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Abstract 

This paper proposes a computationally efficient sensorless control framework for a per-
manent magnet synchronous generator (PMSG)-based wind energy conversion system 
(WECS) employing three-level neutral-point-clamped (3L-NPC) back-to-back converters. 
A high-gain observer is developed to estimate grid voltages, frequency, and electrical an-
gle, with its estimation error analyzed using Lyapunov theory to establish uniform ulti-
mate boundedness. An integral sliding mode control (ISMC) combined with finite-con-
trol-set model-predictive control (FCS-MPC) is employed to regulate the system. To re-
duce the computational burden, a two-stage search algorithm is proposed, reducing the 
number of evaluated switching combinations from 27 to 7 per sampling period while 
maintaining comparable control performance. The proposed strategy is evaluated 
through Processor-in-the-Loop (PIL) simulations using MATLAB/Simulink and the 
LAUNCHXL-F28379D DSP platform. The observer is tested under sudden variations in 
grid voltage amplitude, abrupt frequency changes, frequency ramps, and measurement 
noise. The results show that the estimated variables converge toward their actual values, 
with increased fluctuations under measurement noise. The control strategy is evaluated 
under wind-speed variations and parametric uncertainties with a stochastic wind profile. 
Under nominal conditions, both FCS-MPC methods show comparable control perfor-
mance, while the proposed method requires less execution time. Under parametric uncer-
tainties, the proposed method improves DC-link voltage regulation and neutral-point 
voltage balancing, achieving a grid-current THD of 0.99%, compared with 2.43% for con-
ventional FCS-MPC. 
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1. Introduction 
Over the past few years, electricity has become the most widely used energy source 

globally, owing to its cleanliness and efficiency. In this context, the production of electrical 
energy has experienced significant development and represents a crucial area of research 
aimed at identifying suitable resources. Electricity producers have turned to renewable 
energy sources. Wind energy represents a promising and more cost-effective source, ac-
counting for a significant share of the electricity generated from renewable energy sources 
[1]. The variation in wind energy production makes the development of wind energy con-
version systems (WECSs) an appealing area of scientific research aimed at maximizing 
and adapting the extracted power to meet usage needs [2]. 

The capacity of installed wind turbines has seen a significant increase, requiring large-
diameter turbines operating at low rotational speeds to minimize mechanical stresses re-
lated to design and implementation. The permanent magnet synchronous generator 
(PMSG) offers beneficial characteristics in terms of energy efficiency, self-excitation, control 
flexibility, reliability, ease of maintenance, and direct operation at low speeds, making the 
PMSG a favorable choice for high-power wind turbines. The use of power converters is es-
sential. There are two types of configurations: the direct configuration, which uses a single 
AC/AC converter, and the indirect configuration, which uses two or more converters. The 
back-to-back topology with multilevel converters presents a promising solution for PMSG-
based WECS, offering better performance in terms of total harmonic distortion (THD) and 
conversion efficiency. However, increasing the number of voltage levels requires more elec-
tronic devices and makes system control more complex. The back-to-back configuration 
with a three-level neutral-point-clamped (3L-NPC) converter remains an attractive choice, 
providing a good balance between energy quality, reduced switching losses, and DC-link 
voltage balance compared to the more complex five-level structure [3–5]. 

Several control techniques have been developed for WECSs, some employing mod-
ulators and others operating without them [6]. The PI controller is widely used for con-
trolling wind systems. This controller generates the reference signal, which is then used 
by the modulator to produce the converter control signal. However, this modulation block 
adds an extra computational load. Other advanced control techniques have been devel-
oped for WECSs. In [7], a controller was designed based on fuzzy logic combined with a 
proportional–integral (PI) regulator, where the gains were optimized using interval Type-
2 fuzzy logic. The developed regulator was tested under three-phase fault conditions and 
demonstrated the performance of the adopted strategy. However, the fuzzy logic tech-
nique requires a deep understanding of the system, a well-defined control rule base, and 
a significant number of tuning parameters, which can increase complexity and potentially 
affect control performance. Other control strategies have also been developed, including 
backstepping [8,9], adaptive control [10] and sliding mode control [11,12]. 

These control techniques operate with a fixed switching frequency and offer good stabil-
ity and robustness. However, the continuous control laws generated must be converted into 
discrete switching states using the Pulse Width Modulation (PWM) method, which becomes 
more complex for multilevel converters [6,13]. Additionally, the neglect of constraints related 
to state variables and control inputs can sometimes result in control laws that are not feasible. 

FCS-MPC is an appealing technique for dynamic system control and represents an 
important development avenue for controlling power converters that include the nonlin-
earity and limitations of electronic devices [14]. It is a discrete, direct, and nonlinear tech-
nique that addresses some of the drawbacks of indirect control methods. It offers several 
advantages, such as flexibility and simplicity in implementation on digital control boards, 
due to its discrete control criterion, which facilitates the transition from simulation models 
to practical realization. FCS-MPC eliminates the modulation step by directly selecting the 
combination to apply to the converter to minimize the cost function [15]. It executes a 
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finite number of iterations, which depends on the topology being controlled. The cost 
function can include all system state variables to be optimized, with predefined con-
straints. It ensures better management of multivariable control independently, without 
the use of compensation terms, thanks to weighting coefficients [16]. 

However, the computational burden of FCS-MPC increases with the number of 
switching states considered in the optimization process. For a 3L-NPC converter, the con-
ventional FCS-MPC evaluates 27 switching states during each sampling period, which can 
increase the computational requirements of the control system. Several research works on 
predictive control for WECSs have been published. In [17], a new control approach com-
bining FCS-MPC and the Lyapunov function was developed to ensure the stability of the 
wind-power production chain during both standard and fault scenarios. The increase in 
DC-bus voltage is limited by using active energy storage through the inertia of the PMSG. 
However, the proposed method exhibits variable operating frequencies. 

In [18], a nonlinear technique was used for the WECS with 2L-NPC back-to-back con-
verters. The PI regulator and the SMC are used for the external loops on the machine side 
and the grid side, respectively, while predictive control is applied to the internal loops. The 
cost function minimization algorithm examines all possible combinations to determine the 
optimal switching state. The developed technique was validated both through simulation 
and experimentally. In [19], a new adaptive control strategy based on FCS-MPC for the back-
to-back 3L-NPC conversion chain was proposed. The sliding mode technique is employed 
for the development of a load torque observer as well as the speed controller of the PMSG. 
The cost function minimization algorithm handles the 27 switching states to determine the 
optimal combination to apply to the converter, which increases the computational load. 

To reduce this computational burden, Mayilsamy et al. [20] proposed a two-step cas-
caded cost function minimization algorithm based on virtual space vectors. The first phase 
aims to identify the sector, while the second phase determines the optimal combination, 
reducing the number of iterations compared with the conventional 27-state evaluation. 
However, the reference current on the machine side is provided by the optimal torque 
controller. In addition, these works rely on a set of sensors to measure the variables re-
quired for implementing the control strategies, which affects system reliability and in-
creases its complexity. Therefore, reducing the number of evaluated switching states 
while reducing sensor dependency remains an important issue for the implementation of 
FCS-MPC in PMSG-based WECSs. 

In this work, a WECS using a PMSG associated with two 3L-NPC converters interfaced 
with the electrical grid through an RL filter is investigated. The proposed control approach 
is designed to ensure: (i) efficient capture of wind aerodynamic energy; (ii) DC-link voltage 
regulation around its reference together with capacitor voltage balancing; and (iii) grid-side 
operation at unity power factor while reducing computational load. To achieve these objec-
tives, a direct nonlinear control strategy based on FCS-MPC is employed. ISMC is adopted 
for the outer loops, and predictive current control with a new cost function minimization 
algorithm is used for the inner loops. The proposed algorithm reduces the number of eval-
uated switching states from 27 to 7 per sampling period. Moreover, a high-gain observer is 
designed to perform online estimation of the grid state variables that are not directly meas-
urable, including grid voltages, angular frequency, and electrical angle, thereby reducing 
the need for additional grid sensors. A Lyapunov-based analysis is also provided to estab-
lish the uniform ultimate boundedness of the estimation error. 

In this work, the sensorless approach estimates the PMSG mechanical speed and 
torque, as well as the grid voltages, angular frequency, and phase angle. Other variables, 
including wind speed, electrical currents, and DC-link capacitor voltages, are measured. 

This paper presents the following contributions: 
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 A high-gain observer for sensorless estimation of grid voltages, angular frequency, 
and electrical angle. 

 A hybrid ISMC–FCS-MPC framework for robust control of PMSG-based WECSs un-
der parameter uncertainties and variable wind conditions. 

 A two-stage FCS-MPC algorithm that reduces the evaluated switching states from 27 
to 7 per sampling period. 

 MATLAB/Simulink (R2024b) and Processor-in-the-Loop (PIL) evaluations using the 
LAUNCHXL-F28379D platform to assess control performance and computational ef-
ficiency. 

The remaining content of this article is structured as follows: Section 2 presents the 
description and modeling of the wind energy conversion chain; Section 3 provides a de-
tailed description of the observer design; Section 4 illustrates the development of the con-
troller for the machine side and the grid side; Section 5 discusses the simulation results; 
and the final section concludes the paper. 

2. System Modeling 
The WECS consists of a turbine and a high-power PMSG connected to the grid via 

two 3L-NPC power converters, interfaced by a DC bus composed of two identical capac-
itors, as shown in Figure 1. 

The turbine power coefficient is given by the following equation [21]: 𝐶୮ ൌ 0.576 ቀଵଵ଺ఒ౟ − 0.4𝛽 − 5ቁ 𝑒షమభഊ౟ ൅ 0.0068. 𝜆  (1)

𝜆 ൌ ఠ.ோ௏౬   (2)

ଵఒ౟ ൌ ଵఒା଴.଴଼ఉ − ଴.଴ଷହఉయାଵ  (3)

The tip-speed ratio and the blade pitch angle are represented by 𝜆 and 𝛽 , respec-
tively. The turbine blade radius is denoted by 𝑅, while the wind velocity and the angular 
speed are given by 𝑉୴ and 𝜔, respectively. 

The aerodynamic power extracted from the wind turbine can be formulated as follows: 𝑃ୟ ൌ ଵଶ 𝐶୮ሺ𝜆,𝛽ሻ.𝜌.𝜋.𝑅ଶ.𝑉୴ଷ  (4)

where 𝜌 is the air density. 

 

Figure 1. Overall structure of the WECS using a 3L-NPC converter. The arrows indicate the wind 
direction. 
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The PMSG continuous model is given by [22]: ௗ௜౩ಉௗ௧ = ଵ௅ೞ ൫ 𝑉ୱ஑ − 𝑅௦𝑖ୱ஑ + 𝑝.ΩΦ୰ஒ൯  (5)

ௗ௜౩ಊௗ௧ = ଵ௅ೞ ൫𝑉ୱஒ − 𝑅௦𝑖ୱஒ − 𝑝.𝛺𝛷୰஑൯  (6)

ௗஐௗ௧ = ଵ௃ ሺ𝑇 − 𝑇୫ − 𝑓ୡΩሻ  (7)

where 𝑉ୱ஑, 𝑉ୱஒ and 𝑖ୱ஑, 𝑖ୱஒ denote the voltage and current of the machine in the 𝛼𝛽 ref-
erence frame; 𝑅ୱ  is the stator resistance; 𝐿ୱ  is the stator inductance of the PMSG; ൫Φ୰஑,Φ୰ஒ൯ denote the rotor flux; and Ω is the rotor mechanical speed. 𝑇  is the electro-
magnetic torque, 𝑝 is the number of pole pairs of the PMSG, 𝐽 is the total moment of 
inertia of the system, 𝑇୫ is the mechanical torque, and 𝑓ୡ is the viscous friction. 

The Euler method is applied over a sampling period 𝑇ୱ. Equations (5) and (6) then 
become [23]: 

ቐ𝑖ୱ஑ሺ𝑘 + 1ሻ = ቀ1 − ோ౩ ౩்௅౩ ቁ 𝑖ୱ஑ሺ𝑘ሻ + ௣ ౩்஍౨ಊ௅౩ .Ωሺ𝑘ሻ + ౩்௅౩ 𝑉ୱ஑(𝑘)𝑖ୱஒ(𝑘 + 1) = ቀ1 − ோ౩ ౩்௅౩ ቁ 𝑖ୱஒ(𝑘) − ௣ ೞ்஍౨ಉ௅౩ .Ω(𝑘) + ౩்௅ೞ 𝑉ୱஒ(𝑘)  (8)

The discrete representation of the GSC is given by: 

൞𝑖୥஑(𝑘 + 1) = ൬1 − ோ౜ ౩்௅೑ ൰ 𝑖୥஑(𝑘) + ౩்௅౜ 𝑉୧஑ − ౩்௅౜ 𝑉୥஑𝑖୥ஒ(𝑘 + 1) = ቀ1 − ோ౜ ౩்௅౜ ቁ 𝑖୥ஒ(𝑘) + ౩்௅౜ 𝑉୧ஒ − ౩்௅౜ 𝑉୥ஒ  (9)

where 𝑖୥஑ , 𝑖୥ஒ  are the grid current, ൫𝑉୧஑,𝑉୧ஒ൯ and ൫𝑉୥஑,𝑉୥ஒ൯ are the inverter voltage and 
grid voltage in the αβ-frame, and 𝐿୤  and  𝑅୤  represent the filter inductance and re-
sistance. 

The DC-bus dynamics can be described as [24]: ଵଶ 𝐶𝑉 ୡ ௗ௏ౚౙௗ௧ = 𝑃ୱ − 𝑃୥  (10)

where 𝐶 = 𝐶ଵ = 𝐶ଶ, 𝑃ୱ is the power generated by the PMSG, and 𝑃୥ is the active power 
delivered to the grid, given by [25]: 𝑃୥ = ଷଶ ൫𝑉୥ୢ𝑖୥ୢ + 𝑉୥୯𝑖୥୯൯  (11)

For the two 3L-NPC converters, each leg is formed by four IGBTs and two clamping 
diodes. The control signals of the IGBTs are denoted as 𝑆ϒഖೕ  where 𝜒 ∈ ሼ𝑎, 𝑏, 𝑐ሽ represents 
the phase name, ϒ ∈ ሾ𝑚,𝑔ሿ indicates rectifier (m) or inverter (g), and 𝑗 ∈ ሼ1,2,3,4ሽ  repre-
sents the switch number, as illustrated in Figure 1. The control of the upper and lower 
switches is complementary. For example, for phase (a) of the MSC, 𝑆௠ೌభ = 𝑆௠ೌయ  and 𝑆௠ೌమ = 𝑆௠ೌర, and similarly for the other phases of the two converters. The DC bus includes 
two similar capacitors so that the net DC-bus voltage is equally distributed (௏ౚౙଶ = 𝑉௖ଵ = 𝑉ୡଶ). 
Three nodes are defined: the negative node (N), the positive node (P), and the neutral node 
(Z). The input terminals of the MSC and the output terminals of the GSC are alternated 
between (P), (N), and (Z). The number of possible combinations is 27 for each converter. 

The prediction of the DC-bus capacitor voltages is given by the following relations [26]: 𝑉ୡଵ(𝑘 + 1) = 𝑉ୡଵ(𝑘) + ౩்஼భ ൫𝑖୮୫(𝑘) − 𝑖୮୥(𝑘)൯  (12)

𝑉ୡଶ(𝑘 + 1) = 𝑉ୡଶ(𝑘) + ౩்஼మ ൫𝑖୮୫(𝑘) + 𝑖୸୫(𝑘) − 𝑖୮୥(𝑘) − 𝑖୸୥(𝑘)൯  (13)
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with ሾ𝑉௖ଵ(𝑘),𝑉௖ଶ(𝑘)ሿ representing the voltages measured at time k across the capacitors, ൣ𝑖୮୫(𝑘), 𝑖୸୫(𝑘))൧  are the currents entering the DC bus on the rectifier side, and ൣ𝑖୮୥(𝑘), 𝑖୸୥(𝑘)൧ are the currents leaving the DC bus, which can be approximated by: 

ቈ𝑖୮୥(𝑘)𝑖୸୥(𝑘)቉ = ൤𝑆୥౗భ𝑆୥౗మ 𝑆୥ౘభ𝑆୥ౘమ 𝑆୥ౙభ𝑆୥ౙమ𝑆୥౗మ𝑆୥౗య 𝑆୥ౘమ𝑆୥ౘయ 𝑆୥ౙమ𝑆୥ౙయ൨ ቎𝑖୥ୟ𝑖୥ୠ𝑖୥ୡ቏  (14)

Depending on the applied combination, the inverter’s terminals can be linked either 
to the potential (P), the potential (N), or the potential (Z) of the DC bus. The resulting 
voltages are given by the following relationship: 

ቌ𝑉ୟ౟୒(𝑘)𝑉ୠ౟୒(𝑘)𝑉ୡ౟୒(𝑘)ቍ = 𝑉ୡଵ(𝑘)ቌ𝑆୥౗భ𝑆୥ౘభ𝑆୥ౙభቍ + 𝑉ୡଶ(𝑘)ቌ𝑆୥౗మ𝑆୥ౘమ𝑆୥ౙమቍ  (15)

with ൣ𝑉ୟ౟୒(𝑘),𝑉ୠ౟୒(𝑘),𝑉ୡ౟୒(𝑘)൧ representing the voltages across the inverter outputs rela-
tive to the (N) potential. 

The expression of the inverter output voltages in the αβ reference frame is obtained 
by applying the Clarke transformation: 

൬𝑉୧஑(𝑘)𝑉୧ஒ(𝑘)൰ = 𝑉ୡଵ(𝑘)𝑀ୟୠୡ/஑ஒ ቌ𝑆୥౗భ𝑆୥ౘభ𝑆୥ౙభቍ + 𝑉ୡଶ(𝑘)𝑀ୟୠୡ/஑ஒ ቌ𝑆୥౗మ𝑆୥ౘమ𝑆୥ౙమቍ  (16)

with 𝑀ୟୠୡ/஑ஒ = ଶଷ ቌ1 −ଵଶ − ଵଶ0 √ଷଶ − √ଷଶ ቍ as the Clarke transformation matrix. 

The equation above is used to predict the inverter output voltages at each sampling 
instant based on the switching states of the power devices. 

Following the same analysis performed for the inverter, the input voltages on the 
machine-side converter are given by the following equation: 

ቌ𝑉ୟ౨୒(𝑘)𝑉ୠ౨୒(𝑘)𝑉ୡ౨୒(𝑘)ቍ = 𝑉ୡଵ(𝑘)ቌ𝑆୫౗భ𝑆୫ౘభ𝑆୫ౙభቍ + 𝑉ୡଶ(𝑘)ቌ𝑆୫౗మ𝑆୫ౘమ𝑆୫ౙమቍ  (17)

The input voltages of the rectifier in the αβ frame are expressed by: 

൬𝑉ୱ஑(𝑘)𝑉ୱஒ(𝑘)൰ = 𝑉ୡଵ(𝑘)𝑀ୟୠୡ/஑ஒ ቌ𝑆୫౗భ𝑆୫ౘభ𝑆୫ౙభቍ + 𝑉ୡଶ(𝑘)𝑀ୟୠୡ/஑ஒ ቌ𝑆୫౗మ𝑆୫ౘమ𝑆୫ౙమቍ  (18)

Equations (16) and (18) are used to establish the relationship between the AC-side 
voltages of the converters and the switching states of their switches. 

For instance, for the switching combination (𝑆ϒ౗భ𝑆ϒ౗మ𝑆ϒౘభ𝑆ϒౘమ𝑆ϒౙభ𝑆ϒౙమ) = (110000) , 
the resulting voltage vector is: 

൬𝑉஑𝑉ஒ൰ = 𝑉ୡଵ𝑀ୟୠୡ/஑ஒ ൭100൱ + 𝑉ୡଶ𝑀ୟୠୡ/஑ஒ ൭100൱ = ቆସଷ 𝑉ୡଵ0 ቇ = 𝑉଻  (19)

The same procedure is applied to the other 26 combinations. Table 1 presents all the 
combinations along with their corresponding voltage vectors, thereby summarizing the 
relationship between each switching combination and its voltage vector. 
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Table 1. Voltage vectors and corresponding switching combinations of the 3L-NPC converter. 

Voltage vector 𝑽𝟎 𝑽𝟏 𝑽𝟐 𝑽𝟑 𝑽𝟒 𝑽𝟓 
Switching combinations 
(𝑆ϒೌభ𝑆ϒೌమ𝑆ϒ್భ𝑆ϒ್మ𝑆ϒ೎భ𝑆ϒ೎మ) 

(000000); (010101) 
(111111) 

(010000) 
(110101) 

(010100) 
(111101) 

(011101) 
(000100) 

(011111) 
(000101) 

(010111) 
(000001) 

Voltage vector 𝑽𝟔 𝑽𝟕 𝑽𝟖 𝑽𝟗 𝑽𝟏𝟎 𝑽𝟏𝟏 𝑽𝟏𝟐 
Switching combinations 
(𝑆ϒೌభ𝑆ϒೌమ𝑆ϒ್భ𝑆ϒ್మ𝑆ϒ೎భ𝑆ϒ೎మ) 

(110111) 
(010001) 

(110000) (110100) (111100) (011100) (001100) (001101) 

Voltage vector 𝑽𝟏𝟑 𝑽𝟏𝟒 𝑽𝟏𝟓 𝑽𝟏𝟔 𝑽𝟏𝟕 𝑽𝟏𝟖  
Switching combinations 
(𝑆ϒೌభ𝑆ϒೌమ𝑆ϒ್భ𝑆ϒ್మ𝑆ϒ೎భ𝑆ϒ೎మ) (001111) (000111) (000011) (010011) (110011) (110001)  

The distribution of the 19 voltage vectors in the αβ plane is shown in Figure 2. 

 

Figure 2. Space vector diagram of the 3L-NPC converter. 

3. Grid Observer 
The objective of this section is to develop a grid-side observer capable of estimating 

the electrical grid variables that are not directly measured, namely the grid voltages 𝑉୥஑,𝑉୥ஒ, as well as the grid angular frequency 𝑤୥ and electrical angle 𝜃୥. This estimation 
enhances the reliability of the WECS by reducing the need for additional sensors. Consider 
the following grid-side model [27]: 

⎩⎪⎪
⎪⎪⎨
⎪⎪⎪
⎪⎧ ௗ௜ౝಉௗ௧ = −ோ౜௅౜ 𝑖୥஑ + ௏౟ಉ௅౜ − ௏ౝಉ௅౜         ௗ௜ౝಊௗ௧ = −ோ౜௅౜ 𝑖௚ఉ + ௏౟ಊ௅౜ − ௏ౝಊ௅౜           ௗ௏ౝಉௗ௧ = 𝑤୥ට𝑉୥஑ଶ + 𝑉୥ஒଶ cos൫𝜃୥൯ௗ௏೒ഁௗ௧ = 𝑤୥ට𝑉୥஑ଶ + 𝑉୥ஒଶ sin൫𝜃୥൯ௗఏౝௗ௧ = 𝑤୥                                           ௗ௪ౝௗ௧ = 𝛽ଵ(𝑡)                                    

  (20)
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where 𝑤୥ and 𝜃୥ denote the grid angular frequency and the grid phase angle, respec-
tively. The term 𝛽ଵ(𝑡) represents a bounded, unknown, time-varying function. 

The relationship between the amplitude of the grid electromotive force 𝐸୥  and the 

voltage components 𝑉୥஑ and 𝑉୥ஒ is given as follows: 𝐸୥ = ට𝑉୥஑ଶ + 𝑉୥ஒଶ 

Model (20) can be rewritten in the following form: ቊ𝑋ሶ(𝑡) = 𝑔൫𝑋(𝑡),𝑢(𝑡)൯ + 𝛽(𝑡)𝑌(𝑡) = 𝐶.𝑋(𝑡)                           (21)

With 𝑋 = ൥𝑋ଵ𝑋ଶ𝑋ଷ൩ , where 𝑋ଵ = ሾ𝑥ଵଵ 𝑥ଵଶሿ் = ൣ𝑖୥஑ 𝑖୥ஒ൧்  represents the measured varia-

bles, 𝑋ଶ = ሾ𝑥ଶଵ 𝑥ଶଶሿ் = ൣ𝑉୥஑ 𝑉୥ஒ൧்  and 𝑋ଷ = ሾ𝑥ଷଵ 𝑥ଷଶሿ் =  ൣ𝜃୥ 𝑤୥൧்  and 𝛽(𝑡) =ሾ0 0 0 0 0 𝛽ଵ(𝑡) ሿ் 𝐶 = ሾΙଶ Οଶ Οଶሿ, where Ιଶ and Οଶ denote, respectively, the identity ma-
trix and the zero matrix of order 2. 

The dynamic vector is given by: 

𝑔൫𝑋(𝑡),𝑢(𝑡)൯ =
⎝⎜
⎜⎜⎜
⎛ −ோ౜௅౜ 𝑥ଵଵ + ௏౟ಉ௅౜ − ௫మభ௅౜− ோ౜௅౜ 𝑥ଵଶ + ௏౟ಊ௅౜ − ௫మమ௅౜𝑥ଷଶඥ𝑥ଶଵଶ + 𝑥ଶଶଶ cos(𝑥ଷଵ)𝑥ଷଶඥ𝑥ଶଵଶ + 𝑥ଶଶଶ sin(𝑥ଷଵ)𝑥ଷଶ0 ⎠⎟

⎟⎟⎟
⎞

  (22)

Assume that a Lipschitz diffeomorphism Φ(𝑋) exists. The transformation of System 
(21) from 𝑋 to 𝑍 can be written as follows: Φ(𝑋):𝑋 → 𝑍 = ቆ௓భ௓మ௓యቇ ;  Φ(𝑋) = ቆ஍భ(௑)஍మ(௑)஍య(௑)ቇ  (23)

where 

⎩⎪⎪⎪
⎨⎪
⎪⎪⎧ 𝑍ଵ = ቂ𝑧ଵଵ𝑧ଵଶቃ = ቂ𝑥ଵଵ𝑥ଵଶቃ                                              𝑍ଶ = ቂ𝑧ଶଵ𝑧ଶଶቃ = ቎− ௫మభ௅౜− ௫మమ௅౜ ቏                                            𝑍ଷ = ቂ𝑧ଷଵ𝑧ଷଶቃ = ቎− ௫యమ௅౜ ඥ𝑥ଶଵଶ + 𝑥ଶଶଶ cos(𝑥ଷଵ)−௫యమ௅౜ ඥ𝑥ଶଵଶ + 𝑥ଶଶଶ sin(𝑥ଷଵ)቏

  (24)

The system dynamics in the Z coordinates are expressed as follows: 

ቐ 𝑧ሶଵ = 𝑧ଶ + 𝑓ଵ(𝑧ଵ,𝑢)                        𝑧ሶଶ = 𝑧ଷ +  𝑓ଶ                                      𝑧ሶଷ =  𝑓ଷ(𝑧,𝑢) + χ(z)β(t)                 (25)

with 
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⎩⎪⎪
⎪⎨
⎪⎪⎪
⎧ 𝑓ଵ = ቌିೃ౜ಽ౜௭భభାೇ౟ಉಽ౜ିೃ౜ಽ౜௭భమାೇ౟ಊಽ౜ ቍ                                                                                           

 𝑓ଶ = ൫଴଴൯                                                                                                             𝑓ଷ = ቀି௫యమ௭యమ௫యమ௭యభ ቁ                                                                                                    χ(z)β(t) = ൭ିభಽ౜ඥ௫మభమା௫మమమ ୡ୭ୱ(௫యభ)ఉభ(௧)ି భಽ౜ඥ௫మభమା௫మమమ ୱ୧୬(௫యభ)ఉభ(௧)൱                                                                                
  (26)

System (25) can be written in the following form: ൜𝑧ሶ(𝑡) = 𝐴𝑧(𝑡) + 𝑓(𝑧,𝑢) + Bχ(z)β(t)        𝑦(𝑡) = 𝐶. 𝑧(𝑡)                                                  (27)

where 𝑓(𝑧,𝑢) = ቆ௙భ௙మ௙యቇ; 𝐴 = ൭Οଶ Ιଶ ΟଶΟଶ Οଶ ΙଶΟଶ Οଶ Οଶ൱; and 𝐵 = ൭ΟଶΟଶΙଶ ൱ 

Assumptions 1. 

 The unknown time-varying function 𝛽(𝑡) is uniformly bounded, i.e., ∃𝛽଴ > 0; ∀ 𝑡 ≥ 0: ‖β(t)‖ ≤ 𝛽଴  (28)

 The grid voltage amplitude is constant and strictly positive, and the grid angular frequency 
is bounded: 𝐸௚ = 𝐸଴ > 0;   0 < 𝑤௠௜௡ ≤ 𝑤௚ ≤ 𝑤௠௔௫  (29)

The actual and estimated trajectories are assumed to remain within a bounded admissible oper-
ating domain consistent with the grid voltage model. The grid phase angle is considered modulo 2𝜋. 

Checking the observability of System (27) is an essential step. For this purpose, we 
compute the Jacobian of the diffeomorphism corresponding to the considered transfor-
mation. 

𝛬 = డ஍(௑)డ௑ =
⎝⎜
⎜⎜⎜
⎜⎛

1 0 0 0 0 00 1 0 0 0 00 0 − ଵ୐౜ 0 0 00 0 0 − ଵ௅౜ 0 00 0 −௫యమ௫మభ௅౜𝐸g cos(𝑥ଷଵ) −௫యమ௫మమ௅౜𝐸g cos(𝑥ଷଵ) ௫యమ𝐸g௅౜ sin(𝑥ଷଵ) ି𝐸g௅౜ cos(𝑥ଷଵ)0 0 −௫యమ௫మభ௅౜𝐸g sin(𝑥ଷଵ) −௫యమ௫మమ௅౜𝐸g sin(𝑥ଷଵ) −௫యమ𝐸g௅౜ cos(𝑥ଷଵ) ି𝐸g௅౜ sin(𝑥ଷଵ)⎠⎟
⎟⎟⎟
⎟⎞

  (30)

In order to determine the rank of the Jacobian, we compute its determinant. det(𝛬) = − ଵ௅౜ర 𝑥ଷଶ(𝑥ଶଵଶ + 𝑥ଶଶଶ) = − ଵ௅౜ర 𝑤୥𝐸୥ଶ  (31)

The determinant of the Jacobian matrix is nonzero when 𝑤୥ ≠ 0 and 𝐸୥ ≠ 0. There-
fore, the Jacobian is full rank, and the transformation Φ(𝑋) is locally invertible, allowing 
the system states to be locally reconstructed. 

Based on the transformed model, the high-gain observer is defined as follows [25]: 𝑍መሶ(𝑡) = 𝐴𝑍መ(𝑡) + 𝑓൫𝑍መ ,𝑢൯ − 𝜃∆ఏିଵ𝐾𝐶(𝑍መ(𝑡) − 𝑍(𝑡))  (32)

where 𝜃 is a positive observer parameter, ∆ఏ is a diagonal matrix given by: 
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∆஘= 𝑑𝑖𝑎𝑔(Ιଶ, ଵఏ Ιଶ, ଵఏమ Ιଶ)  

and 𝐾𝜖ℝ଺×ଶ is the observer gain matrix. 
Based on the Routh–Hurwitz criterion, the matrix (𝐴 − 𝐾𝐶) is Hurwitz if the gain 𝐾 

is chosen as follows: 

𝐾 = ቌ 3𝑏Ιଶ3𝑏ଶΙଶ𝑏ଷΙଶ ቍ  (33)

where b is a positive parameter. 

Proposition 1. Consider the transformed system and the proposed observer. Under the stated as-
sumptions, and provided that the matrix (𝐴 − 𝐾𝐶)  is Hurwitz, there exists a constant 𝜃଴ > 1  
such that, for any observer gain 𝜃 > 𝜃଴, the estimation error 𝑧̃(t) = 𝑧̂(𝑡) − 𝑧(𝑡)) is uniformly 
ultimately bounded. Moreover, its ultimate bound can be made arbitrarily small by sufficiently 
increasing 𝜃. 
Proof. Define the scaled estimation error as 𝑒௭(𝑡) = ∆ఏ𝑧̃(𝑡)  

The scaled error dynamics are given by 𝑒ሶ௭ = 𝜃(𝐴 − 𝐾𝐶)𝑒௭ + ∆ఏሾ𝑓(𝑧̂,𝑢) − 𝑓(𝑧,𝑢) − Bχ(z)β(t)ሿ  (34)

The matrix 𝐴 − 𝐾𝐶 is Hurwitz. Let us choose a symmetric positive-definite matrix 𝑃 
such that: (𝐴 − 𝐾𝐶)்𝑃 + 𝑃(𝐴 − 𝐾𝐶) ≤ −2𝜏Ι଺; (35)

where 𝜏 > 0. 
Consider the Lyapunov function: 𝑉 = ଵଶ 𝑒௭் 𝑃𝑒௭  (36)

Differentiating 𝑉 along the error trajectories yields 𝑉ሶ ≤ −𝜏𝜃‖𝑒௭‖ଶ + 𝑒௭் 𝑃∆ఏሾ𝑓(𝑧̂,𝑢) − 𝑓(𝑧,𝑢) − Bχ(z)β(t)ሿ  (37)

From the structure of the nonlinear function 𝑓(𝑧,𝑢) and the boundedness of the grid 
angular frequency, the following scaled Lipschitz inequality holds on the considered ad-
missible domain: ‖∆ఏሾ𝑓(𝑧̂,𝑢) − 𝑓(𝑧,𝑢)ሿ‖ ≤ 𝐾௡‖𝑒௭‖  (38)

where 𝐾௡ = max ൜ோ೑௅೑ , 2𝑤௠௔௫ൠ 
Moreover, since 

ቐ∆ఏ𝐵 = ଵఏమ 𝐵‖χ(z)‖ = ா೒௅೑  (39)

the disturbance term satisfies ‖∆ఏ𝐵χ(z)β(t)‖ ≤ ா೒ఉబ௅೑ఏమ  (40)

Let 𝛾௠௔௫ and 𝛾௠௜௡ be the maximum and minimum eigenvalues of P, respectively. 
Using Equations (38) and (40), we obtain 
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𝑉ሶ ≤ (𝛾௠௔௫𝐾௡ − 𝜏𝜃)‖𝑒௭‖ଶ + ఊ೘ೌೣா೒ఉబ௅೑ఏమ ‖𝑒௭‖  (41)

For 𝜃 > max ቄ1, ఊ೘ೌೣ௄೙ఛ ቅ 
Define 𝑎ఏ = 𝜏𝜃 − 𝛾௠௔௫𝐾௡ > 0 
Using the eigenvalue inequalities ଵଶ 𝛾௠௜௡‖𝑒௭‖ଶ ≤ 𝑉 ≤ ଵଶ 𝛾௠௔௫‖𝑒௭‖ଶ  (42)

we obtain 𝑉ሶ ≤ − ଶ௔ഇఊ೘ೌೣ 𝑉 + ఊ೘ೌೣா೒ఉబ௅೑ఏమ ට ଶఊ೘೔೙ 𝑉  (43)

Let 𝐹 = √𝑉 𝐹ሶ ≤ − ௔ഇఊ೘ೌೣ 𝐹 + ఊ೘ೌೣா೒ఉబ௅೑ఏమඥଶఊ೘೔೙  (44)

By applying the standard comparison lemma, we obtain 𝐹(𝑡) ≤ 𝐹(0)𝑒ି ೌഇം೘ೌೣ௧ + ఊ೘ೌೣమா೒ఉబ௅೑ఏమ௔ഇඥଶఊ೘೔೙ ൬1 − 𝑒ି ೌഇം೘ೌೣ௧൰  (45)

Since 𝑎ఏ > 0, lim௧→ஶ𝑆𝑢𝑝 𝐹(𝑡) ≤ ఊ೘ೌೣమா೒ఉబ௅೑ఏమ௔ഇඥଶఊ೘೔೙  (46)

Furthermore, using the eigenvalue inequality, we have ‖𝑒௭‖ ≤ ට ଶఊ೘೔೙ 𝐹  (47)

Consequently, the ultimate bound of the scaled estimation error is given by lim௧→ஶ𝑆𝑢𝑝 ‖𝑒௭(𝑡)‖ ≤ ఊ೘ೌೣమா೒ఉబ௅೑ఏమ௔ഇఊ೘೔೙  (48)

Since 𝑧̃ = ∆ఏିଵ𝑒௭;  ฮ∆ఏିଵฮ = 𝜃ଶ  (49)

it follows that lim௧→ஶ𝑆𝑢𝑝 ‖𝑧̃(𝑡)‖ ≤ ఊ೘ೌೣమா೒ఉబ௅೑(ఛఏିఊ೘ೌೣ௄೙)ఊ೘೔೙  (50)

Thus, under the stated assumptions, the estimation error in the transformed coordi-
nates is uniformly ultimately bounded, and its ultimate bound can be made arbitrarily 
small by sufficiently increasing the observer gain. 

This concludes the proof of the proposition. □ 
For implementation, the observer is expressed in the original coordinates x. By ap-

plying the inverse of the Jacobian matrix associated with the diffeomorphism, the observer 
structure is obtained as follows: 𝑋෠ሶ(𝑡) = 𝑔൫𝑋෠,𝑢൯ − 𝜃Λିଵ∆஘ିଵ𝐾𝐶(𝑋෠(𝑡) − 𝑋(𝑡))  (51)

4. Control Design 
The control scheme of the WECS, consists of two controllers, one for the MSC and 

the other for the GSC, in order to achieve the following objectives: 

 Maximum power point tracking: The rotational speed must converge to the reference 
provided by the MPPT block to improve power extraction efficiency. 



Energies 2026, 19, 5378 12 of 41 
 

https://doi.org/10.3390/en19215378 

 Regulation of the DC-bus voltage and maintaining balance between the voltages of 
the two capacitors in the DC link. 

 Management of the power transferred between the DC bus and the grid, ensuring a 
unity power factor on the grid side. 

 Optimization of the cost function minimization algorithm to reduce the computa-
tional load. 

4.1. Machine-Side Converter Control 

The generator-side controller is composed of two control loops: an outer loop for the 
machine’s rotational speed, which provides the quadrature current reference for the inner 
current control loop, and an inner loop for current regulation. 

Remark 1. An observer for estimating the mechanical torque and rotor speed of the PMSG from 
the measured stator currents was developed and validated in [25]. In this work, the same observer 
is used to obtain the rotor speed Ω෡ and mechanical torque of the PMSG, which are then used in the 
MSC control. 

4.1.1. Outer Loop 

The reference speed of the PMSG corresponding to the maximum power point 
(MPPT) is generated using an artificial neural network (ANN). This reference depends on 
two variables: wind speed and blade pitch angle. The ANN provides a direct estimation 
of the optimal reference speed, avoiding online optimization of the aerodynamic power 
coefficient. Although an analytical relation or a lookup table could also be used, the ANN 
offers an alternative approach to approximating the nonlinear relationship between these 
variables. 

The operation of a neural network is inspired by the functioning of the human brain. 
It consists of numerous neurons interconnected through synapses associated with numer-
ical weights and organized into different layers. The mathematical representation of a 
neuron can be expressed as follows [28]: 𝑆 = 𝑓(∑ 𝑤୧𝑥୧ + 𝑏୬୧ )  (52)

where 𝑆 is the output of the neuron, 𝑓 is the activation function, 𝑥௜ are the inputs to the 
neuron, 𝑏 is the bias, and 𝑤୧ are the weights of the input synapses. 

The first phase of designing and developing the neural network involves collecting 
the training data necessary for its learning. In our case, this data collection relies on the 
analysis of the turbine’s power coefficient, defined by Equation (1). For each value of wind 
velocity and blade pitch angle, the rotational speed that maximizes the power coefficient 
is determined. This approach provides a representative dataset of the turbine’s optimal 
operating conditions. A database consisting of 14,326 samples was created, with each sam-
ple containing three values: wind speed, pitch angle, and optimal mechanical speed. 

The dataset covers wind speeds ranging from 2 to 13 m/s and blade pitch angles 
from 0 to 25°. The input data were normalized using the MATLAB mapminmax function, 
and the inverse transformation was automatically applied at the network output to re-
cover the optimal mechanical speed in its original scale. 

The dataset is then split into three subsets following the proportions below: 

 Training, 70%; 
 Testing, 15%; 
 Validation, 15%. 

The choice of the neural network structure is not deterministic, meaning there is no 
rule to define an optimal structure. In our case, a trial-and-error approach was used to 



Energies 2026, 19, 5378 13 of 41 
 

https://doi.org/10.3390/en19215378 

identify the optimal neural network structure, based on the analysis of the regression co-
efficient and the mean squared error, defined by [29,30]: 𝑅 = ∑ ቀௌ౟ఽొొ−𝑆𝐴𝑁𝑁തതതതതതቁቀௌ౟Tar−𝑆𝑇𝑎𝑟തതതതതቁ౤౟సభඨ൤∑ ቀௌ౟ఽొొ−𝑆𝐴𝑁𝑁തതതതതതቁ2౤౟సభ ൨൤∑ ቀௌ౟Tar−𝑆𝑇𝑎𝑟തതതതതቁ2౤౟సభ ൨  

(53)

𝑀𝑆𝐸 = ଵ௡ ∑ ൫𝑆୧୅୒୒ − 𝑆୧୘ୟ୰൯ଶ୬୧ୀଵ   (54)

where 𝑆୧୅୒୒ and 𝑆୧୘ୟ୰ represent the predicted output of the ANN and the corresponding 
target value for the 𝑖 − 𝑡ℎ  sample, respectively. 𝑆஺ேேതതതതതതത and 𝑆்௔௥തതതതതത denote the mean values 
of the predicted and target outputs, respectively, and 𝑛  is the total number of samples. 

The developed neural network has two inputs: wind velocity and pitch angle. It in-
cludes a single hidden layer composed of 10 neurons, followed by an output layer that 
generates the reference speed. The hyperbolic tangent (tansig) activation function is ap-
plied in the hidden layer, whereas a linear activation function is used at the output. The 
training process is carried out using the Levenberg–Marquardt algorithm, which updates 
the weights and biases to optimize the model’s accuracy. Figure 3 shows the structure of 
the proposed ANN as well as its training performance. The model achieves a mean 
squared error of 2.1 × 10−6 and a regression coefficient of R = 0.9999, indicating high accu-
racy. 

The ANN-MPPT is trained using data generated from the theoretical wind turbine 
model. Therefore, its accuracy depends on the turbine model parameters used during 
training. Variations in the actual aerodynamic characteristics may affect the estimation of 
the optimal reference speed and, consequently, the MPPT performance. 
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Figure 3. MPPT with artificial neural network: (a) Structure, (b) regression coefficient (R), (c) perfor-
mance (MSE). In (b), the black circles represent the regression data points. 

For the speed control loop, a nonlinear control strategy based on ISMC was adopted. 
The integral action was incorporated due to its ability to attenuate disturbances, reduce 
tracking error as well as steady-state error and limit the chattering effect. 

The sliding surface is given by [25]: 𝑆(𝑥) = ቀ డడ௧ + 𝛿ቁ௡ିଵ 𝑒(𝑥) + 𝐾୧ ׬ 𝑒(𝑥)  (55)

where 𝑒(𝑥) 𝑎𝑛𝑑 𝑛 denote the error and the relative degree, respectively, while the param-
eters 𝐾୧ and 𝛿 are positive values. 

Let us consider the following sliding surface: 𝑆Ω = 𝑒Ω + 𝐾ଵ ׬ 𝑒Ω  (56)

where 𝑒୵ = Ω෡−Ω୰ୣ୤ and 𝐾ଵ > 0. 
The temporal derivative of 𝑆Ω is expressed by: 𝑆ሶΩ = ଵ௃ ൣTୣ − 𝑇෠୫ − 𝑓ୡΩ෡൧ − Ωሶ ୰ୣ୤ + 𝐾ଵ𝑒Ω  (57)

𝑆ሶΩ = ଵ௃ ቂଷଶ 𝑝Φ୤iୱ୯ − 𝑇෠୫ − 𝑓ୡΩ෡ቃ − Ωሶ ୰ୣ୤ + 𝐾ଵ𝑒Ω  (58)

The equivalent control law is obtained from the condition: 𝑆ሶΩ = 0  (59)𝑖ୱ୯ିୣ୯ = ଶଷ௣஍౜ ൣ𝑇෠୫ + 𝑓ୡΩ෡ + 𝐽 Ωሶ ୰ୣ୤ − 𝐾ଵ𝐽𝑒Ω൧  (60)

To analyze stability, we define a Lyapunov function as: 𝑉ଵ = ଵଶ 𝑆Ωଶ  (61)

Its time derivative is then computed as follows: 𝑉ሶଵ = ଷ௣஍౜ଶ୎ 𝑆Ω. 𝑖ୱ୯ିୢ୧ୱ  (62)

The following discontinuous control law has been chosen: 𝑖ୱ୯ିୢ୧ୱ = − ଶ௃௄మଷ௣஍౜ . ௌΩ|ௌΩ|ାఌభ  (63)
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where 𝐾ଶ is a positive parameter, and 𝜀ଵ is a small positive parameter. 
By applying Equations (62) and (63), the Lyapunov function’s derivative will be of 

the following form: 𝑉ሶଵ = −𝐾ଶ ௌΩమ|ௌΩ|ାఌభ < 0  (64)

Thus, the sliding surface converges to zero, provided that current tracking and state 
estimation are ideal. 

The control law is expressed by: 𝑖ୱ୯ି୰ୣ୤ = ଶଷ௣஍౜ ቂ𝑇෠୫ + 𝑓ୡΩ෡ + 𝐽 Ωሶ ୰ୣ୤ − 𝐾ଵ𝐽𝑒Ω − 𝐾ଶ𝐽 ௌΩ|ௌΩ|ାఌభቃ  (65)

4.1.2. Inner Loop 

The inner loops on the machine side regulate the PMSG stator currents, maintain 
stable electromagnetic torque, and maximize the extracted power. The next sections de-
scribe tow predictive control methods. 

a. Conventional FCS-MPC 

In this predictive control approach, the selection of the optimal combination of the 
rectifier’s switching states is based on minimizing the following cost function: 

𝑓ୡౣ = ሾ𝑖ୱ஑(𝑘 + 1) − 𝑖ୱ஑∗ (𝑘 + 1)ሿଶ + ൣ𝑖ୱஒ(𝑘 + 1) − 𝑖ୱஒ∗ (𝑘 + 1)൧ଶ + 𝜆ୡ_ୱ ∑ ∑ ቂ𝑆୫ಟౠ − 𝑆୫ಟౠ୭୮ ቃଶ୨ୀଵ,ଶ஧ୀୟ,ୠ,ୡ   (66)

where 𝜆ୡିୱ  represents a weighting coefficient, and 𝑆୫ಟౠ୭୮   is the optimal control signal 
found at the previous time step. This function evaluates the deviation between the pre-
dicted stator currents and their references while optimizing the switching frequency 
through the weighting coefficient 𝜆ୡିୱ. This coefficient defines the importance given to 
the reduction of the switching frequency. 

A low value of 𝜆ୡିୱ improves the accuracy of stator current tracking, providing a 
faster dynamic response and limiting torque ripple. This helps maintain smooth operation 
of the WECS. However, this value leads to higher switching frequency of the rectifier 
switches, which raises switching losses and reduces the lifespan of the power electronics 
switches. Conversely, a high value of 𝜆ୡିୱ minimizes the switching frequency at the cost 
of reduced accuracy and slower dynamics of the current control loops. The selection of 
this coefficient is crucial to achieving an optimal trade-off between reducing switching 
losses and meeting control objectives. 

The prediction of the currents 𝑖ୱ஑(𝑘 + 1) and 𝑖ୱஒ(𝑘 + 1) is performed using Model 
(8). In this model, the mechanical speed and the currents 𝑖௦ఈ(𝑘) and 𝑖ୱஒ(𝑘) are directly 
measurable, while the voltages ൫𝑉ୱ஑(𝑘),𝑉ୱஒ(𝑘)൯  are predicted using Expression (18). The 
cost function also incorporates the reference currents 𝑖ୱ஑∗ (𝑘 + 1)  and 𝑖ୱஒ∗ (𝑘 + 1) , which 
are extrapolated from instant k using the fourth-order Lagrange extrapolation method 
according to the following relation: 𝑖ୱ஑ஒ∗ (𝑘 + 1) = 4𝑖ୱ஑ஒ∗ (𝑘) − 6𝑖ୱ஑ஒ∗ (𝑘 − 1) + 4𝑖ୱ஑ஒ∗ (𝑘 − 2) − 𝑖ୱ஑ஒ∗ (𝑘 − 3)  (67)

Conventional MPC relies on the exhaustive exploration of the 27 possible configura-
tions of the three-level rectifier to identify the optimal combination. At each iteration, the 
system variables are predicted for each configuration, and the cost function is then calcu-
lated to assess the performance of each candidate solution. The combination that yields 
the minimum value is applied to the rectifier in the following control step. Figure 4a shows 
a clear illustration of the different steps of the conventional FCS-MPC. 
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Figure 4. Flowchart of the conventional FCS-MPC: (a) MSC; (b) GSC. 

b. Proposed FCS-MPC 

The main challenge of predictive control lies in its high computational burden. Indeed, 
in conventional FCS-MPC, at each sampling period, the algorithm must evaluate all 27 
switching combinations in order to determine the optimal control action. This exhaustive 
search over the complete voltage vector diagram leads to a significant computational cost. 

The idea of the proposed method is to reduce the number of evaluations performed in 
each computation cycle. To reduce the computational burden, the proposed strategy re-
stricts the search to a reduced subset of admissible switching states instead of evaluating all 
27 possible combinations. This reduction is motivated by the observation that the optimal 
switching state is generally associated with a voltage vector located close to the reference 
voltage vector in the 𝛼𝛽 plane. Consequently, the reduced search space preserves a near-
optimal control action while significantly decreasing the computational effort. 

To achieve this objective, the proposed control strategy is composed of two main 
stages: the identification of the sector containing the optimal solution, followed by the 
selection of the optimal switching combination within that sector. 

• Step 1: Sector identification 

The objective of this phase is to identify the region containing the optimal switching com-
bination in order to reduce the computational burden of the predictive control algorithm. 
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Instead of evaluating all 27 possible switching combinations of the 3L-NPC converter, the 
search space is restricted to a reduced subset associated with a specific region of the 𝛼𝛽 plane. 

From the discrete Model (8), the reference voltage vector in the 𝛼𝛽 reference frame 
is calculated as follows in order to ensure stator current tracking: 

ቐ 𝑉ୱ஑୰ୣ୤(𝑘) = ௅౩்౩ 𝑖ୱ஑∗ (𝑘 + 1) + ቀ𝑅ୱ − ௅౩்౩ቁ 𝑖ୱ஑(𝑘) − 𝑝Φ୰ஒΩ෡(𝑘)𝑉ୱஒ୰ୣ୤(𝑘) = ௅౩்౩ . 𝑖ୱஒ∗ (𝑘 + 1) + ቀ𝑅ୱ − ௅౩்౩ቁ 𝑖ୱஒ(𝑘) + 𝑝Φ୰஑Ω෡(𝑘)  (68)

where the reference currents 𝑖௦ఈ∗ (𝑘 + 1) and 𝑖௦ఉ∗ (𝑘 + 1) are extrapolated from instant k 
using the fourth-order Lagrange extrapolation method. 

This reference voltage vector is not directly applied to the converter; it is used as an 
intermediate indicator, derived from the system dynamics, in order to locate the desired 
operating point in the 𝛼𝛽 plane. The 𝛼𝛽 plane is split into four sectors according to the 
sign of 𝑉ୱ஑୰ୣ୤ and 𝑉ୱஒ୰ୣ୤, as illustrated in Figure 5. This classification allows for the rapid 
identification of the optimal sector, following the method described in Table 2. 

Table 2. Sector identification. 

Sector 𝑽𝐬𝛂𝐫𝐞𝐟 𝑽𝐬𝛃𝐫𝐞𝐟 
Sector 1 Positive Positive 
Sector 2 Negative Positive 
Sector 3 Negative Negative 
Sector 4 Positive Negative 

 

Figure 5. Space vector diagram of the 3L-NPC converter and its sectors. 

By analyzing the sign of the components of the calculated reference voltage, it is pos-
sible to determine the sector containing the optimal control combination to be applied at 
the next instant. For instance, if Sector 1 is identified, the search space is restricted to the 
switching states associated with the nearest voltage vectors in this region, namely (𝑉଴,𝑉ଵ,𝑉ଶ,𝑉଻,𝑉 ,𝑉ଽ,𝑉ଵ଴). 

This can be explained by the observation that, in predictive control, the optimal volt-
age vector is typically located close to the reference voltage vector. Consequently, distant 
vectors are not considered, as they lead to larger tracking errors and do not allow the cost 
function to be minimized. This sector identification reduces the search space of the opti-
mization problem, decreasing the number of possible combinations from 27 to 11. As a 
result, 16 prediction iterations are eliminated compared to the conventional MPC, thereby 
improving computational efficiency. 
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• Step 2: Selection of the optimal combination for the MSC 

After identifying the sector, this stage consists of selecting the optimal combination 
within the sector determined in the previous phase. Before evaluating the candidate combina-
tions associated with this sector, an analysis of the influence of the different voltage vectors on 
the DC-link balancing is carried out in order to reduce the number of combinations to be 
tested. 

The voltage vectors (𝑉଴,𝑉଻,𝑉ଽ,𝑉ଵଵ,𝑉ଵଷ,𝑉ଵହ,𝑉ଵ଻) have no direct influence on the bal-
ancing of the DC-link capacitor voltages within the considered control model, since they 
do not involve any current flow through the neutral point of the converter. They corre-
spond to switching states where the phase terminals are directly connected either to the P 
or N point of the DC bus or to a zero-output voltage in the case of 𝑉଴. 

The zero-voltage vector is represented by the switching combination (010101). Alt-
hough the three possible combinations generate the same AC voltage vector and identical 
current predictions under ideal conditions, their switching-transition penalties may differ 
depending on the previous switching state. Therefore, only one combination is retained 
to reduce the number of evaluated candidates, without guaranteeing the global minimum 
of the complete cost function. 

However, each small voltage vector (SVV) (𝑉ଵ,𝑉ଶ,𝑉ଷ,𝑉ସ,𝑉ହ,𝑉଺) can be generated by two 
possible switching combinations, which have opposite effects on DC-link voltage balancing. 
For example, for vector 𝑉଺, the combinations are Comb1 = (110111) and Comb2 = (010001). 

To illustrate their effect on neutral-point balancing, we calculate the current 𝑖௭௚: 
For Comb1: 𝑖୸୥ = 𝑖ୠ୧  (69)

For Comb2: 𝑖୸୥ = 𝑖ୟ୧ + 𝑖ୡ୧  (70)

In a balanced three-phase system, we have: 𝑖ୟ୧ + 𝑖ୠ୧ + 𝑖ୡ୧ = 0  (71)

Therefore, the two combinations affect the neutral point Z in opposite ways. 
To reduce the number of iterations of the FCS-MPC algorithm, a condition on the 

capacitor voltages 𝑉௖ଵ and 𝑉௖ଶ is introduced in order to select the most appropriate com-
bination to be tested for the vectors (𝑉ଵ,𝑉ଶ,𝑉ଷ,𝑉ସ,𝑉ହ,𝑉଺)  during Phase 2. 

After applying this condition, the number of combinations to be evaluated is reduced 
to seven, as detailed in Table 3, which significantly reduces the computational burden. 

Table 3. Sectors with associated voltage vectors using capacitor voltage conditions. 

Sector Capacitor Voltages Voltage Vectors 

1 
𝑉ୡଵ ≥ 𝑉ୡଶ 𝑉଴, 𝑉ଵ(ଵଵ଴ଵ଴ଵ),𝑉଻,𝑉 ,𝑉ଶ(ଵଵଵଵ଴ଵ),𝑉ଽ,𝑉ଵ଴ 𝑉ୡଵ < 𝑉ୡଶ 𝑉଴, 𝑉ଵ(଴ଵ଴଴଴଴),𝑉଻,𝑉 ,𝑉ଶ(଴ଵ଴ଵ଴଴),𝑉ଽ,𝑉ଵ଴ 

2 
𝑉ୡଵ ≥ 𝑉ୡଶ 𝑉଴, 𝑉ଵ଴,𝑉ଷ(଴ଵଵଵ଴ଵ),𝑉ଵଵ,𝑉ଵଶ,𝑉ସ(଴ଵଵଵଵଵ),𝑉ଵଷ 𝑉ୡଵ < 𝑉ୡଶ 𝑉଴, 𝑉ଵ଴,𝑉ଷ(଴଴଴ଵ଴଴),𝑉ଵଵ,𝑉ଵଶ,𝑉ସ(଴଴଴ଵ଴ଵ),𝑉ଵଷ 

3 
𝑉ୡଵ ≥ 𝑉ୡଶ 𝑉଴, 𝑉ସ(଴ଵଵଵଵଵ),𝑉ଵଷ,𝑉ହ(଴ଵ଴ଵଵଵ),𝑉ଵସ,𝑉ଵହ, ,𝑉ଵ଺ 𝑉ୡଵ < 𝑉ୡଶ 𝑉଴, 𝑉ସ(଴଴଴ଵ଴ଵ),𝑉ଵଷ,𝑉ହ(଴଴଴଴଴ଵ),𝑉ଵସ,𝑉ଵହ, ,𝑉ଵ଺ 

4 
𝑉ୡଵ ≥ 𝑉ୡଶ 𝑉଴, 𝑉ଵ଺,𝑉଺(ଵଵ଴ଵଵଵ),𝑉ଵ଻,𝑉ଵ଼,𝑉ଵ(ଵଵ଴ଵ଴ଵ),𝑉଻ 𝑉ୡଵ < 𝑉ୡଶ 𝑉଴, 𝑉ଵ଺,𝑉଺(଴ଵ଴଴଴ଵ),𝑉ଵ଻,𝑉ଵ଼,𝑉ଵ(଴ଵ଴଴଴଴),𝑉଻ 

The redundant small-vector selection rule is applied under grid-connected power 
generation conditions, with active power injected into the grid and the q-axis current ref-
erence set to zero. Under these conditions, the grid current is approximately aligned with 
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the grid voltage. However, as indicated by Equations (69)–(71), the effect of each redun-
dant switching state on the neutral-point voltage also depends on the instantaneous phase 
currents. Therefore, the voltage-based selection rule does not guarantee corrective balanc-
ing at every switching instant, and its effectiveness cannot be generalized to arbitrary cur-
rent polarities and power-flow directions. 

The final selection is then based on the minimization of the following cost function: 𝑓୫ = ሾ𝑖ୱ஑(𝑘 + 1) − 𝑖ୱ஑∗ (𝑘 + 1)ሿଶ + ൣ𝑖ୱஒ(𝑘 + 1) − 𝑖ୱஒ∗ (𝑘 + 1)൧ଶ + 𝜆ୱ ∑ ∑ ቂ𝑆୫ಟౠ − 𝑆୫ಟౠ୭୮ ቃଶ୨ୀଵ,ଶ஧ୀୟ,ୠ,ୡ   (72)

where 𝜆௦  represents a weighting coefficient. This function evaluates the deviation be-
tween the predicted stator currents and their references while optimizing the switching 
frequency through the weighting coefficient 𝜆ୱ. This coefficient defines the importance 
given to the reduction in the switching frequency. 

The prediction of the currents 𝑖ୱ஑(𝑘 + 1) and 𝑖ୱஒ(𝑘 + 1) is performed using Model (8). 
The weighting coefficient 𝜆ୱ  is tuned empirically through successive simulations. 

Starting from a low value, it is gradually increased while monitoring current tracking ac-
curacy and switching frequency. The final value is selected to achieve a suitable compro-
mise between these two objectives. Although analytical or optimization-based tuning 
methods can also be considered, the empirical approach is adopted in this study due to 
its simplicity and ease of implementation. Figure 6a illustrates the steps of the algorithm 
developed on the machine side. 

 

Figure 6. Flowchart of the proposed FCS-MPC: (a) MSC; (b) GSC. 
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4.2. Grid-Side Converter Control 

The controller of the grid-side converter (GSC) is designed to regulate the DC-bus 
voltage, balance the voltages of the two capacitors, and control how active and reactive 
power flows between the grid and the DC bus. It has two loops: an outer loop for the DC-
bus voltage and an inner loop for the currents. 

4.2.1. Outer Loop 

For regulating the DC-bus voltage, an ISMC was used instead of a linear PI controller 
to improve the system’s robustness. 

Consider the following sliding surface: 𝑆ୢୡ = 𝑒ୢୡ + 𝐾ଷ ׬ 𝑒ୢୡ  (73)

where 𝑒ୢୡ = 𝑉 ୡଶ − 𝑉 ୡି୰ୣ୤ଶ  and 𝐾ଷ is a positive parameter. 
The temporal derivative of 𝑆ௗ௖ is expressed by: 𝑆ሶୢ ୡ = ସ஼ ቂ𝑃௦ − ଷଶ ൫𝑉෠୥ୢ𝑖୥ୢ + 𝑉෠୥୯𝑖୥୯൯ቃ − ௗ௏ౚౙష౨౛౜మௗ௧ + 𝐾ଷ𝑒ୢୡ  (74)

Under normal operating conditions, the estimated d-axis grid voltage is assumed to 
be bounded away from zero, ห𝑉෠୥ୢห ≥ 𝑉௠௜௡ > 0 , to ensure that the current reference re-
mains well defined. 

The equivalent control law is expressed as: 𝑖୥ୢିୣ୯ = ଶଷ௏෡ౝౚ ቂ𝑃ୱ − ଷଶ 𝑉෠୥୯𝑖୥୯ + ஼ସ ቀ𝐾ଷ𝑒ୢୡ − ௗ௏ౚౙష౨౛౜మௗ௧ ቁቃ  (75)

To analyze stability, we define a Lyapunov function as: 𝑉ଶ = ଵଶ 𝑆ୢୡଶ  (76)

Its time derivative is then computed as follows: 𝑉ሶଶ = − ଺େ 𝑆ୢୡ.𝑉୥ୢ𝑖୥ୢିୢ୧ୱ  (77)

The following discontinuous control was chosen: 𝑖୥ୢିୢ୧ୱ = ஼௄ర଺௏෡ౝౚ . ௌౚౙ|ௌౚౙ|ାఌమ  (78)

where 𝐾ସ is a positive parameter, and 𝜀ଶ is a small positive parameter. 
By substituting the expression of the discontinuous control law: 𝑉ሶଶ = −𝐾ସ ௌౚౙమ|ௌౚౙ|ାఌమ < 0  (79)

Therefore, the sliding surface converges to zero under the assumptions of ideal cur-
rent tracking and accurate state estimation. The global control law is expressed as: 𝑖୥ୢି୰ୣ୤ = ଶଷ௏෡ౝౚ ቂ𝑃ୱ − ଷଶ 𝑉෠୥୯𝑖୥୯ + ஼ସ ቀ𝐾ଷ𝑒ୢୡ − ௗ௏ౚౙష౨౛౜మௗ௧ + 𝐾ସ ௌౚౙ|ௌౚౙ|ାఌమቁቃ  (80)

The Lyapunov-based stability analysis of both outer control loops is established un-
der the assumptions of ideal current tracking, accurate state estimation, and operation 
without actuator saturation. In practical implementation, current-tracking errors, estima-
tion inaccuracies, and parameter uncertainties introduce additional perturbations into the 
outer-loop dynamics. Therefore, the theoretical convergence results apply under the 
stated assumptions, while the performance of the complete interconnected control system 
is assessed through simulation. 
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4.2.2. Inner Loop 

a. Conventional FCS-MPC 

The conventional predictive control on the grid side is based on minimizing the fol-
lowing function: 𝑓ୡౝ = ൣ𝑖୥஑(𝑘 + 1) − 𝑖୥஑∗ (𝑘 + 1)൧ଶ + ൣ𝑖୥ஒ(𝑘 + 1) − 𝑖୥ஒ∗ (𝑘 + 1)൧ଶ + 𝜆ୢୡ. ሾ𝑉ୡଵ(𝑘 + 1) − 𝑉ୡଶ(𝑘 + 1)ሿଶ +𝜆ୡ_୥ ∑ ∑ ቂ𝑆୥ಟౠ − 𝑆୥ಟౠ୭୮ቃଶ୨ୀଵ,ଶ஧ୀୟ,ୠ,ୡ   

(81)

The weighting coefficient 𝜆ୡ_୥ is associated with the switching frequency constraint, 
while 𝜆ୢୡ represents the one related to DC-bus voltage balancing. A high value of 𝜆ୢୡ 
gives greater priority to this secondary constraint, thereby improving voltage balancing. 
However, this comes at the expense of the accuracy and dynamics of reference current 
tracking. Therefore, it is crucial to carefully adjust this parameter to limit the imbalance to 
less than 2%. 

A fourth-order Lagrange formula is employed to estimate the reference currents as 
follows: 𝑖୥஑ஒ∗ (𝑘 + 1) = 4𝑖୥஑ஒ∗ (𝑘) − 6𝑖୥஑ஒ∗ (𝑘 − 1) + 4𝑖୥஑ஒ∗ (𝑘 − 2) − 𝑖୥஑ஒ∗ (𝑘 − 3)  (82)

The selection of the optimal control combination for the next time step is carried out 
by systematically exploring all 27 possible configurations. At each iteration, the currents 𝑖୥஑(𝑘 + 1)  and 𝑖୥ஒ(𝑘 + 1) , as well as the voltages 𝑉ୡଵ(𝑘 + 1)  and 𝑉ୡଶ(𝑘 + 1) , are pre-
dicted using Equations (9), (12) and (13). The detailed process of the conventional FCS-
MPC applied to the grid is illustrated in Figure 4b. 

b. Proposed FCS-MPC 

Following the same approach used on the MSC to design the grid-side regulator, the 
cost function minimization algorithm is organized into two main phases. 

• Step 1: Sector identification 

The first phase aims to identify the sector containing the optimal control to be applied 
at the next time step. From the discrete Model (9), the reference voltage at the inverter 
output is then computed according to the following equations. 

ቐ𝑉୧஑୰ୣ୤(𝑘) = ௅౜்౩ 𝑖௚ఈ∗ (𝑘 + 1) + ቀ𝑅୤ − ௅౜౩்ቁ 𝑖୥஑(𝑘) + 𝑉෠୥஑(𝑘)𝑉୧ஒ୰ୣ୤(𝑘) = ௅౜౩் 𝑖௚ఉ∗ (𝑘 + 1) + ቀ𝑅୤ − ௅౜்ೞቁ 𝑖୥ஒ(𝑘) + 𝑉෠୥ஒ(𝑘)  (83)

Based on the sign of the components 𝑉୧஑୰ୣ୤ and 𝑉୧ஒ୰ୣ୤ and using the space vector dia-
gram, the corresponding sector is identified. This phase reduces the number of control 
combinations to be checked in the cost function minimization phase to 11, thereby de-
creasing the computational load of predictive control. 

• Step 2: Selection of the optimal combination for the GSC 

Phase 2 aims to determine the optimal combination within the sector identified in the 
previous step. As in Phase 2 of MSC control, the condition given in Table 3 is first used to 
define the set of candidate combinations to be tested. These combinations are then evalu-
ated in order to minimize the following cost function: 𝑓୥ = ൣ𝑖୥஑(𝑘 + 1) − 𝑖୥஑∗ (𝑘 + 1)൧ଶ + ൣ𝑖୥ஒ(𝑘 + 1) − 𝑖୥ஒ∗ (𝑘 + 1)൧ଶ + 𝜆୥ ∑ ∑ ቂ𝑆୥ಟౠ − 𝑆୥ಟౠ୭୮ቃଶ୨ୀଵ,ଶ஧ୀୟ,ୠ,ୡ   (84)

The currents 𝑖୥஑(𝑘 + 1) and 𝑖୥ஒ(𝑘 + 1) are predicted using Equation (9), and 𝜆୥ is 
the weighting factor, with higher values giving greater priority to reducing switching 
losses by limiting switch state variations. 
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The cost function 𝑓୥ incorporates two main objectives as well as a secondary con-
straint aimed at minimizing the switching frequency. However, the constraint of DC-bus 
voltage balancing is not explicitly integrated into it. Instead, it is indirectly considered by 
applying a condition on the voltages 𝑉ୡଵ and 𝑉ୡଶ, allowing the selection, from the outset, 
of the most appropriate control combination among the two possible options for the same 
voltage vector. Figure 6b illustrates the proposed FCS-MPC algorithm for grid-side con-
trol by describing the steps of the optimal control selection process. The proposed control 
scheme is illustrated in Figure 7. 

 

Figure 7. The control scheme of controller for WECS. The superscript * denotes reference values. 

5. Simulation and PIL Results 
In this section, the proposed control strategy is evaluated through Processor-in-the-

Loop (PIL) simulations using MATLAB/Simulink and the TI LAUNCHXL-F28379D de-
velopment board. The PMSG-based WECS is modeled in MATLAB/Simulink, while the 
control algorithm is executed on the Delfino F28379D microcontroller (Texas Instruments, 
Dallas, TX, USA), as shown in Figure 8. A fixed-step solver with a sampling period of 10 μs is used. The WECS and controller parameters are given in Tables 4 and 5, respec-
tively. The embedded code is generated using the Embedded Coder Support Package for 
Texas Instruments C2000 and deployed on the target microcontroller. Communication be-
tween the host computer and the target board is performed via a serial USB (COM port) 
interface, enabling data exchange required for Simulink-based execution. The experi-
mental PIL setup is shown in Figure 9. The system operates in a closed-loop configuration, 
where the control algorithm runs directly on the hardware platform while the plant model 
remains implemented in MATLAB/Simulink. At each sampling instant 𝑇ୱ  , input and 
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output signals are exchanged between the host environment and the target device. The 
proposed control strategy is evaluated under different operating conditions of the WECS.  

 

Figure 8. PIL test of the proposed FCS-MPC.  

 

Figure 9. PIL testing of the proposed approach using the LAUNCHXL-F28379D microcontroller. 

Table 4. System parameters. 

Parameter Value Parameter Value 𝑅s (mΩ) 5 𝑝 160 𝐿d (mH) 0.6 𝐽 (kg. mଶ) 50,000 𝐿q (mH) 0.6 𝐶ଵ and 𝐶ଶ (mF) 40 
Radius 𝑅 (m) 85 𝐿f (mH) 1.2 Φ୤ (wb) 15.34 𝑅f (mΩ) 0.1 

Power Generator 𝑃n (MW) 10 
Grid line-to-line RMS volt-

age  𝑉g (𝑉) 3300 
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Table 5. Controller parameters. 

 Parameter Value 

Speed control 
𝐾1 2000 𝐾2 1 × 10−3 𝜀ଵ 1 × 10−3 

Current control—MSC 𝜆௖ି௦;  𝜆௦ 3 

DC-link voltage 
𝐾3 50 𝐾4 200 𝜀ଶ 1 × 10−3 

Current control—GSC 𝜆௖ି௚; 𝜆௚  3 

Grid observer 𝜃 8000 
b 0.33 

5.1. Test of Grid Observer 

5.1.1. Observer Response to Abrupt Grid Frequency and Voltage Amplitude Changes 

The objective of this section is to validate the behavior of the network observer. For 
this purpose, a PIL simulation is performed. Initially, the network operates under nominal 
conditions. At 𝑡 = 0.3 s, it undergoes a 10 Hz increase in frequency. Then, at 𝑡 = 0.6 s, an 
increase in amplitude is applied. Finally, at 𝑡 = 0.9 s, the network experiences a simulta-
neous decrease in both frequency and amplitude. 

Figure 10 shows the response of the proposed network observer under both nominal 
and disturbed grid operating conditions. For the grid voltages in the α and β reference 
frame, it can be observed that the estimated values closely track the actual values with an 
almost negligible response time. Similarly, the grid angular frequency, 𝑤୥, is accurately 
estimated despite the disturbances applied to the grid, with a response time of approxi-
mately 0.001 s. The phase angle, 𝜃୥, also exhibits excellent tracking performance through-
out the entire operating period. These results demonstrate that the proposed observer can 
accurately estimate the grid parameters using only direct current measurements without 
requiring additional sensors. Furthermore, the observer responds rapidly to variations in 
grid frequency and voltage amplitude, confirming its excellent dynamic performance un-
der disturbed operating conditions. These abrupt disturbances are not directly covered by 
the theoretical convergence assumptions. However, the simulation results show that the 
observer rapidly recovers accurate estimation after these disturbances. 
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Figure 10. The response of the network observer: (a) Voltage 𝑉୥஑; (b) voltage 𝑉୥ஒ; (c) electrical angle; 
(d) grid pulsation. 

5.1.2. Observer Performance Under Bounded Frequency Variations 

This test aims to evaluate the observer’s ability to estimate the grid variables during 
a frequency ramp, while maintaining the grid voltage amplitude at its nominal value. The 
grid frequency varies according to the following profile: 

𝑓୥(𝑡) = ൝50 Hz;   0 ≤ 𝑡 < 0.5 s             20𝑡 + 40 Hz;  0.5 s ≤ 𝑡 ≤ 1 s60 Hz, 𝑡 > 1 s                       (85)
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Figure 11 presents the performance of the grid-side observer under a frequency ramp 
from 50 to 60 Hz. After an initial transient phase, the estimation errors of the grid voltage 
components 𝑉୥஑  and 𝑉୥ஒ  remain within approximately ±10 V . The estimated electrical 
angle 𝜃୥ closely follows its actual value, with a nearly zero estimation error after conver-
gence. At startup, the estimated grid angular frequency 𝑤୥ exhibits a transient peak of 
approximately 2650 rad/s  before rapidly converging to its reference value of 314.16 rad/s. It then accurately tracks the frequency ramp up to 376.99 rad/s, with an 
estimation error limited to approximately ±0.4 rad/s . These results show that the ob-
server maintains good estimation accuracy during grid frequency variations. 

 

 
 

 

 

Figure 11. Grid-side observer performance under a frequency ramp: (a,b) Voltage estimation errors; 
(c,d) electrical angle and angular frequency tracking; (e,f) corresponding estimation errors. 
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5.1.3. Observer Robustness Test Under Measurement Noise 

High-gain observers are generally sensitive to measurement noise, whose amplifica-
tion can introduce oscillations in the estimated variables and affect estimation accuracy. 
This test aims to evaluate the observer’s sensitivity to measurement noise. For this pur-
pose, uniformly distributed random noise with an amplitude of ±10 A, generated using 
the Uniform Random Number block in MATLAB/Simulink, is added to the measured grid 
currents 𝑖୥஑ and 𝑖୥ஒ, as shown in Figure 12. Initially, the observer gain is set to 𝜃 = 8000. 

 

Figure 12. Measurement noise. 

Figure 13 presents the estimation results obtained in the presence of uniform meas-
urement noise of ±10 𝐴, with the observer gain set to 𝜃 = 8000. After an initial transient 
period, the estimation errors of the grid voltages 𝑉௚ఈ and 𝑉௚ఉ oscillate around zero, with 
approximate amplitudes of ±60 𝑉. The estimated electrical angle remains close to its ac-
tual value, with small fluctuations in the estimation error. The estimated angular fre-
quency exhibits an initial transient peak and subsequently oscillates around its nominal 
value of 314.16 rad/s, with an estimation error reaching approximately ±50 𝑟𝑎𝑑/𝑠. These 
results indicate that the observer maintains its tracking capability in the presence of meas-
urement noise, although the estimation accuracy is affected by the observed oscillations. 
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Figure 13. Grid-side observer performance under measurement noise: (a,b) Voltage estimation er-
rors; (c,d) electrical angle and angular frequency tracking; (e,f) corresponding estimation errors. 

To further investigate the influence of the observer gain on estimation accuracy un-
der measurement noise, three gain values are considered: 𝜃 = 8000, 6000 and 4000.  The 
same noise realization and simulation conditions are maintained, with only the observer 
gain varied. The performance is evaluated using the root mean square error (RMSE) and 
mean absolute error (MAE) for the estimated grid voltages, electrical angle, and angular 
frequency. Both indicators are calculated over the interval from 0.1 to 1.2 s, after the ini-
tial transient response. 

Table 6 summarizes the RMSE and MAE values obtained for the three observer gains 
under the same measurement noise conditions. The results show that increasing the gain 
from 4000 to 8000 reduces the voltage estimation RMSE from 63.8243 to 26.6714 V for 𝑉୥஑ 
and from 63.8116 to 26.5546 V for 𝑉୥ஒ. However, the lowest RMSE values for the electrical 
angle and angular frequency are obtained with 𝜃 = 6000, reaching 0.0065 rad and 10.8549 
rad/s, respectively. These results indicate that the influence of the observer gain on esti-
mation accuracy depends on the estimated variable, with no single gain providing the 
lowest errors for all variables. 

Table 6. RMSE and MAE of the estimated grid variables under measurement noise for different 
observer gains. 

  Gain Observer 
  𝜽 = 𝟖𝟎𝟎𝟎 𝜽 = 𝟔𝟎𝟎𝟎 𝜽 = 𝟒𝟎𝟎𝟎 𝑉୥஑ RMSE (V) 26.6714 32.6562 63.8243 
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MAE (V) 21.6767 28.2194 57.2383 𝑉୥ஒ RMSE (V) 26.5546 32.6008 63.8116 
MAE (V) 21.5293 28.1874 57.2588 𝜃୥ RMSE (rad) 0.0077 0.0065 0.0131 
MAE (rad) 0.0062 0.0053 0.0129 𝑤୥ RMSE (rad/s) 19.2034 10.8549 19.9114 
MAE (rad/s) 15.4105 8.7567 19.6459 

5.2. Test of the Control Techniques 

To ensure a fair comparison between the conventional FCS-MPC and the proposed 
reduced-search FCS-MPC, both control strategies are evaluated under identical operating 
conditions. The same outer speed and DC-link voltage control loops, as well as the same 
observers, are maintained for both methods. 

5.2.1. Step Change in Wind Speed 

The proposed control strategy was evaluated using a wind profile subjected to sud-
den step changes in order to evaluate the system’s response during both transient and 
steady-state regimes. For this purpose, a wind profile as shown in Figure 14, with speeds 
varying between 6 m/s and 11 m/s, was employed. Initially, the wind speed is set to 8 m/s 
for the first 0.5 s, followed by step changes applied every 0.5 s. 

 

Figure 14. Wind speed. 

Figure 15 shows that both strategies achieve satisfactory tracking of the reference 
speed provided by the MPPT block. However, the conventional method exhibits more 
pronounced steady-state fluctuations, with speed variations of approximately 0.950 to 0.952 rad/s, compared with 0.951 to 0.9515 rad/s  for the proposed method. In 
contrast, the proposed strategy provides a more stable response with reduced speed os-
cillations. 

These differences may be attributed to the switching-state selection strategy adopted 
in the proposed FCS-MPC, which combines a reduced search space with capacitor-volt-
age-based redundant-state selection. Although both methods employ identical outer con-
trol loops, observers, weighting coefficients, and sampling periods, they may select differ-
ent switching combinations, resulting in different current-tracking behavior and speed 
fluctuations. Furthermore, the proposed method reduces the number of evaluated switch-
ing combinations from 27 to 7, thereby decreasing the computational burden without 
changing the sampling period. 
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Figure 15. Rotor speed response to step changes in wind speed. 

The two control approaches used for regulating the DC-link voltage exhibit nearly 
similar response times, as shown in Figure 16. However, the conventional method pre-
sents larger steady-state voltage fluctuations, reaching approximately 3 V peak-to-peak, 
compared with about 1 V for the proposed strategy. 

 

Figure 16. DC-bus voltage under nominal operating conditions. 

Figure 17 illustrates the DC-link capacitor voltages, 𝑉௖ଵ  and 𝑉௖ଶ  , obtained using 
both methods. As highlighted in the enlarged view, at a wind speed of 6 m/s, the capaci-
tor voltages remain close to their nominal value of 3000 V, with a voltage difference of 
approximately ±3 V  for the conventional method and ±1 V  for the proposed method. 
The proposed method therefore provides better voltage balancing under the investigated 
conditions. These results indicate that the switching combinations selected within the sec-
tor identified in Phase 1 contribute to capacitor-voltage balancing, even though this con-
straint is not explicitly included in the cost function. 
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Figure 17. DC-bus capacitor voltages: (a) Conventional FCS-MPC, (b) proposed FCS-MPC. 

The grid-current THD was calculated using the FFT Analysis tool in MATLAB/Sim-
ulink powergui, with a fundamental frequency of 50 Hz. The analysis was performed over 
three fundamental cycles (0.06 s). The spectra are displayed up to 1 kHz, while the THD 
calculation includes frequency components up to the Nyquist frequency. The same FFT 
settings were used for both control methods under nominal conditions and parametric 
uncertainties. 

Figure 18 shows that both methods achieve similar grid-current THD values of 0.64% for conventional FCS-MPC and 0.62% for the proposed FCS-MPC. Furthermore, 
the injected current exhibits a nearly sinusoidal waveform and remains approximately in 
phase with the grid voltage, indicating good power quality and a near-unity power factor 
under nominal operating conditions. 

To compare the computational burden of the conventional and proposed FCS-MPC 
methods, PIL execution profiling was performed under identical conditions, using the 
same simulation time, solver, sampling period, and target hardware. The measured exe-
cution times are reported in Table 7. The proposed method reduces the total measured 
execution time from 46.05 s to 18.40 s, corresponding to a reduction of approximately 60%. 
This improvement is mainly achieved by reducing the number of evaluated switching 
combinations from 27 to 7 per sampling period. However, the maximum execution time 
of the proposed method (52.685 μs ) exceeds the simulation sampling period of 10 μs . 
Therefore, these results do not establish real-time feasibility at this sampling rate. The PIL 
profiling is used here to compare the computational requirements of the two control strat-
egies rather than to demonstrate complete real-time implementation feasibility. 

Table 7. Computational time comparison between conventional FCS-MPC and proposed FCS-MPC. 

Performance Metric Conventional FCS-MPC Proposed FCS-MPC Improvement 
Average Execution Time (ns) 102,330 40,883 2.50 faster 
Maximum Execution Time (ns) 103,135 52,685 1.96 faster 
Total Execution Time (s) 46.05 18.40 60% reduction 

To investigate whether a longer sampling period could satisfy the execution-time 
constraint, additional tests were performed under identical operating conditions with 
sampling periods of 10, 30, and 60 μs. The influence of the sampling period on control 
performance was evaluated using the root mean square error (RMSE), the integral of time-
weighted absolute error (ITAE), and the grid-current total harmonic distortion (THD). The 
results are summarized in Table 8. 
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Figure 18. Injected current and grid current THD: (a,c) Conventional FCS-MPC, (b,d) proposed FCS-
MPC. 

Table 8. Effect of the sampling period on control performance and real-time execution feasibility. 

  𝑻𝒔 = 𝟏𝟎 𝛍𝐬 𝑻𝒔 = 𝟑𝟎 𝛍𝐬 𝑻𝒔 = 𝟔𝟎 𝛍𝐬 𝛺 
RMSE (rad/s) 0.012 0.0123 0.013 
ITAE (rad. s) 0.0043 0.0113 0.0267 iୱ஑ 
RMSE (A) 248.7079 278.0161 334.6061 
ITAE (A. sଶ) 297.3491 921.2267 1697.6 iୱஒ RMSE (A) 48.1592 115.7683 216.8327 
ITAE (A. sଶ) 212.94 657.1628 1290.8892 Vୢ ୡ RMSE (V) 6.9909 7.1208 7.4384 
ITAE (V. sଶ) 14.8857 18.0969 25.1906 Neutral point RMSE (V) 2.8829 2.9478 3.4046 
ITAE (V. sଶ) 15.1445 17.0018 22.8012 i୥஑ RMSE (A) 5.6672 15.7610 31.2896 
ITAE (A. sଶ) 43.4956 128.2631 253.9735 i୥ஒ RMSE (A) 6.2286 16.0297 31.6248 
ITAE (A. sଶ) 43.6028 128.7372 255.1628 i୥ THD (%) 0.62 1.7 3.28 

Average execution time (μs) 40.883 40.890 40.902 
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Maximum execution time (μs) 52.685 52.765 52.795 𝑇௘௫௘௖,௠௔௫𝑇௦ . 100(%) 526.85 175.88 87.99 

Measured execution-time constraint satisfied No No Yes 

As shown in Table 8, the average execution time remains close to 40.9 μs, while the 
maximum execution time is approximately 52.8 μs for all three sampling periods. The 
execution-time constraint is not satisfied at 10 μs and 30 μs. However, at 60 μs, the max-
imum measured execution time is lower than the sampling period, indicating that the 
timing constraint is satisfied under the tested conditions. 

Increasing the sampling period leads to higher current-tracking errors, as indicated 
by the RMSE and ITAE values. In contrast, the speed and DC-link voltage RMSE increase 
only slightly, by 8.33% and 6.40%, respectively. The grid-current THD increases from 
0.62% to 3.28%. These results show that a sampling period of 60 μs satisfies the measured 
timing constraint, although some degradation in control performance is observed. 

The calculation of the average switching frequency of both converters, on the ma-
chine side and the grid side, is carried out to highlight the impact of the optimization on 
switching losses. The average switching frequency is defined as: 𝑓௦௪(𝐻𝑧) = ே೎೚೘ଵଶ.்   (86)

where 𝑁௖௢௠ denotes the total number of commutations of the converter, and 𝑇 is the ob-
servation time. 

Table 9 presents a comparative study between the proposed approach and the con-
ventional method for different wind speeds, where the reduction in the switching fre-
quency is calculated as: 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 (%) = 100. ௙ೞ಴ೢషಾು಴ି௙ೞುೢషಾು಴௙ೞ಴ೢషಾು಴    (87)

The proposed method systematically reduces the switching frequency for both con-
verters under the investigated operating conditions, which may contribute to lower 
switching losses and a potential improvement in IGBT reliability. The effect is particularly 
significant on the GSC side (23.51% to 28.82), especially at intermediate wind speeds, 
whereas on the MSC side, the reduction is more moderate, ranging from 2.57% to 16.22%, 
with the maximum effect at low wind speeds gradually decreasing as the speed increases. 

In comparison, the conventional FCS-MPC, by exhaustively exploring 27 switching 
combinations, produces higher switching frequencies than the proposed approach, which 
may increase switching losses and thermal and electrical stress on the IGBTs, potentially 
affecting their lifetime. These observations indicate that the proposed method effectively 
reduces switching frequency under the investigated operating conditions. 

Table 9. Comparative analysis of average switching frequency (Hz). 

 
Average Switching Frequency (Hz) 

Machine-Side Converter Grid-Side Converter 
Wind Speed 

(m/s) 
Conventional 

FCS-MPC 
Proposed FCS-

MPC 
Reduction (%) Conventional 

FCS-MPC 
Proposed FCS-

MPC 
Reduction (%) 

8 22,023 18,450 16.22 18,828 14,400 23.51 
9 20,992 18,525 11.75 19,225 13,990 27.23 

10 19,738 18,540 6.06 19,528 13,900 28.82 
11 18,355 17,882 2.57 19,347 14,155 26.83 
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5.2.2. Stochastic Wind Velocity Variation with System Parameters Uncertainties 

To further test the robustness of the proposed method, a simulation was carried out 
under stochastic wind variations and uncertainties in the WECS parameters. A realistic 
wind profile, shown in Figure 19, was used. Additionally, the WECS parameters were 
subjected to uncertainties, including a 50% increase in the PMSG parameters (𝐽,𝑅ୱ, 𝐿ୱ) 
and the filter (𝑅୤, 𝐿୤), while the capacitance of the capacitor 𝐶ଵ exhibited a −50% uncer-
tainty. These uncertainties were applied only to the system model, while the controller 
parameters were kept at their nominal values. 

 

Figure 19. Stochastic wind speed. 

Figure 20 shows the response of the PMSG speed control loop obtained with the two 
control methods under parametric uncertainties. Both methods follow the reference gen-
erated by the MPPT block. However, the conventional FCS-MPC exhibits more pro-
nounced speed oscillations, with deviations of approximately ±0.0018 rad/s around the 
reference in the enlarged view. In contrast, the proposed method shows smaller fluctua-
tions and more accurate reference tracking under the investigated conditions. 

 

Figure 20. Rotor speed. 

Figure 21 compares the DC-bus voltage obtained using the two control methods. The 
conventional controller shows a steady-state error of about 10 V, along with significant 
oscillations around 6010 V, whereas the proposed approach provides a more stable re-
sponse and keeps the voltage much closer to its reference value. 
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Figure 21. DC-bus voltage. 

The DC-link capacitor voltage balancing performance under parameter uncertainties 
and stochastic wind variations is illustrated in Figure 22. The conventional FCS-MPC ex-
hibits a noticeable difference between the two capacitor voltages, 𝑉ୡଵ and 𝑉ୡଶ, around the 3000 V reference. In contrast, the proposed FCS-MPC maintains the two capacitor volt-
ages closer to each other and to the reference value. As shown in Figure 22c, the neutral-
point voltage fluctuates approximately between 20 and 70 V  for the conventional 
method, while it remains mostly within ±30 V for the proposed method in the enlarged 
intervals. This improved balancing is associated with the proposed capacitor-voltage-
based selection of redundant switching combinations. These results indicate better neu-
tral-point voltage regulation with the proposed method under the investigated parameter 
uncertainties and stochastic wind variations. 

 

 

Figure 22. DC-bus capacitor voltage: (a) Conventional FCS-MPC, (b) proposed FCS-MPC; (c) neutral 
point voltage. 
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Figure 23 illustrates the quality of the power injected into the grid. The current main-
tains a sinusoidal waveform and remains in phase with the grid voltage. However, the 
proposed method achieves better performance, with a THD of 0.99% for a fundamental 
component of 1841. In comparison, the conventional method shows a THD of 2.43% for a 
fundamental component of 1832. This difference is explained by the ability of the devel-
oped method to maintain a better balance of the DC-bus voltage. 

Figure 23. Voltage injected current and grid current THD: (a,c) Conventional FCS-MPC, (b,d) pro-
posed FCS-MPC. 

To provide a more accurate comparison of the performance of the two control meth-
ods, the Integral Absolute Error (IAE) and the Integral Time-weighted Absolute Error 
(ITAE) were used as evaluation criteria. These performance indices were calculated for 
each controlled variable of the WECS according to the following expressions: 𝐼𝐴𝐸 = ׬ |𝑒(𝑡)|𝑑𝑡଴்   (88)𝐼𝑇𝐴𝐸 = ׬ 𝑡. |𝑒(𝑡)|𝑑𝑡଴்   (89)

where 𝑒(𝑡) is the tracking error, and 𝑇 denotes the simulation time. 
The results presented in Tables 10 and 11 show that the proposed method yields 

lower IAE and ITAE values than the conventional method under both studied scenarios. 
Under nominal operating conditions, an improvement is observed for all controlled vari-
ables. In the presence of parameter uncertainties, the difference between the two methods 
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becomes significantly more pronounced. For instance, the IAE associated with DC-link 
neutral-point balancing decreases from 316.30 with the conventional method to 27.39 with 
the proposed method. Similarly, the errors related to the grid currents 𝑖୥஑  and 𝑖୥ஒ are 
considerably reduced. The same observations can be made using the ITAE values. These 
results confirm that the proposed method enhances the robustness of the WECS against 
parameter variations while providing better tracking and neutral-point balancing perfor-
mance than the conventional method. 

Table 10. IAE of two methods in different scenarios. 

  Conventional FCS-MPC Proposed FCS-MPC 

Scenario 1 

𝐼𝐴𝐸Ω(rad) 0.0039 0.0029 𝐼𝐴𝐸୧౩ಉ(A.s) 156.0029 151.6683 𝐼𝐴𝐸୧౩ಊ(A.s) 98.2649 96.2556 𝐼𝐴𝐸୚ౚౙ(V. s) 8.0911 7.4851 𝐼𝐴𝐸୬ୣ୳୲୰ୟ୪ ୮୭୧୬୲(V.s) 12.1575 5.1377 𝐼𝐴𝐸୧ౝಉ(A.s) 24.5851 19.1665 𝐼𝐴𝐸୧ౝಊ(A.s) 25.3012 19.0813 

Scenario 2 

𝐼𝐴𝐸Ω(rad) 0.0052 0.0034 𝐼𝐴𝐸୧౩ಉ(A.s) 185.9068 159.8271 𝐼𝐴𝐸୧౩ಊ(A.s) 60.4491 58.7251 𝐼𝐴𝐸୚ౚౙ(V. s) 56.9213 14.9931 𝐼𝐴𝐸୬ୣ୳୲୰ୟ୪ ୮୭୧୬୲(V.s) 316.3000 27.3968 𝐼𝐴𝐸୧ౝಉ(A.s) 262.2899 30.3689 𝐼𝐴𝐸୧ౝಊ(A.s) 296.8757 37.9956 

Table 11. ITAE of two methods in different scenarios. 

  Conventional FCS-MPC Proposed FCS-MPC 

Scenario 1 

𝐼𝑇𝐴𝐸Ω(rad. s) 0.0068 0.0043 𝐼𝑇𝐴𝐸୧౩ಉ(A. sଶ) 322.1535 297.3491 𝐼𝑇𝐴𝐸୧౩ಊ(A. sଶ) 214.1116 212.9428 𝐼𝑇𝐴𝐸୚ౚౙ(V. sଶ) 16.2503 14.8857 𝐼𝑇𝐴𝐸୬ୣ୳୲୰ୟ୪ ୮୭୧୬୲(V. sଶ) 30.2494 15.1445 𝐼𝑇𝐴𝐸୧ౝಉ(A. sଶ) 59.9769 43.4956 𝐼𝑇𝐴𝐸୧ౝಊ(A. sଶ) 62.2086 43.6028 

Scenario 2 

𝐼𝑇𝐴𝐸Ω(rad. s) 0.0126 0.0075 𝐼𝑇𝐴𝐸୧౩ಉ(A. sଶ) 560.6524 452.7255 𝐼𝑇𝐴𝐸୧౩ಊ(A. sଶ) 210.5726 205.0129 𝐼𝑇𝐴𝐸୚ౚౙ(V. sଶ) 184.7742 40.5959 𝐼𝑇𝐴𝐸୬ୣ୳୲୰ୟ୪ ୮୭୧୬୲(V. sଶ) 1.0972 × 103 94.1577 𝐼𝑇𝐴𝐸୧ౝಉ(A. sଶ) 896.1704 91.0619 𝐼𝑇𝐴𝐸୧ౝಊ(A. sଶ) 980.0140 87.1479 

To quantify the optimality loss of the proposed seven-state FCS-MPC compared with 
the exhaustive 27-state method, two indicators are considered: the Optimality Satisfaction 
Rate (OSR) and the Mean Optimality Gap. The OSR is defined as: 𝑂𝑆𝑅(%) = 100 ே೐೜ே   (90)

where 𝑁௘௤ is the number of sampling instants for which |𝑓଻∗ − 𝑓ଶ଻∗ | ≤ 10ିହ, and 𝑁 is the 
total number of samples. 
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The Mean Optimality Gap is calculated as: ∆𝑓തതതത = ଵே ∑ (𝑓଻∗(𝑘) − 𝑓ଶ଻∗ (𝑘))ே௞ୀଵ   (91)

where 𝑓଻∗(𝑘) and 𝑓ଶ଻∗ (𝑘)  represent the minimum cost values obtained with 7 and 27 
switching states, respectively. 

This evaluation is performed under the two operating scenarios considered in this 
study. For a fair comparison, both algorithms are evaluated using the same system states, 
inputs, and operating conditions. For the machine-side converter, the cost functions de-
fined in Equations (66) and (72) are considered. For the grid-side converter, the following 
cost function is used: 𝑓 = ൣ𝑖୥஑(𝑘 + 1) − 𝑖୥஑∗ (𝑘 + 1)൧ଶ + ൣ𝑖୥ஒ(𝑘 + 1) − 𝑖୥ஒ∗ (𝑘 + 1)൧ଶ + 3∑ ∑ ቂ𝑆୥ಟౠ − 𝑆୥ಟౠ୭୮ቃଶ୨ୀଵ,ଶ஧ୀୟ,ୠ,ୡ   (92)

The results obtained for both converters under the two operating scenarios are pre-
sented in Table 12. 

Table 12. Quantitative evaluation of the optimality loss of the proposed FCS-MPC under two oper-
ating scenarios. 

  OSR (%) Mean Optimality Gap 

Scenario 1 
MSC 83.3169 510.9560 
GSC 81.1805 33.2642 

Scenario 2 
MSC 87.7764 418.6162 
GSC 72.3720 52.3694 

As shown in Table 12, the proposed method achieves an Optimality Satisfaction Rate 
of 83.32% and 81.18% for the machine-side and grid-side converters, respectively, under 
Scenario 1. Under Scenario 2, the OSR increases to 87.78% for the machine-side converter 
but decreases to 72.37% for the grid-side converter. The Mean Optimality Gap decreases 
from 510.96 to 418.62 for the machine-side converter, while it increases from 33.26 to 52.37 
for the grid-side converter. 

These results indicate that the reduced seven-state search does not always achieve 
the same minimum cost as the exhaustive 27-state search. Nevertheless, the IAE and ITAE 
results presented in Tables 10 and 11 show lower tracking and neutral-point balancing 
errors for the proposed method under both operating scenarios. Although some optimal-
ity loss is observed, the results suggest that this loss does not necessarily lead to a degra-
dation in control performance under the tested conditions. 

Table 13 provides a comparative evaluation of the proposed method against other 
approaches from the literature. In [31], the cost function optimization relies on the use of 
virtual space vectors, improving control performance. However, this method involves a 
high computational burden, with 33 iterations, and requires the use of an external modu-
lator. In [32], Yang et al. proposed a two-step prediction approach, reducing the number 
of iterations to nine. However, maintaining a constant switching frequency requires pre-
cise adjustment of the switching instants during the second phase, which increases the 
algorithm’s complexity. In [19], Saberi and Rezaie propose predictive current control with 
adaptive weighting coefficients but also require 27 iterations, thus increasing computa-
tional resources. In [20], Mayilsamy et al. introduces a two-step prediction algorithm: the 
first step identifies the sector with 6 iterations, followed by a second step that performs an 
additional 6 iterations to determine the optimal combination, for a total of 12 iterations. In 
[23], Zhang et al. propose a reduced-search strategy based on hexagon and triangle can-
didate regions to limit the number of evaluated switching states. In contrast, the proposed 
method requires only seven iterations per sampling period, reducing the number of 



Energies 2026, 19, 5378 39 of 41 
 

https://doi.org/10.3390/en19215378 

evaluated switching combinations. This comparison focuses on computational complexity 
rather than overall control performance. 

Table 13. Comparison between different FCS-MPC methods. 

Publication Paper Candidate Selection Strategy 
Evaluated Candi-

dates 
Main Distinction 

[31] 
Virtual space vectors added to the con-

ventional control set 33 
Extended control set for neu-

tral-point balancing 

[32] 
Two-stage prediction using medium and 

virtual voltage vectors 9 
Multiple vectors applied per 

control cycle for constant 
switching frequency 

[19] Conventional FCS-MPC with adaptive 
weighting factors 

27 Adaptive cost-function tuning 

[23] 
Hexagon (HCR) or triangle (TCR) candi-

date regions 
Depends on re-

gion 
Geometric candidate-region se-

lection 

[20] 
Two-stage prediction using virtual space 
vectors and conditional small-vector se-

lection 
12 Two successive cost-function 

evaluations 

Proposed FCS-MPC 
Quadrant identification using reference-

voltage component signs 7 
Fixed reduced set of switching 
combinations selected by quad-

rant 

6. Conclusions 
In this study, a sensorless nonlinear control strategy combining ISMC and FCS-MPC 

is proposed for a PMSG-based WECS employing two 3L-NPC converters. A high-gain 
observer is developed to estimate grid variables, while an ANN-based MPPT provides the 
optimal generator speed. The proposed reduced-search FCS-MPC decreases the number 
of evaluated switching combinations from 27 to 7 per sampling period, reducing the com-
putational burden. The PIL simulation results show satisfactory estimation performance 
and comparable control performance under nominal conditions. Under parametric uncer-
tainties, the proposed method reduces the IAE of the DC-link voltage by 73.7% and that 
of the neutral-point voltage by 91.3%  compared with conventional FCS-MPC. The grid-
current THD is also reduced from 2.43% 𝑡𝑜 0.99%. PIL execution profiling confirms the 
reduction in computational burden, although real-time feasibility at the adopted sampling 
period has not been demonstrated. 

Future work will focus on online parameter estimation to improve robustness against 
uncertainties, optimization of the embedded implementation, and experimental real-time 
validation on a physical WECS platform. 
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