We consider the cost function as follows:

J =
N∑
i=1

∥ E[y(k + i)]− yref ∥2Qy
+

N−1∑
i=0

∥ u(k + i)− uref ∥2Qu
(33)

Where E[·] is the expectation for the parameter vector v, whose term is
modeled as a stochastic variable. The vectors yref ∈ Rny and uref ∈ Rnu

correspond to the permanent fixed points that MPC needs to reach after
the transient state. Matrices Qy ∈ Rny×ny and Qu ∈ Rnu×nu are design
parameters, where Qy ≥ 0 and Qu > 0.

Optimization control problem (33): Based on the inconsistent control
tasks of the wind energy conversion system in the MPPT region and con-
stant power region, and the different weight coefficients taken, the following
optimization problems are obtained for each.

In the MPPT area, the main control objective is to maximize power con-
version efficiency, and the secondary control objective is to reduce additional
power fluctuations. Therefore, the optimization problem in the MPPT region
is expressed as:

min J =

N∑
i=1

∥ E[ωr(k + i)]− ωref
r (k + i) ∥2Q1

+

N∑
i=1

∥ Tg(k + i)− Tg,c(k + i− 1) ∥2Q2
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s.t. 0 ≤ Tg(t) ≤ Tg,rated

Ṫg,min ≤ Ṫg(t) ≤ Ṫg,max

ωr,in ≤ ωr(t) ≤ ωr,rated

β(k + i) = 0, β̇(k + i) = 0

(34)

In the constant power region, the main control objective is to maintain
the fan output power within the rated value and reduce the fatigue damage of
the fan. Therefore, the optimization problem in the constant power region is
expressed as:

min J =

N∑
i=1

∥ E[Pg(k + i)]− Prated (k + i) ∥2Q1

+
N∑
i=1

∥ β(k + i)− βc(k + i− 1) ∥2Q2

s.t. 0 ≤ Pg(t) ≤ Pg,rated

βmin ≤ β(t) ≤ βmax

β̇min ≤ β̇(t) ≤ β̇max

ωr(k + i) = ωr,rated , Tg(k + i) = Tg,rated

(35)

4 Simulation Analysis

As mentioned earlier, wind energy conversion systems have different control
objectives when operating in the MPPT area and constant power area. There-
fore, in order to verify the effectiveness and superiority of the SMPC control
algorithm based on PCE proposed in this article, simulation simulations will
be conducted on the system in the MPPT region and the constant power
region, respectively.

Simulate a 5MW wind energy conversion system, where the parameter
values in system (15) are shown in Table 1. Set control time domain nc = 100
and sampling period Ts = 0.01s. The number of random variables based
on polynomial chaotic expansion proposed in this chapter is nv = 1, the
highest order of the expansion is m = 3, and the number of terms is L+1 =
(nv+m)!
nv !m! = 4!

1!3! = 4.
Traditional nonlinear model predictive control has significant advantages

in handling nonlinear systems, improving robustness, handling constraint
conditions, and implementation and optimization. Therefore, this article
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Table 1 Wind energy conversion system model parameters
Nomenclature Symbol Unit Value
rated output power Pg,rated MW 5
rotor cut-in angular velocity ωr,in rad/s 0.7226
rotor rated angular velocity ωr,rated rad/s 1.2671
generator rated angular velocity ωg,rated rad/s 122.9096
rated shaft torsion δrated (◦) 0
cut-in wind speed vin m/s 3
rated wind speed vrated m/s 11.2
cut-off wind speed vcut m/s 25
maximum blade pitch βmax (◦) 90
minimum blade pitch βmin (◦) 0
generator rated torque Tg,rated N ·m 43093.55
maximum blade pitch rate β̇max (◦)/s 8
minimum blade pitch rate β̇min (◦)/s −8
maximum generator torque rated Ṫg,max N ·m/s 15000
minimum generator torque rated Ṫg,min N ·m/s −15000
shaft stiffness coefficient Ks N ·m/rad 867636000
Damping coefficient Ds N ·m/(rad/s) 6215000
inertia of the generator Jg Kg ·m2 534.116
inertia of the rotor and the shaft Jr Kg ·m2 38768000
Rotor radius R m 63
Torque actuator time constant τg s 0.1
pitch angle actuator natural frequency ωn rad/s 0.88
sample time Ts s 0.0125
damping constant of pitch angle actuator ξ − 0.1
generator efficiency η % 94.4
gear ratio Ng − 97

designs a comparative simulation between traditional nonlinear model pre-
dictive control and stochastic model predictive control based on polynomial
chaos expansion, analyzes the response results of wind energy conversion
system output power, pitch angle, generator torque, wind turbine rotor speed,
etc., in order to better illustrate the efficiency and superiority of the stochas-
tic model predictive control strategy based on polynomial chaos expansion
proposed in this article. However, traditional nonlinear model predictive
control can only handle bounded uncertainty disturbances and cannot handle
disturbances with random information. Therefore, the solution strategy of
nonlinear model predictive control is different from the stochastic model
predictive control method based on polynomial chaos expansion designed
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in this paper. In order to obtain more fair comparison results, the same
deterministic constraints, control time domain, and sampling interval are
set in both traditional nonlinear model predictive control and the stochastic
model predictive control method based on polynomial chaotic expansion
proposed in this paper.

This section simulates the mechanism model (14) of the wind energy
conversion system and analyzes the control effects achieved by the system
in the MPPT and constant power regions under the influence of traditional
nonlinear model predictive control and stochastic model predictive control
methods based on polynomial chaos expansion.

4.1 MPPT Regional Simulation Verification

The main task in the MPPT area is to adjust the speed of the wind turbine
according to the changes in wind speed, control the blade tip speed ratio
to the optimal value at the moment, and enable the wind turbine to achieve
maximum power tracking. This area is fixed pitch variable speed control, and
the speed of the wind turbine is regulated. The blade tip speed ratio is required
to be maintained at the optimal blade tip speed ratio, with an optimal power
coefficient of 0.48 and an optimal blade tip speed ratio of 8.1. The pitch angle
is always maintained at 0◦. The simulation experiment in the MPPT area is
shown in the following figure. The red solid line and blue solid line in the
simulation results respectively describe the experimental results under SMPC
and NMPC control.

From the above simulation comparison experiment and the data in the
above simulation comparison experiment chart and table, it can be concluded
that the control effect of the PCE based SMPC method proposed in this paper
is significantly better than that of traditional NMPC control, and the tracking

Figure 2 Wind speed distribution map in MPPT region.
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Figure 3 Wind turbine rotor speed and wind energy utilization coefficient.

 
Figure 4 Generator torque and output power.

Table 2 Comparison of simulation results between SMPC and NMPC in MPPT region
Index SMPC NMPC
∆ωr (ITAE) 122.38 153.15
Pg (mean) 1.7161 × 106 1.6853 × 106

Cp (mean) 0.4773 0.4768

effect is also significantly better than that of traditional NMPC control. At the
same time, the power captured by this method is 1.8% higher than that of
traditional NMPC control, and its mean is also higher than that of traditional
NMPC control. This means that the PCE based SMPC method proposed in
this article can achieve better maximum power tracking quality and more
aerodynamic power capture. By comparing the data in the figure and table, it
can be seen that the control effect of the PCE based SMPC method proposed
in this paper is significantly better than that of traditional NMPC control, and
the tracking effect is also significantly better than that of traditional NMPC
control. At the same time, the power captured by this method is increased
by 1.8% compared to traditional NMPC control, and the mean value of this
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Figure 5 Wind speed distribution in the constant power region.

Figure 6 Actual value of pitch angle, actual value of output power and Deviation of output
power.

Table 3 Comparison of simulation results between SMPC and NMPC in constant power
region

Index SMPC NMPC
∆Pg (ITAE) 0.1855 0.2474
Pg (mean) 4.9967 × 106 5.0202 × 106

Pg (standard deviation) 0.0531 × 106 0.827 × 106

Pg (Maximum deviation value) 0.1075 × 106 0.1237 × 106

method is also higher than that of traditional NMPC control, This means
that the PCE based SMPC method proposed in this article can achieve better
maximum power tracking quality and more aerodynamic power capture.

4.2 Constant Power Region Simulation Verification

The main control objective of the constant power zone is to maintain the out-
put power of the wind turbine within the rated value and reduce the fatigue
damage of the wind turbine. This area is pitch control, where the wind turbine
rotor speed, generator rotor speed, and generator torque all reach their rated
values. The simulation experiment in the constant power region is shown in
the following figure. Similarly, the red solid line and blue solid line in the
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simulation results respectively describe the experimental results under SMPC
and NMPC control.

From Figure 14, it can be seen that the PCE based SMPC control method
proposed in this chapter significantly improves the rated output power control
compared to traditional NMPC control. Compared with the rated power of
5MW, the maximum deviation of output power under traditional NMPC
control is 0.1237 MW, while the maximum deviation of output power under
PCE based SMPC control is 0.1075 MW, a decrease of 13.1%, and a signif-
icant improvement in the effect; After calculation and analysis, the average
power values under PCE based SMPC control and traditional NMPC control
are 4.9967 MW and 5.0202 MW, respectively, with standard deviations of
0.0531 MW and 0.0827 MW. The average output power values and stan-
dard deviations under PCE based SMPC control are reduced by 0.49% and
35.79%, respectively. Therefore, in the constant power region, the PCE based
SMPC control method proposed in this paper has a more significant effect on
suppressing the impact of random interference on the system output power.

5 Conclusion

To improve the ability of wind energy conversion systems to cope with wind
energy random disturbances, this paper proposes a stochastic model predic-
tive control strategy based on polynomial chaotic expansion. This strategy
utilizes polynomial chaotic expansion to propagate uncertainty, transforming
the original stochastic uncertainty problem into a deterministic convex opti-
mization problem. Simulation is conducted in the operating area of the wind
energy conversion system, and compared and analyzed with the standard
nonlinear model predictive control method. The main conclusions can be
summarized as follows:

(1) By using polynomial chaotic expansion to propagate the uncertainty
of the system, stochastic problems can be transformed into convex
optimization problems, which can be applied to the control of wind
power. This can simplify the complex stochastic control problem of
wind energy conversion systems. Meanwhile, this algorithm can ensure
that the MPC optimization problem is iteratively feasible, and the
closed-loop system is asymptotically stable at any stage.

(2) The PCE based SMPC control strategy designed in this article can
effectively solve the uncertainty problem of wind energy conversion
systems, has strong tracking ability, and effectively improves the wind
energy capture ability of wind energy conversion systems.
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(3) The SMPC control strategy based on PCE designed in this article can
quickly stabilize the power generation near the rated value, reduce the
fluctuation range of power, and effectively suppress the interference of
random disturbances.

The PCE based SMPC control strategy proposed in this article has
achieved good results in the control of a single wind turbine. Compared
with traditional nonlinear MPC methods, it has significant advantages in both
wind energy capture capability and suppressing power random fluctuations.
In recent years, the domestic wind power industry has experienced explosive
growth, mainly developing large-scale wind farms. It is necessary to achieve
control over wind farm clusters. Future research will focus on the control
of wind farm clusters, and the PCE based SMPC strategy combined with
distributed control ideas proposed in this article will be applied to the control
of wind farm clusters.
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