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 This paper introduces an advanced sliding mode control (SMC) 
approach integrated with a maximum power point tracking (MPPT) 

strategy, designed for two-mass variable speed wind turbine (VSWT) 

systems. The method employs an indirect speed controller (ISC) to set 

the reference electromagnetic torque based on the turbine's maximum 

power curve. However, the close coupling between electromagnetic 

torque (Tem) and rotational speed (Ωm) in the ISC limits dynamic 

flexibility, leading to slower system responses due to mechanical 

coupling effects. To address this, the proposed ANN-SMC model 

leverages the robustness of SMC and the adaptability of artificial 

neural networks (ANN) to enhance decoupling between Tem and Ωm. 

This ensures optimal performance even in uncertain conditions. The 

experiment will be conducted on three types of wind conditions: 

steady, turbulent, and gusty. Simulation results in Matlab/Simulink 

validate the model's effectiveness in meeting dynamic performance 

goals. 

Keywords: 

Wind Turbine ; 

MaximumPowerPoint Tracking 
(MPPT); 

Indirect Speed Controller (ISC); 

Artificial neural network 

(ANN); 

Sliding mode controller (SMC); 

 

 
 

 

I. Introduction 

Since it taps into a free, abundant source of electricity, renewable energy has positive externalities on a global 

scale. Moreover, it significantly reduces greenhouse gas emissions compared to traditional energy generation, 

contributing to climate change mitigation. It also lessens dependence on resource imports. In fact, with the rapid 

expansion of the renewable energy market worldwide, carbon neutrality targets for 2050 now seem achievable. 

In recent years, wind energy has become the most prevalent renewable resource because it can be installed on 

a large scale and in various locations worldwide. Its non-polluting nature, combined with significant economic 

and ecological benefits, has contributed to its widespread adoption [1]. As a result, by 2024, the global installed 

capacity of wind power exceeded 1 terawatt (1,021 gigawatts), representing a major milestone for the industry. 

This achievement reflects a 13% increase from the previous year, driven by a record addition of 117 gigawatts of 

new capacity in 2023 (Global Wind Energy Council) (RenouVolt). The growth has been particularly notable in 
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China, the United States, Brazil, Germany, and India, which together accounted for a substantial portion of the 

new installations (Global Wind Energy Council) (RenouVolt). 

   The mechanical modelling of a wind turbine is complex. There are many mechanical components and forces 

experienced or transmitted through its elements. It is therefore necessary to select the dynamics to be represented 

and the typical values of their characteristic parameters. Wind speed is random and instable with significant 

fluctuations that cause mechanical loads on the structures of the aero-turbine, leading to damage to its structures 

(Steevens and Flect, 2004; Yeh et al., 2015; V. Petrović, M. Jelavić, 2015; M.Kao and C.Wang,2017; A.E. 

Yaakoubi and K. Attari, 2018) [2], [3], [4], [5] and [6] resulting in power output oscillations.The Maximum Power 

Point Tracking (MPPT) control strategy plays an important role in this, and responsible for real-time regulation of 

actual wind scenario, at this time adapting the operating point through varying to increase capturing energy over a 

wide range of speeds with these adjustments. 

    As shown in Figure 1, there are four working regions according to different wind conditions (A.D. Wright, L. 

Fingersh,2008; Ahmad. M.,2017; X. Zhang, J.jia,2022;J.Xie and H. Dong,2023)[7], [8], [9] and [10]. Region1 

corresponds to cut-in wind speed. In region2, the algorithm of maximum power point tracking is implemented in 

order to extract as much power as possible. In region3 the power generation is at the rated level so a pitch control 

is employed in order toreduce mechanical loads. Region 4 corresponds to cut-out wind speed; the power is kept 

constant. In this paper, the study of the MPPT algorithm consists of region 2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

   There are a lot of studies about the different MPPT strategies, such as TSR control which compares the real value 

of Tip Speed Ratio (TSR) with the optimal one (Cardenas R, Pena R,2004) [11]. Perturb and Observe (PO) control 
is used to decide search direction and step size of rotation speed via changes in generator output. (Datta. R and, 

Ranganathan,2003; H.Mousa and A.Youssef 2021; Barakati et al,2018; X. Zhang, J.jia,2022;  J. Xie and H. 

Dong,2023). [9], [12] and [13]. 

   Optimal torque (OT) control is simple, easy to implement and have a stable torque regulation don’t need a 

measurement of wind speed (Morimoto S. and Nakayama H.,2005; Koutroulis E and Kalaitzakis K.,2006; Hussein 

M and Senjyu T,2013; Martyanov AS, Troickiy AO., 2018). [14], [15], [16] and [17]. The problem is that these 

traditional MPPT methods work well only under certain conditions and they fail to deal with the nonlinear and 

quickly changing dynamics of wind energy systems, so recent research suggests that classical control do not 

provide better performance than other controllers such as intelligent algorithm and hybrid method. 

  Hybrid controllers combine different maximum power point tracking (MPPT) techniques (Wang.Q. and Chang 

L.,2004; Hong MK, Lee H, 2010; Kazmi SMR, Goto H., 2011; You X, Zhou B.,2012; Lalouni et al.,2015; Li, 

B.and Tang, W.,2017; Pande, J.; Nasikkar, P.,2021) [18], [19], [20], [21], [22] and [23] or a general network 

control method (such as proportional integral derivative or PID) combined with an algorithm. With advanced 

technologies (e.g. fuzzy logic, neural systems, etc.) or machine learning (Pucci M, Cirrincione M.,2011;A.E. 

Figure.1 Wind turbine control mode in different regions 

https://gwec.net/global-wind-report-2024-record-year-for-wind-energy-shows-momentum-but-highlights-need-for-policy-driven-action/
https://renouvolt.org/2024-global-wind-energy-report-record-growth-and-future-outlook/
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Yaakoubi et al,2019; Xie, Jingjie & Dong, Hongyang,2023) [10], [24] and [25] this combination allows the 

controller to adapt to different operating conditions more efficiently. It provides better performance, stability, and 

durability than using only one control method because wind energy system has nonlinear characteristics, highly 

coupled internal variables with swift fluctuation Moreover. 

  The robust feature of Sliding Mode Control (SMC) regarding system uncertainties and external disturbances 

motivates its use in wind turbine control, much research has been proposed in this context (Ammar et al.,2019; 

Berrada et al., 2020;H.Chojaa, A.Derouich,2021; Bu-Lai W, Zi-Xin,2023; Padmanabhuni & Nishanth 2023; 

Torchani et al, 2024).[26], [27], [28], [29], [30] and [31]. The foundational research on SMC was initially carried 

out by Soviet control theorists (Petrov et al., 1964; Itkis, 1976; Zinober, 1994). [32], [33] and [34]. 

This paper provides a description of the developing process and an SMC Approach for Mechanical Wind Turbines 

supported by ANN-based MPPT system. The ANN generates precision reference triggers for torque Tem* and 

rotor speed Ωm* from historical data of wind speed of wind farm site sidi DAOUED ALHAOUARIA TUNISIA, 

which is then used by the SMC to maintain the optimal performance. The integration is intended to marry the 

predictive capabilities of ANNs and the robust control properties of SMC, hence, making sure that the turbine 

operates at its best under different wind conditions. 

   By means of thorough analysis, both theoretical development and simulations, and practical validations, the 

study intends to show the effectiveness of the idea of hybrid control. The results show that energetic efficiency 

and system resilience were significantly improved, there by bringing forth the possibilities. 

    This paper describes an advanced control method integrating Sliding Mode Control (SMC) with Maximum 

Power Point Tracking (MPPT) for two-mass Variable Speed Wind Turbine (VSWT) mechanical systems. The 

approach uses an Indirect Speed Controller (ISC) that calculates the reference electromagnetic torque based on the 

maximum power curve, capitalizing on the VSWT's stable dynamics near this operating region. However, while 

the ISC simplifies the control strategy, it has a key limitation: it creates a tight coupling between the 

electromagnetic torque (Tem) and the rotational speed (Ωm), leading to slow response due to the system's 

mechanical coupling dynamics. 

    To address this issue, the paper proposes a solution combining Artificial Neural Networks (ANN) with Sliding 

Mode Control (SMC), which offers the benefits of both robust control from SMC and the adaptability and learning 

capabilities of ANN. This hybrid ANN-SMC model dynamically decouples Tem and Ωm, enabling faster and 

more optimal system response even when faced with uncertainties or disturbances. 

   The model's effectiveness is demonstrated through simulations conducted in Matlab/Simulink, showing that the 

control system meets the desired dynamic performance criteria under specific operating conditions. 

II. Wind turbine model 

    The wind turbine consists of the aerodynamic part which transforms the kinetic energy of the wind into 

mechanical energy in the form of rotation of the shaft linked to the rotor, the gearbox which is generally an 

epicyclic gear train which multiplies the rotation speed, (Fig.2) a generator which converts the mechanical energy 

into electrical energy and rotor- and grid-side converters. The electrical power produced will be injected into the 

grid (Y. Mousavi, G.Bevan,2022) [35]. 

 

II.1. Aerodynamic Model 

The aerodynamic model characterizes the rotor's process of extracting power from the wind(Zheng et 

al.,2009,Torchani et al, 2024) [31] and [36],where the mechanical torque is determined by the interaction of airflow 

with the blades so he evaluates the turbine torque Tt as a function of wind speed Vv and the turbine angular speed 

   Ωt  presented in Fig. 3 and Fig. 4. 
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      To calculate the torque on the low-speed shaft, the wind speed is approximated as the average wind speed across 

the swept area of the blades. The kinetic energy of the wind moving at velocity (V) across a surface area (A) is given 

by the following expression: 

 Pvent =
1

2
ρAV3                                     (1) 

 

Where ρ is the air density. 

The wind turbine can recover only a part of that power: 

Pt =
1

2
ρπR2Cp (λ, β)Vv 

3                     (2) 

 

  where R denotes the radius of the wind turbine and Cp is the power coefficient, a dimensionless parameter that 

quantifies the efficiency of the wind turbine in converting the wind's kinetic energy into mechanical energy. For a 

specific wind turbine, this coefficient depends on factors such as wind speed, the rotational speed of the turbine, 

and the pitch angle of the blades. 
The power coefficient Cp is always less than or equal to the Betz limit (~59.3%), (Freris,1990) [37] which is the 

theoretical maximum efficiency for wind turbine.   

Cp is often given as a function of the tip speed ratio, λ, defined by: 

Cp =
Pt

Pvent
                                            (3) 

 

λ =
R   Ωt 

Vv 
                                               (4) 

 

Where Ωt is the angular speed of the rotor. 

 The torque generated by the rotor is derived from the power absorbed and the rotational speed of the turbine: 

  Tt =    
Pt

  Ωt 
=     

π

2λ
ρR3Cp(λ ,β) Vv 

2
          (5)          

 

The simplest method to represent the torque and power coefficient Cpis through analytical expressions based on 

the tip speed ratio (λ) and the pitch angle (β). A commonly used and easily adaptable expression for various 

turbines is: 

 

Figure.2General block diagram of wind energy conversion systems 
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  Cp(λ ,β) = A1((
A2

𝜆′
) − A3𝛽 − A4). 𝑒

A5
𝜆′ +  A6 

 
1

λ′
=

1

λ + 0.08. β
−

0.035

β3 + 1
 

 
Simulation of Cp with Matlab/ Simulink 

Avec : A1= 0.5, A2 = 116, A3= 0.4, A4=5, A5 = -21 et A6 = 0.0068 

Figure3 obtained represents the variation in aerodynamic efficiency Cp as a function of 𝜷 and λ 

 

 

 

 

 

 

 

 

 

 

 

 

II.2. Mechanical Model 

    In this section we are interested in the description and modeling of the mechanical part of the wind turbine 

which is essentially constituted by the turbine (3 blades mounted on a shaft) and the gearbox. We consider that it 

is a two-mass system which represent the wind turbine and the generator. On the left side is the low-speed shaft 

Ωt-arlinked to the turbinewith a high torque Tt-arand on the right side is the high-speed shaft Ωmlinked to the 

generator shaft by means of a coupling with a low transmissible torque Tem, to connect these two parts a flexible 

shaft is mounted. 

Dt and Dmare the friction coefficients, representing the mechanical losses due to friction in the rotational 

movement. 
The inertia Jt pertains to the masses on the turbine side, while Jm pertains to those of the electrical machine. 

The stiffness and damping coefficients, Ktmand Dtm, characterize the flexible coupling between the two inertias. 

(Figure.4) 
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Figure 3.  Power coefficient Cp (λ,𝜷) 

 

Figure.4  Schematic diagram of a two-mass drivetrain 
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The turbine's rotational speed and driving torque are represented on the high-speed shaft as follows: 

Ωm = NΩt                                                                                            (6) 

 Equation of the first mass: 

 

Jt
dΩt−ar

dt
= Tt−ar − DtΩt−ar − Tem                                             (7) 

 

 Second mass equation: 

 

Jm
dΩm

dt
 = Tem − DmΩm                                                            (8) 

 

 Dynamics of the electromagnetic torque: 

 
dTem

dt
= Ktm(Ωt−ar − Ωm) + Dm(

dΩt−ar

dt
−

dΩm

dt
)                       (9) 

 

III. Indirect Speed Control Strategy 

 

     In an indirect speed controller (ISC), the controller strategy is based on maximizing the power output by 

following a predefined maximum power curve which consists of taking as the electromagnetic torque reference 

Tem* related to the maximum Power curve for each turbine rotational speed value 

Ωm using the dynamically stable nature of the VSWT around this curve. But the relationship between Tem and Ωm 

has no dynamics this leads to a fixed soft response of the system. (Abad, G. & Lopez Taberna,2011; Pozo, Adrián 

& Ayala, Edy,2021) [38] and [39] 

From the simulation of Cp as a function of λ and β, we can determine Cpmax and λopt which will be useful to design 

the algorithm to follow the MPPT. In the following, we will focus on developing a strategy that allows us to 

determine the optimal electromagnetic torque applied to the generator shaft which mathematically and physically 
influences the mechanical rotation speed in an indirect way, so to have the MPPT, we must determine the optimal 

reference electromagnetic torque. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure.5  Indirect Speed Control strategy general block diagram 
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When the turbine is operating on the maximum power point: 

 

λopt =
R   Ωt 

Vv 
,    Cp= Cpmax

, and     Tt= Tt_opt
          (10) 

The turbine power harnessed from aerodynamic torque is therefore given by: 

 Tt opt =    
1

2
ρπR3

R2Ωt
2

λopt
2

Cpmax

λopt 

 

 

  Tt opt =    
1

2
ρπ 

R5

λopt
3 Cpmax

Ωt
2 = Kopt  Ωt

2
             (11) 

 

Where 

Kopt   =    
1

2
ρπ 

R5

λopt
3 Cpmax

 

It leads to an optimal torque that varies as a quadratic function of the wind turbine speed. Furthermore, from 

Equation (7) in the steady state: 

0 =
Tt−ar

N
− DtΩt−arN − Ktm(Ωt−ar − Ωm)            (12) 

 

0 = Tem − DmΩm − Ktm(Ωt−ar − Ωm) 
 

Where Ωm = NΩt 

 

Tem = −
Tt 

N
+ (Dm + Dt)Ωm                                      (13) 

Substituting Ttin Equation (11) with the expression from Equation (9), we have: 

 

 Tem = −Kopt   Ωm
2 + (Dm + Dt)Ωm                            (14) 

 

Where  

 

Kopt =    
1

2
ρπ 

R5

λopt
3

N3
Cpmax

                                              (15) 

The MPPT approach aims to enhance the efficiency of the Wind Energy Conversion System (WECS) by capturing 

the maximum possible power from the wind. to have the MPPT, it is necessary to determine the optimal 

electromagnetic torque so for each value of the wind speed and from the relation (15) we can determine Ωt as well 
as Ωm* and from the relation (14) we can calculate the value of the corresponding reference torque Tem*. 

 

   Ωt = λopt 
Vv 

R
                                                                       (16) 

The reference electromagnetic torque, Tem-ref * generated by the MPPT control strategy, ensures that the rotational 
speed is controlled around its reference value., Ωm-ref *, derived from Equation (16). This Tem-ref* is then used as an 

input for the inner loop control structure. The proposed ANN-based MPPT controller is detailed in the next section. 

Table1: Parameters for MPPT strategy 

 

Parameter Value Description 

Cp-max 0.479 Maximum power coefficient 

Air density 1.225 Air density (kg/m³) 

λopt 8.2 Optimal Speed Ratio 

R 40 Blade length (m) 
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N 90 Gearbox ratio 

Vv Input variable Historical data of wind speed (m/s) 

Tem* Output variable Reference electromagnetic torque (Nm) 

Ωm* Input variable Reference rotational speed (rad/s) 

βopt 

 
0° Optimal pitch angle 

K_opt 1.847256480310799e+05 Aerodynamic constant 

Dm 0.01 friction coefficient (Nms/(rad)) 

Jt 127 Inertia (kg m2) 

IV. ANN-based MPPT 

    Artificial Neural Network is a set of artificial neurons connected in layers, which work together to make 

predictions or classifications by adjusting its connections (weights) during training. The mathematical model of 

the neuron in lth layer is expressed as: 

 

𝑌𝑗
𝑙 = 𝑓(∑ 𝑊𝑗𝑖

𝑙𝑋𝑖 + 𝑏𝑗
𝑙)

𝑛𝑙

𝑖=0
                          (17) 

Where: 

  The inputs vector is 𝑋𝑖 acquired through outputs of other neuron,𝑊𝑗𝑖
𝑙  designates the synaptic weights of neuron j 

in layer l, and 𝑏𝑗
𝑙  represents the bias input usually takes the value +1 or -1 in order to make the network more 

efficient as it learns because the tripping level of the neuron will change by adjusting weights and biases in learning. 

   The proposed MPPT neural controller is designed as a static Multilayer neural network (MLP). The architecture 

of the MLP used is illustrated in Fig. 6.  

Multilayer neural network (MLP), or Multilayer Perceptron, is a type of artificial neural network used mainly in 

supervised learning tasks. Its structure is composed of several layers of neurons connected to each other by weights 

that are adjustable during training. (B. Deepa Lakshmi, & K. Sujatha, 2016; D. Fang, & J. Wang,2017)[40] and 

[41]. MLP consisting of Input Layers which receives the raw input data (feature vectors). Each neuron in this layer 

represents an input variable and hidden Layers (one or more layers located between the input layer and the output 

layer). These layers are responsible for extracting complex features using nonlinear transformations. Each neuron 

in a layer is connected to the neurons in the previous and next layer and Output Layers which produce the prediction 

or classification based on the activations of the neurons in the last hidden layer. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 This MLP consists of an input layer with two neurons representing wind speed Vvand mechanical speed Ωm, two 

hidden layers, and an output layer with one neuron representing the electromagnetic reference torque Tem_-ref*. 

The hidden layers use hyperbolic sigmoid activation functions while the output neuron uses a linear activation 

Input 

layer 

Hidden 

layer 

Vv 

Ωm Tem* 

Output 

layer 

Figure.6 Internal structure of the MLP 



Algerian Journal of Renewable Energy and Sustainable Development 7(2) 2025: 144-165, doi: 10.46657/ajresd.2025.7.2.1 

 

 

152 
 

 

 

function and the MLP of mechanical reference speedΩm* consists of an input layer with one neuron representing 

wind speed Vvand output layer with one neuron representing Ωmref : 

 

𝑠𝑔𝑚 =
1−exp (−2𝑥)

1+exp (−2𝑥)
                                      (18) 

 

The collected data were divided into three subsets: 70% for training, 15% for testing, and 15% for validation. 
The training process of the MLP (Tem_ref* and Ωm*), depicted in fig.7a and fig7.b with MATLAB Simulink 

toolbox employed the Levenberg-Marquardt algorithm, known for its fast convergence and robustness. The 

number of iterations was set to 1000 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

Figure 8 and Figure 9 illustrates that the proposed structure of Tem- ref* converged rapidly to an optimal solution, 

with only minor error variations observed thereafter, achieving an error rate of 5.2974 × 10⁻7 at epoch 1000 and 

for Ωm* (fig.10) the error rate of3.7759 × 10⁻7 at epoch 1000. 

 

 

 

 

 

 

 

 

In this part we have developed a reference electromagnetic torque Tem* and a reference mechanical rotation speed 

Figure7a. Neural Network Training of Tem* 

 
Figure.7bNeural Network Training of Ωm ∗ 

Figure.8 Performance curve of training 

Tem* 
Figure.9 Performance curve of training Ωm* 



Algerian Journal of Renewable Energy and Sustainable Development 7(2) 2025: 144-165, doi: 10.46657/ajresd.2025.7.2.1 

 

 

153 

 

Ωm* using a neural network with a maximum power extracted using the MPPT algorithm. Tem* and Ωm* will be 

useful later in the design of a sliding mode control robust to uncertainties and variations of parameters and external 

disturbances because the ISC approach leads to a close coupling between the electromagnetic torque Tem and the 

rotational speed Ωm, as their relationship lacks the dynamic flexibility typically provided by a regulator. 

in the method way we can determine the reference turbine torque Tt* as well as the reference turbine power Pt* 

using a neural network by referring to equations (5) and (11) we obtain: 

  Pt opt =   Tt optΩt = Kopt  Ωt
3
                                        (19) 

The generator power given by: 

  Pgen =   TemΩm                                                              (20)                                                          

V.  Sliding Mode Control design 

    In this section an ANN sliding mode controller (ANN-SMC) applied to the mechanical part of a 2 MW wind 

turbine based in figure 10. the objective is to ensure fast dynamic decoupling and robustness against external 

disturbances, allowing the wind turbine to quickly follow the reference values of rotation speed and 

electromagnetic torque obtained by ANN-MPPT.  

    The application of SMC for the regulation of Ω𝑚 in a wind turbine system, where the MPPT (maximum power 

point tracking) imposes a nonlinear relationship between Ωm and 𝑇𝑒𝑚, can significantly improve the speed of the 

response compared to a PI controller. Indeed, the goal is to manage dynamic couplings, ensure a fast response, 

maintain robustness against disturbances and product the optimal electrical energy. Many studies were proposed 

in this context (Kelkoul and Boumediene, 2021; Yao et al.,2021; H. Chojaa, A. Derouich,2021; B. Fatnassi and B. 

Torchani,2022; Torchani et al,2024)[42], [43], [44] and [45]. 

Sliding Mode Control Law for the System with above relation (7), the goal is to set Ω𝑚 to track a desired reference 

corresponding to the MPPT (Maximum Power Tracking Point), aiming to extract maximum wind energy.  

V.1. Classical sliding mode controller  

a. Sliding Surfaces: 

SΩm
= Ωm−ref − Ωm                                             (21) 

To determine the control law, it is necessary to determine the derivative of the sliding surface  𝐒̇(𝛀𝐦) which 

corresponds to: 

Ṡ(Ωm) =
dΩm−𝑟𝑒𝑓

dt
−

dΩm

dt
(22) 

The derivative of the reference is assumed to be known, to determine the derivative of Ωm, we use equation (8) in 

equation (20) we obtain: 

Ṡ(Ωm) =
dΩm−ref

dt
 −  

1

Jm
(Tem − DmΩm)               (23) 

b. SMC control law: 

The objective is to design a control law for Tem such that ṠΩmis always directed towards SΩm. the system remains 

on the sliding surface: 
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SΩm
= ṠΩm = 0                                                         (24)           

V.2. Calculation of the equivalent command:  

The equivalent control is defined to maintain Ωm−ref = Ωmwhile exactly compensating for dynamic effects: 

 Tem−ref =  Jm
dΩm−ref

dt
+ DmΩm−ref                                (25) 

Using equation (21) to verify (22) with SΩm
= 0, a typical SMC control law for the electromagnetic torque is given 

by: 

      The sliding mode control law is given by: 

 Ueq = Tem−eq =   Tem−ref − KΩmsgn( SΩm)                   (26) 

 KΩm: a command gain 

 −KΩmsgn( SΩm) :is the switching term that ensures that the system remains on the surface SΩm
= 0 

Using a Lyapunov function to verify this control law which guarantees convergence and ensures stability we will 

have: 

V =
1

2
( SΩm)2                                                                    (27) 

VI. Convergence condition  

The convergence condition is defined by the Lyapunov equation (25), it makes the surface attractive and 

invariant. The time derivative of the Lyapunov function must be defined negative to ensure stability, we will 

show that  V̇ < 0 

V̇ = ṠΩm . SΩm                                                                              (28)  

By applying control law (24) in equation (21) and taking into account equation (23) we obtain: 

ṠΩm = −
KΩmsgn( SΩm)

Jm
                                                               (29) 

By substituting this expression (27) in (26) we will have: 

 

V̇ = −
KΩm

Jm
sgn( SΩm)SΩm = −

KΩm

Jm
∣ SΩm ∣                      (30)                 

Or 
KΩm

Jm
> 0we clearly see that V̇ < 0which means that V is decreasing, consequently SΩmconverges to 0 then the 

Lyapunov condition is satisfied. 
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V.2. ANN SMC 
    Sliding mode control coupled with an artificial neural network is a hybrid approach arising from the robustness 

of sliding mode control and the learning capabilities of the artificial neural network. Sliding mode control exhibits 

high robustness in the presence of parametric uncertainties or external perturbations due to the use of a sliding 

surface that provides stability by forcing the system to reach and stay on this surface. However, SMC often suffers 

from chattering, an undesirable oscillating motion caused by the discontinuous nature of the control. In order to 

overcome this defect, the sliding surface component is hybridized with a neural network to produce a smoother 

approximation of the control law. This increases the reference tracking accuracy while reducing oscillations. 

Therefore, SMC ANN proves to be an advanced and effective method for the control of complex systems such as 

wind turbine. 

So, to avoid the chattering phenomenon related to the classical sliding mode control, we propose a hybrid control 
strategy that combines the classical SMC with the neural network tool so we will design a compensation command 

that provided by the neural network to smooth the command and reduce the chattering the neural network is used 

to adjust the dynamics of the gains according to the error SΩmand possibly its derivatives. Then the new command 

becomes: 

𝛀m-

ref 

𝛀

MPPT- 

ANN 

(Eq. 14) 
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Figure. 10General structure of control 
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  Tem =   Tem−ref + ANN( SΩm)                                     (31) 

 

ANN( SΩm):the output of the trained neural network to minimize the amplitude of SΩm  

The neural network acts as an adaptive and intelligent correction by learning from system dynamics and control 

data, it adjusts   Temin real time to minimize SΩm  

 Neural network architecture 

 

Simple network: Feedforward network (MLP) withone hidden layer (15 neurons). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

    The learning of ANN vector selector needs 290 iterations to reach a performance of 2.39.10-11within very short 

time, it takes only 0.3s. 

 

 

 

 

 

 

 

 

 

Ωm, SΩm  

Tem 

 

Figure.12 Performance curve of training ΔTem with 

turbulent wind 

Figure.11 Neural Network Training of ΔTemturbulent wind 
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VII. Simulation Results and Discussions  

Table2: Simulation Parameters. 

 

Parameter 
Value  

k_smc_ann 10 

k_smc 13000 

T_sim 10  

u_smc -3.730668943198770e+04 

u_smc_ann -2.09306855413555e+03 

dt 0.01 

    

 In order to verify the performance of the proposed control, a simulation test will be conducted in Matlab/simulink 

software by using a 2 MW wind turbine. The parameters of turbine system are listed in Table 1 and the simulation 

parameters are given in Table 2.The assessment will be carried out on three wind variations: constant, turbulent, 

and gusty. The wind speed variations observed in different profiles observed in figure 14, (a) steady, (b) turbulent, 

and (c) gustyeffectively illustrate the fluctuations throughout the simulation period. The steady wind profile, 

depicted as a constant 12 m/s line, serves as a reference point for evaluating system performance under stable 

conditions. Meanwhile, the turbulent profile, with its irregular oscillations, demonstrates peaks and dips that mimic 

real-world atmospheric behavior, underscoring the necessity of robust control strategies. On the other hand, the 

gusty profile, marked by sudden surges in wind speed, highlights the challenges these abrupt changes pose to the 
system’s stability and efficiency. Collectively, these wind profiles offer critical insights into system performance 

under diverse conditions, reinforcing the importance of precise wind modeling for optimizing wind turbine 

operation. 

 

(a)                                                                                                               (b) 

 

 

 

 

 

 

 

 

 

 

 

 

Figure.14 Wind speed profile of 12m/s mean value, (a) constant wind, (b) turbulent wind, (c) gusty wind. 

Figure 15 illustrates the mechanical speed (Ωm)of the wind turbine obtained using the proposed classical SMC 

and SMC-ANN controller under constant, turbulent, and gusty wind conditions. with classical SMC control, the 

figure reveals fluctuations appear at the beginning of the signals in Figures (a), (b), and (c), but they dissipate 

quickly about 0.05s. The control demonstrates smooth behavior, although the SMC controller exhibits a chattering 
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effect. Additionally, sudden variations due to wind gusts, particularly in figure 14(c), are noticeable with this type 

of control. However, the SMC-ANN effectively mitigates these fluctuations. Moreover, the SMC-ANN 

outperforms the conventional SMC, as evidenced by a minimal overshoot, and reduced tracking error without any 

chattering phenomenon.The representation of the sliding surfacedirectly corresponds to the rotational error. A 

proper convergence toward this surface signifies that the system accurately follows the desired setpointwhich is 

illustrated by figure 16. Figure 17 shows the evolution of the electromagnetic torque (Tem) following its reference 

generated by MPPT strategy, as presented in these figures (a), (b) and (c) the torque curve coincides with the 

reference for the SMC ANN control but with classic SMC we can observe a shift this reflects a chattering 

phenomenon linked to the classic sliding mode control.We observe initially minor oscillations that quickly fade 

away after 0.04 seconds. Following this, the system responses track their references steadily under constant wind 

conditions. However, when gusts of wind occur, slight oscillations reappear, aligning with the gust intervals around 

1.5s and 3s seconds. Overall, the SMC-ANN controller effectively suppresses these oscillations, ensuring accurate 

tracking with minimal errors and it has managed to reject the additive input disturbance. So, the SMC-ANN 

controller shows a better performance when compared with the classical SMC controller.  
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Figure.15 Mechanical speed of the proposed 

methods: SMC and SMC-ANN, (a) constant 
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Figure.16 Sliding surface defining the rotation error. 
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Figure.17Electromagnetic torque (Tem) of the proposed methods: SMC and SMC-ANN, (a) 

constant wind, (b) turbulent wind, (c) gusty wind. 
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Figure.18 Electrical power (Pgen) of the proposed methods: SMC and SMC-ANN, (a) constant wind, (b) 

turbulent wind, (c) gusty wind. 

    As indicated in figure 18 (c), with the SMC-ANN controller of the electrical power avoid the tracking of the 

short – time turbulence (gust of wind) while the SMC controller is unable to reject the additive input disturbance 

at instants 1.5s, 3s, 7s and 9s. In figures 18 (a) and (b) the behavior of the two graphs shows a good convergence 

especially for the SMC- ANN control we notice that the signals follow their references. 

The comparison of classical SMC yet to SMC_ANN is shown in Table 3. Here remarkable gains were achieved 

by both strategy control in terme of response time: The time is found when the error is less than 1.6842% of the 

reference. Those enhancements involve aovershoot, RMSE andsteady – state error of 0.536 for SMC-ANN 

controller  

Table3: Comparison between SMC and SMC-ANN 

 

Metric SMC SMC-ANN 

Overshoot (%) 2.98 0.398 

RMSE (rad/s) 1.701 0.601 

Steady state error(rad/s) 1.684 0.536 

 

The RMS error for SMC-ANN is low (0.601), this means that the difference between the actual values and the 

desired values is small, indicating that the system is accurate and tracks the reference well. 
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VIII. Conclusion  

This paper presented an intelligent sliding mode control (SMC) integrated with maximum power point tracking 

(MPPT) and an indirect speed controller strategy to optimize the performance of mechanical wind turbine systems. 

The proposed control strategy effectively addressed challenges associated with variable wind speeds and nonlinear 

dynamics of wind turbine systems, ensuring efficient energy capture and system stability. 

The simulation results demonstrated that the intelligent SMC-ANN strategy outperformed conventional control 

methods in terms of tracking accuracy, response time, and robustness against disturbances so this controller has 

succeeded in improving the decoupling between Tem and Ωm. This approach provides a promising solution for 

improving the efficiency and reliability of wind energy systems, making it a valuable contribution to the renewable 

energy sector. 
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