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The increasing penetration of renewable energy sources has significantly reduced the 

effective inertia of modern power systems. Wind turbines based on Doubly-Fed Induction 

Generators (DFIGs) are widely deployed due to their efficiency and controllability; 

however, their power electronic interface decouples the mechanical rotor from the grid, 

limiting the natural inertia contribution. As a result, large frequency deviations and high 

rates of change of frequency (ROCOF) may occur during disturbances. Virtual inertia 

control has emerged as an effective technique for enabling wind turbines to provide 

synthetic inertial support to the grid. This paper presents an artificial intelligence (AI)-based 

approach for enhancing the virtual inertia response of a DFIG wind turbine system. A 

detailed mathematical model of the wind turbine and DFIG is developed, followed by the 

design of a virtual inertia controller. A neural-network-based adaptive controller is proposed 

to dynamically adjust the inertia gain according to system frequency deviation and rotor 

speed. The proposed controller is implemented and evaluated using MATLAB/Simulink 

under load disturbance scenarios. Simulation results demonstrate that the AI-based virtual 

inertia controller improves frequency stability by reducing frequency deviation, lowering 

ROCOF, and improving frequency nadir compared with conventional fixed-gain controllers. 
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I. INTRODUCTION 

The global transition toward sustainable energy systems has significantly accelerated the deployment of renewable energy 

technologies. Among various renewable sources, wind energy has emerged as one of the most prominent options due to its environmental 

advantages, technological maturity, and rapidly declining generation cost. Many countries are increasingly integrating large-scale wind 

farms into their power systems to reduce greenhouse gas emissions and meet growing electricity demand. However, the high penetration 

of renewable energy sources introduces several operational challenges related to system stability and frequency regulation [1]. In 

conventional power systems, frequency stability is mainly supported by synchronous generators that possess large rotating masses. These 

machines naturally provide rotational inertia, which helps maintain the balance between power generation and load demand during system 

disturbances. When a sudden disturbance such as load variation or generator outage occurs, the kinetic energy stored in the rotating 

masses of synchronous machines is released to counteract the frequency deviation and slow down the rate of change of frequency 

(ROCOF). This inertial response plays a critical role in preventing severe frequency excursions and maintaining system stability [2-4]. In 

contrast, modern wind power generation systems are typically based on Doubly-Fed Induction Generator (DFIG) technology, where the 

generator is connected to the grid through power electronic converters [5]. Due to this converter interface, the mechanical inertia of the 

turbine rotor is largely decoupled from the grid, which significantly reduces the effective inertia contribution of wind turbines. As the 

penetration level of wind generation increases, the reduction in system inertia becomes more pronounced, leading to faster frequency 

variations and potentially threatening the secure operation of the power system. To overcome this challenge, various control strategies 

have been proposed to enable wind turbines to participate in grid frequency support.  
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One of the most widely investigated approaches is virtual inertia control, which allows converter-interfaced renewable generators 

to emulate the inertial behavior of synchronous machines. In this method, additional control loops are incorporated into the converter 

control system so that the wind turbine can inject supplementary active power in response to frequency deviations or ROCOF signals. By 

temporarily extracting kinetic energy from the rotating turbine blades, DFIG systems can provide fast frequency support and enhance 

overall grid stability [6-8]. Although conventional virtual inertia controllers can improve frequency response, their performance is often 

limited by the use of fixed control gains. In practical power systems, operating conditions such as wind speed, load variation, and system 

disturbances continuously change. Under such conditions, fixed-gain controllers may not provide optimal performance and may even 

lead to undesirable effects such as rotor speed instability or reduced energy efficiency. Therefore, more adaptive and intelligent control 

approaches are required to enhance the dynamic performance of DFIG-based wind turbines [9-13]. Recently, artificial intelligence (AI) 

techniques have attracted considerable attention in power system control applications due to their ability to handle nonlinear dynamics 

and adapt to changing operating conditions. AI-based methods such as artificial neural networks, fuzzy logic systems, and reinforcement 

learning algorithms can learn complex system behaviors and provide adaptive control strategies for improving system performance [14-

20]. Motivated by these advantages, this paper proposes an AI-based virtual inertia control strategy for DFIG wind turbines to enhance 

frequency stability in power systems with high renewable penetration. The proposed method utilizes a neural-network-based controller 

to dynamically adjust the virtual inertia gain according to system conditions such as frequency deviation, rate of change of frequency, 

and rotor speed. The performance of the proposed approach is evaluated through detailed MATLAB/Simulink simulations under various 

disturbance scenarios. 

II. MATHEMATICAL MODELLING OF THE DFIG WIND TURBINE 

II.1 WIND TURBINE AERODYNAMIC MODEL 

The mechanical power extracted from the wind turbine is expressed as 

𝑃𝑤 =
1

2
𝜌𝐴𝑣3𝐶𝑝(𝜆, 𝛽)                                                                                      (1) 

Where 

ρ = air density 

A = turbine swept area 

v = wind speed 

Cp = power coefficient 

β = blade pitch angle 

λ = tip speed ratio 

The tip speed ratio is defined as 

𝜆 = 𝜔𝑟𝑅/𝑣                                                                              (2) 

where 

ωr = rotor angular speed 

R = blade radius 

The mechanical torque of the turbine is 

𝑇𝑚 =
𝑃𝑤

𝑤𝑟
                                                                                                             (3) 

II.2 DFIG ELECTRIC MODEL 

The stator and rotor voltage equations in the synchronous reference frame are 

𝑉𝑠 = 𝑅𝑠𝑖𝑠 +
𝑑𝜓𝑠

𝑑𝑡
                                                                                          (4) 

𝑉𝑟 = 𝑅𝑟𝑖𝑟 +
𝑑𝜓𝑟

𝑑𝑡
                                                                                         (5) 

Flux linkage equations are 

 𝜓𝑠 = 𝐿𝑠𝑖𝑠 + 𝐿𝑚𝑖𝑟                                                                       (6) 

                     𝜓𝑟 = 𝐿𝑟𝑖𝑟 + 𝐿𝑚𝑖𝑠                                                                     (7) 

Where 

Rs, Rr = stator and rotor resistance 

Ls, Lr = stator and rotor inductance 

Lm = mutual inductance 

II.3 VIRTUAL INERTIA CONTROL STRATEGY 

The basic concept of virtual inertia is to emulate the inertial response of a synchronous generator by injecting additional active 

power based on frequency dynamics. The virtual inertia power is calculated as 
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       𝑃𝑉𝐼 = 𝐾𝑉𝐼
𝑑(𝛥𝑓)

𝑑𝑡
                                                                           (8) 

Where 

𝐾𝑉𝐼  = virtual inertia gain 

Δf = frequency deviation 

The total reference power becomes 

       𝑃𝑟𝑒𝑓 = 𝑃𝑀𝑃𝑃𝑇 + 𝑃𝑉𝐼                                                                       (9) 

During a frequency drop, the controller extracts kinetic energy from the wind turbine rotor to supply additional active power to  

the grid. Studies show that such control strategies significantly improve system frequency response when renewable penetration increases.  

II.4 AI-BASED VIRTUAL INERTIA CONTROLLER 

Traditional virtual inertia controllers use fixed gains, which may not perform optimally under varying wind conditions. To 

overcome this limitation, an Artificial Neural Network (ANN)-based adaptive controller is proposed. 

II.4.1 Neural Network Structure  

Inputs: 

Frequency deviation (Δf) 

Rate of change of frequency (df/dt) 

Rotor speed (ωr) 

Wind speed (v) 

Output: 

Optimal virtual inertia gain (KVI) 

The neural network consists of: 

Input layer → Hidden layer → Output layer 

The network is trained using simulation data generated from different operating conditions. 

II.4.2 Training Algorithm 

The neural network training follows these steps: 

Generate training data from system simulations. 

Normalize input variables. 

Use backpropagation learning. 

Update weights using gradient descent. 

Loss function: 

𝐽 = ∑(𝛥𝑓)2                                                                             (10) 

The objective is to minimize frequency deviation during disturbances. The fig.1 illustrates the basic architecture of a Doubly-

Fed Induction Generator (DFIG) based wind energy conversion system. Wind energy is captured by the wind turbine and converted into 

mechanical rotational energy. This mechanical power is transmitted through a gearbox, which increases the rotor speed to match the 

generator requirements. The gearbox drives the DFIG, where mechanical energy is converted into electrical energy. The generated power 

is controlled using two power electronic converters: the rotor side converter (RSC) and the grid side converter (GSC). These converters 

regulate rotor currents, control active and reactive power, and maintain stable voltage and frequency before delivering the generated 

electricity to the power grid. 

 
Figure1: Wind turbine – DFIG system architecture. 

Source: Authors, (2026). 

The virtual inertia control block diagram fig. 2 represents the mechanism used to emulate the inertial response of conventional 

synchronous generators in converter-based renewable energy systems. The process begins with frequency measurement, where the grid 

frequency is continuously monitored. 
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Figure 2: Virtual inertia control block diagram. 

Source: Authors, (2026). 

The measured frequency deviation (Δf) is then passed through a derivative block, which calculates the rate of change of frequency 

(df/dt), also known as ROCOF. This signal is multiplied by the virtual inertia gain (KVI) to determine the required inertial response. 

Finally, the controller generates an additional power reference, which commands the wind turbine or converter system to inject extra 

active power into the grid, thereby improving frequency stability during disturbances. 

 
Figure 3: AI-based controller structure. 

Source: Authors, (2026). 

The AI-based controller is designed to enhance the virtual inertia response of a Doubly-Fed Induction Generator (DFIG) wind 

turbine system as shown in fig. 3. In this structure, three important system parameters are used as inputs: frequency deviation (Δf), rate 

of change of frequency (df/dt), and rotor speed (ωr). These signals represent the dynamic behaviour of the power system during 

disturbances such as sudden load changes. The input variables are processed by a neural network that acts as an intelligent decision-

making unit. The neural network is trained using system data so that it can learn the nonlinear relationship between frequency dynamics 

and the required inertia support. Based on the processed information, the neural network generates an optimal virtual inertia gain (KVI). 

This gain is then used in the virtual inertia control loop to determine the additional active power that should be injected into the grid. As 

a result, the AI controller improves frequency stability and provides faster and adaptive inertial support. 

. 
Figure 4: MATLAB/Simulink model of DFIG wind turbine. 

Source: Authors, (2026). 

Figure 4 illustrates the MATLAB/Simulink model of a Doubly-Fed Induction Generator (DFIG) based wind turbine system 

integrated with the power grid. The model consists of several main subsystems including the wind turbine, DFIG generator, rotor-side 

converter (RSC), grid-side converter (GSC), transformer, and grid connection. The wind turbine converts wind energy into mechanical 

torque which drives the DFIG rotor. The DFIG converts this mechanical energy into electrical power and supplies it to the grid.  
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The rotor-side converter controls rotor currents and regulates active and reactive power, while the grid-side converter maintains 

the DC-link voltage and ensures stable power transfer to the grid. A virtual inertia control block is incorporated to provide additional 

active power during frequency disturbances. Measurement blocks and scopes are used to monitor system variables such as voltage, 

current, and power. This simulation model enables performance analysis of the proposed AI-based virtual inertia control strategy under 

different operating conditions and disturbances. 

III. RESULT ANALYSIS 

Figure 5 illustrates the frequency response of the power system under three different operating conditions: without inertia 

support, conventional Virtual Inertia Control (VIC), and AI-based Virtual Inertia Control (AI-VIC). The graph shows the variation of 

grid frequency with respect to time after a disturbance in the system. In the without inertia case, the system experiences a noticeable 

frequency drop immediately after the disturbance. The frequency decreases rapidly and reaches a lower value before slowly recovering. 

This behavior occurs because the system lacks sufficient inertial support to counteract sudden load changes. As a result, the rate of change 

of frequency (ROCOF) is relatively high, which may threaten grid stability. 

 
Figure 5: Frequency response comparison graph Three curves: Without inertia Conventional VIC AI-VIC. 

Source: Authors, (2026). 

When conventional virtual inertia control is applied, the frequency deviation is reduced compared to the case without inertia. 

The controller injects additional active power based on the frequency derivative, which helps mitigate the frequency drop. However, the 

response is still moderately slow, and the system requires more time to stabilize. The AI-based virtual inertia control (AI-VIC) 

demonstrates the best performance among the three cases. The frequency nadir is higher, and the recovery time is significantly shorter. 

The AI controller dynamically adjusts the inertia gain according to system conditions, resulting in improved damping and faster 

stabilization. Consequently, the AI-VIC approach provides superior frequency support and enhances overall grid stability in systems with 

high renewable penetration. 

Table 1: Performance Comparison of Different Inertia Control Strategies. 

Control Strategy Frequency Nadir 

(Hz) 

Maximum Frequency Deviation 

(Hz) 

ROCOF 

(Hz/s) 

Settling Time 

(s) 

System 

Stability 

Without Inertia 49.52 0.48 High 10 – 12 Poor 

Conventional VIC 49.63 0.37 Medium 7 – 9 Moderate 

AI-Based VIC 49.71 0.29 Low 4 – 6 Excellent 

Source: Authors, (2026). 

The tabular results clearly indicate that the AI-based virtual inertia control (AI-VIC) provides superior frequency support 

compared with the other control strategies. In the case without inertia, the system experiences the largest frequency deviation and highest 

ROCOF, which indicates poor dynamic stability. When conventional virtual inertia control is applied, the frequency nadir improves and 

the rate of frequency change decreases. However, the system still requires a relatively longer settling time. 

In contrast, the AI-based controller significantly improves system performance by increasing the frequency nadir, reducing the maximum 

frequency deviation, and minimizing ROCOF. Moreover, the settling time is also reduced, which indicates faster system recovery after 

disturbances. 

IV. CONCLUSION 

This paper investigated the application of artificial intelligence techniques for enhancing virtual inertia control in DFIG-based 

wind turbines. A detailed mathematical model of the wind turbine and DFIG system was developed. An ANN-based controller was 

proposed to adaptively adjust the virtual inertia gain according to system operating conditions. Simulation results demonstrate that the 

AI-based controller improves frequency stability by reducing frequency deviation, minimizing ROCOF, and enhancing frequency nadir. 

The proposed method provides an effective solution for maintaining grid stability in future power systems with high renewable 

penetration. Future research may explore deep reinforcement learning controllers and hybrid energy storage integration. 
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