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 Microgrids with high renewable energy integration face a challenge in 

maintaining frequency stability due to the reduced inertia of inverter-based 

generation and the intermittent nature of these sources. Although primary 

frequency regulation using virtual synchronous generator (VSG) strategies 

can provide fast support, it cannot fully bring the system frequency back to 

its nominal value. This limitation highlights the importance of secondary 

frequency regulation, which is implemented using proportional integral (PI) 

controllers. However, fixed parameter PI regulators often fail to adapt 

effectively to varying loads and fluctuating renewable generation. This paper 

proposes an adaptive secondary control strategy for microgrids that 

combines offline optimization with real time learning. Grey wolf 

optimization (GWO) is first applied offline to determine the optimal PI gains 

for multiple disturbance scenarios. These datasets are then used to train an 

artificial neural network (ANN), which updates the PI parameters in real 

time to achieve adaptive performance. The proposed control is implemented 

in a hybrid microgrid with a diesel generator, a permanent magnet 

synchronous generator (PMSG) wind turbine for primary support and a fuel 

cell for secondary regulation. Simulation results show that the adaptive PI 

controller improves frequency recovery and reduces steady-state error 

compared to conventional fixed gain PI. 
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1. INTRODUCTION 

Integrating renewable power energy sources into microgrids has now become an effective strategy 

for achieving global carbon emission reduction objectives while improving energy efficiency and system 

resilience. By enabling the use of distributed energy resources (DERs), microgrids contribute to sustainable 

power generation and increased reliability at the local level [1]. However, the process of replacing 

conventional synchronous machines with inverter-based units also reduces the natural inertia of the system. 

This loss of inertia makes microgrids more sensitive to frequency fluctuations following disturbances, 

highlighting the importance of maintaining robust frequency stability [2]. 

Frequency regulation in inverter-based microgrids is typically achieved through droop control, 

which allows distributed units to share active power variations without communication [3]. Virtual 

https://creativecommons.org/licenses/by-sa/4.0/
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synchronous generator (VSG) techniques have been introduced to emulate the inertia and damping 

characteristics of synchronous machines, enabling renewable generators such as permanent magnet 

synchronous generators (PMSGs) to participate in primary frequency regulation [4], [5]. While droop control 

methods and VSGs can stabilize short-term deviations, they cannot fully restore frequency to its nominal 

value due to the inherent droop characteristic and intermittency of renewable sources [6]. 

To address the limitations of primary regulation, secondary frequency control has been introduced to 

eliminate steady-state errors. Proportional integral (PI) controllers are the most commonly used due to their 

simple structure and well-established tuning principles [7], [8]. However, conventional fixed parameter PI 

controllers struggle to deal with constantly changing operating conditions, and often perform poorly in 

microgrids experiencing load fluctuations and fluctuating renewable energy generation. Various advanced 

techniques have been explored to enhance controller performance, including fuzzy PI control, neural 

network-based adaptive control, model predictive control and robust adaptive strategies [9]–[13]. While these 

methods achieve significant improvements, each has inherent challenges, fuzzy control requires extensive 

rule bases, neural networks depend on large training datasets, predictive control is sensitive to model 

mismatches and adaptive laws require accurate microgrid modelling [14]–[16]. 

This work proposes an adaptive secondary frequency regulation strategy that combines offline 

optimization with real time learning. Grey wolf optimization (GWO) is first applied offline to determine the 

optimal PI parameters for various load and disturbance scenarios. These datasets are then used to train an 

artificial neural network (ANN), which updates the PI gains in real time. This approach deals with the 

limitations of fixed PI controllers while avoiding the computational burden of running metaheuristic 

algorithms in real time.  

This article is arranged into several sections. Section 2 presents the proposed model of the system 

and describes the control design. The secondary frequency regulation approach using ANN is detailed in 

section 3. Section 4 details the simulation results. Lastly, section 5 presents the conclusions and perspectives. 

 

 

2. PROPOSED SYSTEM DESIGN AND MODELING 

2.1.  Topology of microgrids 

The microgrid system comprises several power sources, electronic converters, various loads and the 

necessary protection and monitoring devices. These elements work together to ensure the system operates 

safely, shares energy properly, and remains stable under varying operating conditions. Microgrids can 

generally integrate both conventional synchronous generators and sustainable energy sources connected to 

inverters, like wind turbines, photovoltaic units, and fuel cells. Depending on the operating mode, they can 

operate in either grid-connected or island mode [17], [18]. The system under study is based on an islanded 

microgrid architecture, which is shown in Figure 1. 
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Figure 1. Microgrid system structure 
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2.2.  Droop control strategy 

In islanded operation, distributed generators are generally connected in parallel without 

communication links, which facilitates decentralized power sharing among units [19]. This approach is based 

on fundamental droop characteristics, where the active power-frequency relationship is defined by (1) and the 

reactive power-voltage relationship is defined by (2). These droop equations allow for autonomous load 

sharing while maintaining system stability in microgrids dominated by converters [20]. Here 𝑃0 and 𝑄0 

represent the reference active and reactive powers, while 𝑈𝑟𝑒𝑓  and 𝑤𝑟𝑒𝑓  are the corresponding reference 

values for voltage and angular frequency. The variables 𝑃 and 𝑄 correspond to the actual active and reactive 

power outputs of the inverter. The coefficients 
1

𝑅𝑚
 and 

1

𝑅𝑛
 refer to the active and reactive droop constants, 

respectively, whereas w and 𝑈 indicate the inverter output frequency and voltage amplitude. 

 

𝑤 = 𝑤𝑟𝑒𝑓 −
1

𝑅𝑚
(𝑃 − 𝑃0) (1) 

 

𝑈 = 𝑈𝑟𝑒𝑓 −
1

𝑅𝑛
(𝑄 − 𝑄0) (2) 

 

2.3.  Secondary frequency regulation approach in microgrid system 

In the proposed microgrid, frequency regulation is organized into two levels: primary and 

secondary. The primary frequency regulation level is supported by the conventional distributed generator as 

the main source, alongside PMSG, which provides fast inertial and droop-based responses to load 

disturbances. The secondary frequency regulation level is managed by the fuel cell inverter, which restores 

the nominal frequency and eliminates the steady-state offset introduced by droop control. In this scheme, 

only the inverter-side contribution of the fuel cell is taken into account; the hydrogen production process is 

not modelled. Secondary control operates in a decentralized manner, where the fuel cell measures the 

frequency at the point of common coupling (PCC) and uses a PI controller to generate the correction signal. 

The fuel cell voltage can be regulated using a DC-DC boost converter [21], [22]. 

The secondary strategy begins with the calculation of the frequency deviation 𝑒𝑤, which is defined 

in (3) as the deviation between the nominal frequency and the measured PCC frequency. 

 

𝑒𝑤  (𝑡) = 𝑤𝑟𝑒𝑓 − 𝑤𝑝𝑐𝑐(𝑡) (3) 

 

This deviation is analyzed by a PI controller, which then generates a correction signal ∆𝑤𝑠𝑒𝑐  shown in (4). 

 

∆𝑤𝑠𝑒𝑐 = 𝐾𝑝𝑒𝑤(𝑡) + 𝐾𝑖 ∫ 𝑒𝑤(𝑡) 𝑑𝑡
𝑡

0
  (4) 

 

Here 𝐾𝑝 and 𝐾𝑖 represent the proportional and integral gains, respectively. Finally, the adjustment is applied 

as a power correction to the fuel cell droop characteristic, according to (5). 

 

𝑃𝑓𝑐(𝑡) = 𝑃𝑓𝑐,0 + 𝑃𝑠𝑒𝑐(𝑡) −
1

𝑅𝑓𝑐
(𝑤𝑝𝑐𝑐(𝑡) − 𝑤𝑟𝑒𝑓) (5) 

 

Where 𝑃𝑠𝑒𝑐(𝑡) =
1

𝑅𝑓𝑐
∆𝑤𝑠𝑒𝑐, 𝑃𝑓𝑐,0 is the reference active power of the fuel cell, 𝑃𝑠𝑒𝑐  is the secondary power 

correction provided by the PI controller, 𝑅𝑓𝑐 is its droop coefficient, and 𝑃𝑓𝑐  is the commanded active power 

output. In (3) and (5) show how the fuel cell adjusts its power injection in order to eliminate the steady state 

error caused by droop based primary regulation and to restore the system frequency to its nominal value. 

 

 

3. ADAPTIVE PROPORTIONAL INTEGRAL CONTROL BASED ON ANN 

An ANN-based adaptive secondary frequency controller is proposed in this study. A schematic 

diagram of the proposed control method is shown in Figure 2. First, the grey wolf optimizer is applied offline 

under various load disturbances to determine the optimal PI parameters (𝐾𝑝 and 𝐾𝑖) for the secondary 

controller [23], [24]. The obtained datasets are then used to train an ANN, which learns the non-linear 

mapping between the system conditions and the optimal controller gains. During real-time operation,  

the ANN updates the PI parameters online based on the frequency deviation measured at the PCC, thus 

ensuring adaptive tuning of the secondary controller. In this way, the computational complexity of online 

optimization is avoided, while ANN ensures rapid adaptation to system changes. The corrected power 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 3, June 2026: 2229-2237 

2232 

commands generated by the secondary controller are then applied to the fuel cell inverter, which provides 

secondary frequency regulation for the microgrid. 

 

 

 
 

Figure 2. Adaptive secondary frequency control block for microgrid based on ANN 

 

 

3.1.  Artificial neural network model 

ANNs are non-linear models capable of learning complex relationships between inputs and outputs, 

making them suitable for adaptive control in microgrids [25]. The input layer has three neurons that 

correspond to the frequency error 𝑒𝑤(𝑡), its derivative ė𝑤(𝑡), and its integral ∫ 𝑒𝑤(𝑡) 𝑑𝑡
𝑡

0
. The network has 

two hidden layers, the first hidden layer has 12 neurons, while the second has 8, as shown in Figure 3. This 

configuration was chosen after preliminary validation in order to obtain a good compromise between 

accuracy and computational efficiency. The output layer has two linear neurons that provide time-varying PI 

gains in the form of a column vector y, as shown in (6). 

 

𝑦(𝑡) = [𝐾𝑝(𝑡), 𝐾𝑖(𝑡)]
𝑇
 (6) 

 

The flowchart in Figure 4 illustrates the application of the grey wolf optimizer for PI controller 

tuning in secondary frequency control. The process begins with the initialization of a population of candidate 

PI gains (𝐾𝑝, 𝐾𝑖) within predefined limits. Each candidate is then evaluated using integral of time-weighted 

absolute error (ITAE) criterion for frequency error 𝑒𝑤, and the three best solutions are designated as leaders 

𝛼, 𝛽, 𝛿. If the stopping condition is not satisfied, the convergence coefficients 𝑎, 𝐴, and 𝐶 are updated, and all 

wolves adjust their position according to the leaders while respecting the parameter limits. The new 

population is re-evaluated, the leaders are updated, and the process is repeated until the iteration limit is 

reached or the target performance is reached. The algorithm then produces the best solution, providing the 

optimal PI gains for the system. 
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Figure 3. Architecture of the ANN implemented model 

 

 

 
 

Figure 4. GWO model recognition flowchart 

 

 

4. RESULTS AND DISCUSSION 

This study focuses on evaluating secondary frequency control in a microgrid environment by 

analyzing a conventional PI controller and a proposed adaptive PI control strategy in comparison with each 

other. The aim is to determine which approach is more effective at maintaining frequency stability under 

different operating conditions. Two representative scenarios are investigated, a variable load profile with 

fixed power generation sources, and a fixed load with variable power input from a PMSG. These cases are 
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chosen to demonstrate the performance, robustness, and adaptability of the proposed controller in response to 

demand-side and supply-side fluctuations. 

In Figure 5, when the load increased at t =0.5 s from 85 kW to 95 kW, then decreased at t =2.5 s to 

return to 85 kW in the first scenario, the conventional PI controller produced a frequency nadir of 

approximately 49.992 Hz, with an overshoot of nearly 0.010 Hz and a recovery time of 0.5 seconds. In this 

case, the adaptive PI controller achieved an improved nadir of 49.994 Hz, a reduced overshoot of 0.006 Hz, 

and a faster recovery time of approximately 0.4 seconds. In Figure 6, the load remained at 85 kW, while the 

PMSG contribution decreased from 10 kW to 5 kW at t =0.5 s and from 5 kW to 0 kW at t =2.5 s. With PI 

control, the nadir frequency reached approximately 49.985 Hz, with an overshoot of 0.015 Hz and a recovery 

time of 0.6 seconds. The adaptive controller improved the nadir frequency to 49.987 Hz, limited the 

overshoot to 0.010 Hz, and reduced the recovery time to 0.5 seconds. Similar behavior under load 

disturbances has been reported for adaptive and intelligent secondary control strategies [26], [27]. 

Even though the differences observed are still relatively small because the applied disturbances are 

modest ±10 kW, the results clearly indicate that the adaptive PI controller provides superior performance 

compared to the fixed PI controller. Specifically, the adaptive approach achieves a more effective reduction 

in frequency deviations, minimizes overshoot, and shortens recovery times after disturbances. This 

observation is consistent with recent studies on online parameter adaptation [28]–[30]. These improvements 

demonstrate the ability of the adaptive mechanism to adjust controller parameters in real time, enhancing the 

dynamic response of the microgrid. These results confirm that online parameter adaptation is a valuable 

strategy for enhancing the robustness and reliability of secondary frequency control, even under moderate 

changes in load or generation. 

 

 

 
 

Figure 5. Frequency response under variable load with fixed power source 

 

 

 
 

Figure 6. Frequency response under fixed load with variable power sources 
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5. CONCLUSION 

This work proposed an adaptive secondary frequency control strategy for microgrids, combining 

offline GWO with an ANN to overcome the limitations of fixed-parameter PI controllers. Simulation results 

under load variations and fluctuating renewable generation, represented in this study by PMSG output, 

confirmed that the adaptive controller consistently achieved lower frequency nadirs, reduced overshoots, and 

enabled faster recovery compared to conventional PI, demonstrating improved system stability. These results 

demonstrate the effectiveness of online parameter adaptation in improving secondary frequency regulation 

and confirm its potential for application in practical microgrid environments. This approach will be extended 

to larger hybrid systems in future research, supported by real time or hardware in the loop (HIL) validation, 

and explore integration with prediction methods and adaptive power sharing techniques. 
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