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Abstract—Hybrid renewable microgrids are increasingly 

becoming popular among renewable energy generation schemes 

for small-scale power. However, the intermittent nature of both 

these sources leads to frequent power imbalances between 

generation and load demand. Conventional control strategies 

often rely on battery storage for compensation in these cases or 

employ advanced controls. This paper presents an adaptive 

Fuzzy logic-based load prioritization strategy for better energy 

management in such microgrids. The proposed method adjusts 

the non-critical loads dynamically based on real-time power 

availability instead of relying on storage only. A fuzzy-based 

decision technique is used to determine load shedding levels 

using inputs such as power mismatch, system voltage deviation, 

and state-of-charge (SOC) of the battery. The proposed control 

improves system stability and reduces dependency on battery 

storage. Suitable simulations backed by laboratory-scale 

experiments demonstrate that the proposed method improves 

voltage regulation and minimizes load disruption. It 

significantly reduces voltage deviation by almost 66%, battery 

current by 43%, and improves power utilization to 97% 

compared to conventional control systems. 

Keywords—Artificial Intelligence; Fuzzy Logic Control; 

Hybrid Microgrid; Load Prioritization; Renewable Energy; Wind 
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I. INTRODUCTION 

The increasing penetration of renewable sources has 

greatly transformed the structure of modern power systems. 

Wind, among all other renewable sources, is popular as a 

generation source, although its generation is uncertain [1]. 

This is because wind has a fluctuating nature, and thus a 

proper complementary source of power with wind is essential 

[2]. Wind, along with battery [3] is a good choice in these 

cases, but choosing another renewable source like 

photovoltaic is better as wind and PV complement each other 

well [4], [5]. Wind power depends on atmospheric 

conditions; solar, on the other hand, depends on irradiance 

throughout the day. Wind power is generally extracted from 

a wind turbine coupled to generators. Induction generators 

(IG) are popularly used in most cases [6]-[9]. The wind power 

generation variability also creates variability in power 

generation from induction generators. In conventional control 

strategies for IGs, these variations are controlled using 

battery storage. This approach increases battery cycling, 

reduces lifespan, and raises overall system cost. 

 To address this challenge, demand-side load 

management has gained popularity as an alternative control 

strategy [10]. Instead of only controlling supply-side 

generation, smart control techniques applied for load control 

can improve system performance. The system can maintain 

stability by prioritizing critical loads. The non-critical loads 

can be dynamically adjusted depending on the availability of 

power. Demand side load management is advantageous as it 

optimizes energy consumption [11]-[13]. This is done to 

match the variable nature of wind and changing loads.  For 

this purpose, often load forecasting techniques are adopted 

[14]. Recently, smart loads are also employed for better load 

management [15]. All these schemes are generally used for 

large-scale renewable energy integrations and may not be 

suitable for microgrids as they are not cost-effective 

solutions.  

Artificial intelligence (AI) techniques can be applied for 

load control, and it is shown previously that AI-based 

techniques such as deep learning [16], Fuzzy logic [17], [18], 

ANN [19], etc., are well-suited for these purposes. This is 

because they can incorporate heuristic knowledge and 

provide flexible decision-making without accurate 

mathematical models. Fuzzy logic is a good choice as it can 

handle imprecise and fluctuating data associated with wind 

and solar power. Moreover, it can be used in association with 

smart control like internet-of-things (IoT) approaches often 

associated with such control [20]-[23]. All the existing 

methods either rely heavily on battery storage or employ 

fixed rule-based load shedding. Also, they do not incorporate 

multi-variable system conditions, such as battery state-of-

charge (SOC) and voltage deviation, simultaneously. 

Unlike conventional fuzzy control or load shedding 

approaches [24], [25], the proposed method incorporates 

system-level indicators like battery SOC and voltage 

deviation. The chief contributions of this research are: 

● Development of a demand-side energy management 

strategy for load prioritization using adaptive fuzzy 

control. 

● Use of multi-input fuzzy logic for real-time decision 

making under variable renewable generation. 

● Reduction of battery stresses using smart load adjustment 

due to reduced battery dependency. 

Lastly, validation of the proposed strategy is done using 

simulations and suitable experiments on a laboratory setup. 

This paper is structured as follows: Section II discusses 

the architecture of the proposed system and its modelling. 

The problem formulation is discussed in Section III. Further, 

the proposed control strategy is discussed in detail in Section 

IV. Section V is dedicated to simulation and experimental 

results. Finally, the conclusion is provided in Section VI 

along with the scope of future work. 
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II. SYSTEM CONFIGURATION AND MODELLING 

The proposed hybrid microgrid consists of a wind turbine 

generation, which is a combination of a wind turbine 

connected to a three-phase induction generator. The 

generator supplies a combination of critical and non-critical 

loads. The turbine is a variable wind speed turbine system. 

The photovoltaic (PV) system is connected via an inverter to 

the bus, enabling synchronized injection of power into the 

microgrid. A storage battery is also used as backup during 

low generation and transients. Fig. 1 shows the proposed 

system setup. 

The system operates with the generation and load 

dynamic interaction. Due to the fluctuating nature of wind 

speed and solar irradiance, the generated power continuously 

varies. This leads to a mismatch between generation and load 

demand. This mismatch directly affects the bus voltage and 

the frequency, thus affecting system stability. The 

instantaneous power balance of the microgrid is expressed as, 

𝑃𝑤(𝑡) + 𝑃𝑝𝑣(𝑡) + 𝑃𝑏(𝑡) = 𝑃𝑙(𝑡) (1) 

where, 𝑃𝑤(𝑡) and 𝑃𝑝𝑣(𝑡) are wind-generated and photovoltaic 

(PV) generated power, 𝑃𝑏(𝑡) is battery power. Load power 

demand is denoted as 𝑃𝑙(𝑡). 
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Fig. 1. Setup of proposed system with controller 

The load power is also categorized into two components as, 

𝑃𝑙(𝑡) = 𝑃𝑐𝑙(𝑡) + 𝑃𝑛𝑐𝑙(𝑡) (2) 

where, 𝑃𝑐𝑙(𝑡) and 𝑃𝑛𝑐𝑙(𝑡) are critical and non-critical load 

components, respectively. Critical loads represent essential 

loads that must be supplied uninterrupted. Non-critical loads 

are adjusted based on system conditions. 

A. Wind Energy Conversion Model 

The power extracted is dependent on the aerodynamic 

characteristics of the turbine, and it is expressed as, 

𝑃𝑤 =
1

2
𝜌𝐴𝐶𝑃(𝜆, 𝛽)𝑉𝜔

3  (3) 

where, 𝜌 is air density in kg/m3, turbine sweep area is A, 𝐶𝑃 

is the power coefficient. It is assumed to operate near an 

optimal value for simplicity. V is wind speed through the 

turbine. The cubic dependence of wind speed shows the high 

variability of wind power for small changes in speed. The tip 

speed ratio of the turbine is represented as 𝜆 = (𝜔𝑟𝑅/𝑉𝜔), 
where 𝜔𝑟 as rotor speed and R is the radius of the turbine 

blade. The turbine pitch angle is represented as β. 

B. Solar Photovoltaic (PV) Model 

The power output from a PV panel is governed by the solar 

irradiance and panel characteristics as, 

𝑃𝑝𝑣 = 𝜂𝑝𝑣𝐴𝑝𝑣𝐺 (4) 

where, 𝜂𝑝𝑣 is the efficiency of the solar panel, 𝐴𝑝𝑣 is the total 

area of the panel and 𝐺 represents the solar irradiance. Solar 

generation has a smoother daily profile than wind power 

generation. It is still subject to variations due to cloud cover 

and other environmental factors. 

C. Storage Battery Model 

Although the storage battery acts as a buffer to absorb or 

supply excess generation, its state-of-charge (SOC) 

management is a critical component. It is expressed as,  

𝑆𝑂𝐶(𝑡) = 𝑆𝑂𝐶(0) −
1

𝐶𝑏𝑎𝑡
∫ 𝐼𝑏𝑎𝑡(𝜏)𝑑𝜏
𝑡

0
  (5) 

where battery capacity is given as Cbat in Ah. SOC (0) 

indicates the initial battery SOC at time t = 0. The variable  
is a transitional time variable. This formulation assumes ideal 

Coulomb counting. The SOC is constrained as, 

𝑆𝑂𝐶𝑚𝑖𝑛 ≤ 𝑆𝑂𝐶(𝑡) ≤ 𝑆𝑂𝐶𝑚𝑎𝑥  (6) 

This is done to prevent battery degradation. The battery is 

used conservatively in the proposed system. Priority is given 

to load adjustment. 

D. Bus Voltage Model 

The voltage is influenced by the instantaneous power 

balance. Any deviation in balance results in fluctuations in 

voltage. The approximated relation of voltage balance is 

given as, 

∆𝑉 ≈ 𝑘(𝑃𝑔 − 𝑃𝑙) (7) 

where, 𝑃𝑔 is generated power, and k is a constant of 

proportionality determined by system impedance and 

operating conditions. Maintaining power balance is thus 

essential for voltage regulation. 

III. PROBLEM FORMULATION 

The primary challenge is to maintain a steady voltage 

during power fluctuations. The conventional strategies 

mostly rely on battery storage, as already mentioned. This 

often leads to increased current stresses and premature ageing 

of the battery, degrading its performance and reducing its life. 

In this paper, the formulation of the problem is aimed at a 

supply-side approach rather than a demand-side one. Here, 

the net power mismatch is defined as, 

∆𝑃(𝑡) = 𝑃𝑔(𝑡) − 𝑃𝑙(𝑡) (8) 

A negative value of (8) indicates a deficit of power, whereas 

a positive value indicates a surplus. A portion of the load is 
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adjusted adaptively for the mismatch. The control objective 

is thus to minimize voltage deviation and reduce unnecessary 

load restriction. This is mathematically expressed as, 

𝐽 = 𝑤1(𝑉(𝑡) − 𝑉𝑟𝑒𝑓)
2 + 𝑤2𝑃𝑠ℎ𝑒𝑑(𝑡) (9) 

where, 𝑃𝑠ℎ𝑒𝑑 represents the curtailed non-critical loads. w1 

and w2 are weighting factors that determine the balance 

between voltage regulation and user comfort. A low value of 

(9) will correspond to improved system performance.  

IV. ADAPTIVE FUZZY-BASED LOAD PRIORITIZATION 

The term ‘adaptive’ in this work refers to real-time 

adjustment of load shedding decisions based on dynamically 

varying inputs (∆𝑉, ∆𝑃, and SOC). This is thus different than 

fixed-threshold rule-based control. To reduce (9) to an 

acceptable value, a fuzzy logic controller is designed for load 

prioritization in real time, thus making it adaptive. The 

controller operates at the supervisory level and determines the 

level of load adjustment required based on the conditions. 

The input variables of the controller are the power mismatch 

∆𝑃, voltage deviation ∆𝑉 and battery SOC. The inputs 

capture the instantaneous state of generation, system stability, 

and energy storage. The controller output is defined as the 

load-shedding factor α, which varies as, 

0 ≤ 𝛼 ≤ 1 (10) 

The effective load supplied to the system is, 

𝑃𝑠𝑒𝑟𝑣𝑒𝑑 = 𝑃𝑐𝑙 + (1 − 𝛼)𝑃𝑛𝑐𝑙  (11) 

From (11), when α = 0, all loads are supplied, but with 

changing conditions, a higher value will mean some loads are 

turned off. 

A. Fuzzy Inference Mechanism 

The fuzzy controller uses linguistic variables of Low (L), 

Medium (M), and High (H) to represent input conditions. 

Membership functions (MF) are defined over normalized 

ranges of input variables. A rule base is constructed based on 

system behavior. The rules are framed as, 

● If ∆𝑃 is Negative High and SOC is Low, then α is High. 

● If ∆𝑃 is Low and voltage deviation is Medium, then α is 

Low. 

● If ∆𝑃 is Positive Low/High, then no load shedding is 

required, and α is Zero, and so on. The detailed fuzzy rule-

base for load shedding is shown in Table 1. 

Power mismatch has limits [-1,1] p.u., voltage deviation 

is within [-0.1, 0.1] p.u. and SOC is [0, 100] %. Load 

shedding factor varies between 0 to 1. Centroid 

defuzzification is used to obtain the crisp value of α. The rule 

base is designed heuristically to reduce the objective function 

(9), where higher load shedding is triggered under conditions 

of large power deficit, high voltage deviation, and low SOC.  

The input membership functions are shown in Fig. 2 with 

the output membership function shown in Fig. 3. The surface 

plot of ∆𝑉, ∆𝑃 and load shedding factor is shown in Fig. 4. 

The plot shows a fuzzy control surface for the variation of the 

load shedding factor with power mismatch and voltage 

deviation. This indicates the decision-making of the 

controller at a constant SOC value. The rising surface 

indicates the system is in deficit and needs shedding loads, 

whereas a flat surface or touching zero indicates no shedding 

is required and there is enough generation. 

Table 1.  Fuzzy Rule Base for Load Shedding Factor  

∆𝑷 (Power 

Mismatch) 

∆𝑽 (Voltage 

Deviation) 
SOC 

Output α  

(Load Shedding 

Factor) 

Positive (Surplus) Low High Zero (Z) 

Positive Medium Medium Zero (Z) 

Positive High Low Low (L) 
Near Zero Low High Zero (Z) 

Near Zero Medium Medium Low (L) 

Near Zero High Low Medium (M) 
Negative (Deficit) Low High Low (L) 

Negative Medium Medium Medium (M) 

Negative High Low High (H) 

High Negative High Low High (H) 

High Negative Medium Medium High (H) 

High Negative Low High Medium (M) 

 

Fig. 2. Input membership functions for the proposed control 

 

Fig. 3. Output membership function of α 

B. Decision Interpretation 

The fuzzy inputs are defuzzified using the centroid 

method to obtain a crisp value of α. This value directly 

controls the switching of non-critical loads. This strategy 

ensures that load shedding only occurs when it is necessary. 

The critical loads are unaffected, and the battery storage 

requirement is also minimized. The voltage deviations are 

also minimized. 
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The fuzzy rule base is designed heuristically to minimize 

the objective function in (9). Higher load shedding is 

triggered under high voltage deviation and power deficit, 

thereby reducing the cost function. 

 

Fig. 4. Fuzzy control surface showing variation of load shedding factor 

with power mismatch and voltage deviation 

V. SIMULATION AND EXPERIMENTAL RESULTS 

A. Simulation and Experimental Setup 

The system is simulated using MATLAB and further 

tested using a laboratory-scale setup. The system consists of 

a 1 kW, three-phase induction generator, which is coupled to 

a wind turbine. The wind turbine generator is connected to 

loads via a bus. The PV system is connected to an inverter on 

the same bus, enabling synchronized injection of power into 

the microgrid. The PV panel is rated at 500 W-peak 

connected to a 1.5 kW, 230 V inverter. A storage battery of 

48 V, 20 Ah is also used with the system, with a 30-minute 

backup time. Harmonics in the inverter output at the load end 

are reduced using appropriate inverter switching, like 

selective harmonic elimination [26], [27], and further using 

filtering. This ensures improved power quality at the load 

bus. The various parameters are shown, which reflect system 

performance. Voltage deviation reflects system stability, 

battery current indicates stress of storage, load shedding 

represents user comfort, and power utilization shows system 

efficiency. 

B. Simulation Results 

The system is simulated under varying wind speed, solar 

irradiance, and loads. The hybrid generation power profile is 

shown in Fig. 5.  

 

Fig. 5. Hybrid generation profile 

Fig. 6 shows the load demand reference and the supplied 

load for the proposed control. It is observed that the supplied 

load closely follows load demand. The supplied load slightly 

drops during the deficit at around 10s, but increases 

thereafter. There are no oscillations observed, and an 

excessive drop is also not observed. The rms AC bus voltage 

is shown in Fig. 7, and it is observed to be stable throughout 

at different generations. 

 

Fig. 6. Load demand and supplied load profile using the proposed control 

 

Fig. 7. AC bus voltage profile 

Fig. 8 shows battery current reduction under varying load 

conditions. The proposed load prioritization strategy reduces 

the battery current significantly. The transients are also 

significantly reduced as observed. 

 

Fig. 8. Battery current comparison under varying load conditions. using 

the proposed control 

Fig. 9 shows the load voltage harmonic spectrum. It 

indicates the presence of some mild-level lower-order 

harmonics. These can be effectively reduced using filtering 

or using further inverter control. The load shedding factor 

variation with time is shown in Fig. 10. The factor α 

represents the fraction of non-critical load shed. It is 

expressed in per-unit with respect to the total non-critical 

load. The figure depicts the adaptive nature of the controller. 

Here, the higher values correspond to increased load 

shedding during power deficit. 

Fig. 11 shows the variation of load shedding behavior 

under different control strategies. The PI controller exhibits a 

slower response and a higher magnitude of shedding. The 

rule-based method shows abrupt changes due to threshold-

based operation. The proposed fuzzy controller provides 

smooth and adaptive load adjustment, thus reducing 

unnecessary load shedding. 
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Fig. 12 shows the variation of the objective function of 

(9). The proposed controller achieves the lowest cost function 

compared to PI and rule-based methods. This indicates 

improved voltage regulation with reduced load shedding. 

This also confirms that the fuzzy rule base is consistent with 

the objective formulation. 

 

Fig. 9. Load voltage harmonic spectrum 

 

Fig. 10. Variation of load shedding factor in p.u. with time 

 

Fig. 11. Variation of load shedding behavior under different control 

strategies 

 

Fig. 12. Variation of the objective function of (9) 

C. Experimental Validation and Comparison 

The experimental setup block diagram is shown in  

Fig. 13. The experimental results are shown in Table 2. 

Mainly, performance comparison is done using conventional 

PI, rule-based load control and proposed control. All 

controllers are tested under identical wind, solar, and load 

profiles to ensure fairness. It is observed that the voltage 

deviation is reduced to below 66%. The battery current is 

reduced significantly below 43% with minimal load 

adjustment. This also accounted for lower battery SOC 

variation. Moreover, the response time and power utilization 

are also greatly reduced for the proposed control. 

Table 3 shows the experimental results for the 

performance of the proposed system during different 

operating conditions. It is observed that as available 

generation increases, the requirement for load shedding and 

battery support decreases. showing the adaptive system 

behavior. 

 

Fig. 13. Experimental setup block diagram 

Table 2.  Experimental Performance Comparison 

Parameters 
Conventional 

PI 

Rule-Based 

Load 

Control 

Proposed 

Fuzzy-AI 

control 

Voltage deviation (V) +12 +8 +4 

Load shedding (%) 0 18 11 

Battery current rms (A) 11.2 8.6 6.3 

SOC variation (%) 21 14 8 

Response time (s) 3.5 2.3 1.4 

Power utilization (%) 91.5 94.2 97 

Table 3.  Performance at Different Operating Conditions 

Condition of 

Generation 

Voltage 

deviation (V) 

Load 

shedding (%) 

Battery 

current (A) 

SOC  

drop (%) 

Low wind,  

low solar 
+5.3 18 7.8 11 

Moderate wind,  
low solar 

+4.1 13 6.5 8 

High wind, 

moderate solar 
+3.2 6 5.3 5 

High wind,  

high solar 
+2.5 0 4.2 3 

VI. CONCLUSION 

This paper presents an AI-assisted load prioritization 

strategy for hybrid wind-solar AC microgrids. The proposed 

method adjusts non-critical loads, thus maintaining system 

balance. Reliance on battery storage is greatly reduced. The 

fuzzy-based controller effectively manages variable 

generation and demonstrates improved voltage stability 

under tested conditions. Simulation results and experimental 

performance comparisons confirm that the proposed strategy 

reduces battery stress and improves overall system 

performance. The proposed control method is simple, 

practical, and suitable for small-scale microgrids. The 

adaptive capability is limited to input-driven decision making 

and is not involved in parameter learning.  The future scope 

of work will focus on real-time applications and the 

combination with IoT-based monitoring systems for more 

flexible control. 



Journal of Fuzzy Systems and Control, Vol. 4, No 2, 2026 148 

 

Arunava Chatterjee, Adaptive Fuzzy Load Prioritization for Energy Management in Hybrid Wind-Solar Microgrids 

REFERENCES 

[1] M. R. Patel, Wind and solar power systems: Design, analysis, and 

operation, second edition, 3rd ed. UK: CRC Press, 2005. 
https://www.doi.org/10.2134/jeq2006.0001br. 

[2] A. Chatterjee, “Investigation of self-excited induction generator for 

supporting domestic loads and its extension to a microgrid,” Energy 
Storage and Conversion, vol. 2, no. 2, p. 1321, 2024, 
https://www.doi.org/10.59400/esc.v2i2.1321. 

[3] A. Chatterjee, “Wind-PV based Generation with Smart Control 
Suitable for Grid-isolated Critical Loads in Onshore India,” Journal of 

The Institution of Engineers (India): Series B, vol. 106, no. 3, pp. 1021–
1031, 2025, https://www.doi.org/10.1007/s40031-022-00827-2. 

[4] A. Chatterjee, S. Ghosh, and A. Mitra, “Hybrid generation scheme for 

delivering irrigation loads and other critical loads with smart IoT based 
control,” IEEE Transactions on Industry Applications, vol. 60, no. 1, 
pp. 828–837, 2024, https://www.doi.org/10.1109/TIA.2023.3322114. 

[5] A. Chatterjee, “Analysis of a wind-PV hybrid system with smart 

control for grid-secluded critical loads in Onshore Indian area,” in 

Lecture Notes in Electrical Engineering, in Lecture Notes Elect. Eng, 
vol. 815, Singapore: Springer, pp. 495–503, 2022, 
https://www.doi.org/10.1007/978-981-16-7011-4_47. 

[6] W. E. Vanco, F. B. Silva, C. M. R. De Oliveira, J. R. B. A. Monteiro, and 
J. M. M. De Oliveira, “A proposal of expansion and implementation in 

isolated generation systems using self-excited induction generator with 

synchronous generator,” IEEE Access, vol. 7, pp. 117188–117195, 2019, 
https://www.doi.org/10.1109/ACCESS.2019.2937229. 

[7] A. Chatterjee, “Analysis of a self-excited induction generator with 
fuzzy PI controller for supporting domestic loads in a microgrid,” 

Journal of Fuzzy Systems and Control, vol. 1, no. 2, pp. 61–65, 2023, 
https://www.doi.org/10.59247/jfsc.v1i2.42. 

[8] A. Chatterjee and A. K. Mukherjee, “IoT-enabled supervisory control 

of wind-driven induction generators using interval type-2 fuzzy logic 

for dynamic load management in off-grid systems,” International 
Journal of Smart Grid and Clean Energy, vol. 14, no. 2, pp. 14–24, 
2025, https://www.doi.org/10.12720/sgce.14.2.14-24. 

[9] M. Mohamed et al., “Improved control approaches for dynamic voltage 

restoration in doubly fed induction generator-based wind turbines,” 

IEEE Access, vol. 14, pp. 10245–10261, 2026, 
https://www.doi.org/10.1109/ACCESS.2026.3654897. 

[10] A. Chatterjee and S. Ghosh, “Grid-isolated hybrid generation for 
critical loads supported by electric spring system with smart load 

control,” IEEE Internet of Things Journal, vol. 12, no. 21, pp. 45043–
45053, 2025, https://www.doi.org/10.1109/JIOT.2025.3601508. 

[11] C. W. Gellings, “Evolving practice of demand-side management,” 

Journal of Modern Power Systems and Clean Energy, vol. 5, no. 1, pp. 
1–9, 2017, https://www.doi.org/10.1007/s40565-016-0252-1. 

[12] T. Kitamura, Y. Wang, and J. Kondoh, “autonomous load control for 

frequency regulation in low-inertia systems: an experimental 
demonstration,” IEEE Access, vol. 14, pp. 35721–35741, 2026, 
https://www.doi.org/10.1109/ACCESS.2026.3670359. 

[13] M. Saha, S. S. Thakur, A. Bhattacharya, and B. Dey, “Profit 
maximization of distribution network stakeholders facilitating EV 

demands with adaptive demand side management policies,” IEEE 

Open Journal of Industry Applications, vol. 7, pp. 65–78, 2025, 
https://www.doi.org/10.1109/OJIA.2025.3647633. 

[14] P. Mondal et al., “Dynamic pricing with Bi-LSTM load forecasting: a 
path towards grid stability,” IEEE Open Journal of Industry 

Applications, vol. 7, pp. 303–311, 2026, 
https://www.doi.org/10.1109/OJIA.2026.3663645. 

[15] D. Qiu, W. He, J. Zi, B. Zhang, Y. Chen, and Y. Zeng, “A battery-free 

and noncooperative smart load based on back-to-back converter,” IEEE 
Transactions on Industrial Electronics, vol. 73, no. 3, pp. 4110–4121, 
2025, https://www.doi.org/10.1109/TIE.2025.3621666. 

[16] L. Yin, Y. Ye, and X. Zhang, “deep learning-based approach for 
accelerated economic dispatch in hierarchical distributed power 

systems with internet of things,” IEEE Internet of Things Journal, vol. 

12, no. 23, pp. 51542–51557, 2025, 
https://www.doi.org/10.1109/JIOT.2025.3614203. 

[17] A. Chatterjee, “Wind power forecasting using type-2 fuzzy control and 
its optimization based on artificial neural network for small scale wind 

power,” Journal of Fuzzy Systems and Control, vol. 2, no. 3, pp. 170–
175, 2024, https://www.doi.org/10.59247/jfsc.v2i3.259. 

[18] A. Chatterjee, “Wind power generation for isolated loads with IoT-based 

smart load controller,” Journal of Fuzzy Systems and Control, vol. 2, no. 
2, pp. 92–96, 2024, https://www.doi.org/10.59247/jfsc.v2i2.210. 

[19] A. N. Akpolat et al., “Dynamic Stabilization of DC Microgrids Using 

ANN-Based Model Predictive Control,” IEEE Transactions on Energy 
Conversion, vol. 37, no. 2, pp. 999–1010, 2022, 

https://www.doi.org/10.1109/TEC.2021.3118664. 

[20] A. Chatterjee and S. Ghosh, “PV based Isolated Irrigation System with 

its Smart IoT Control in Remote Indian Area,” in 2020 International 

Conference on Computer, Electrical and Communication Engineering, 
ICCECE 2020, Kolkata, India, pp. 1–5, 2020, 
https://www.doi.org/10.1109/ICCECE48148.2020.9223110. 

[21] S. Ghosh, A. Chatterjee, and D. Chatterjee, “Extraction of statistical 
features for type-2 fuzzy NILM with IoT enabled control in a smart 

home,” Expert Systems with Applications, vol. 212, p. 118750, 2023, 
https://www.doi.org/10.1016/j.eswa.2022.118750. 

[22] A. Chatterjee, S. Paul, and B. Ganguly, “Multi-Objective Energy 

Management of a Smart Home in Real Time Environment,” IEEE 
Transactions on Industry Applications, vol. 59, no. 1, pp. 138–147, 
2023, https://www.doi.org/10.1109/TIA.2022.3209170. 

[23] S. Ghosh, D. Manna, A. Chatterjee, and D. Chatterjee, “Remote appliance 
load monitoring and identification in a modern residential system with 

smart meter data,” IEEE Sensors Journal, vol. 21, no. 4, pp. 5082–5090, 

2021, https://www.doi.org/10.1109/JSEN.2020.3035057. 

[24] F. J. Vivas, F. Segura, and J. M. Andújar, “Fuzzy logic-based energy 

management system for grid-connected residential DC microgrids with 
multi-stack fuel cell systems: A multi-objective approach,” Sustainable 

Energy, Grids and Networks, vol. 32, p. 100909, 2022, 
https://www.doi.org/10.1016/j.segan.2022.100909. 

[25] Ş. Ataç and M. Güçyetmez, “Fuzzy Logic-Based Load Analysis of 

Hybrid Microgrid System Including Fuel Cell, Wind Turbine, Wave, 
and Photovoltaic Energies,” Fuel Cells, vol. 26, no. 2, 2026, 
https://www.doi.org/10.1002/fuce.70093. 

[26] M. Steczek, A. Chatterjee, and D. Chatterjee, “Optimisation of current 
harmonics for threelevel VSI based induction motor drive suitable for 

traction application,” IET Power Electronics, vol. 11, no. 9, pp. 1529–
1536, 2018, https://www.doi.org/10.1049/iet-pel.2017.0181. 

[27] G. V. Ramos, D. A. D. L. Brandao, T. M. Parreiras, S. M. Silva, and B. 

J. C. Filho, “A Zero Harmonic Distortion Grid-Forming Converter for 
Medium Voltage Islanded Microgrids,” IEEE Transactions on Industry 

Applications, vol. 61, no. 1, pp. 809–820, 2025, 
https://www.doi.org/10.1109/TIA.2024.3462913. 

 

 

 

https://www.doi.org/%2010.2134/jeq2006.0001br
https://www.doi.org/%2010.59400/esc.v2i2.1321
https://www.doi.org/%2010.1007/s40031-022-00827-2
https://www.doi.org/%2010.1109/TIA.2023.3322114
https://www.doi.org/%2010.1007/978-981-16-7011-4_47
https://www.doi.org/%2010.1109/ACCESS.2019.2937229
https://www.doi.org/%2010.59247/jfsc.v1i2.42
https://www.doi.org/%2010.12720/sgce.14.2.14-24
https://www.doi.org/%2010.1109/ACCESS.2026.3654897
https://www.doi.org/%2010.1109/JIOT.2025.3601508
https://www.doi.org/%2010.1007/s40565-016-0252-1
https://www.doi.org/%2010.1109/ACCESS.2026.3670359
https://www.doi.org/%2010.1109/OJIA.2025.3647633
https://www.doi.org/%2010.1109/OJIA.2026.3663645
https://www.doi.org/10.1109/TIE.2025.3621666
https://www.doi.org/10.1109/JIOT.2025.3614203
https://www.doi.org/10.59247/jfsc.v2i3.259
https://www.doi.org/10.59247/jfsc.v2i2.210
https://www.doi.org/10.1109/TEC.2021.3118664
https://www.doi.org/10.1109/ICCECE48148.2020.9223110
https://www.doi.org/10.1016/j.eswa.2022.118750
https://www.doi.org/10.1109/TIA.2022.3209170
https://www.doi.org/10.1109/JSEN.2020.3035057
https://www.doi.org/10.1016/j.segan.2022.100909
https://www.doi.org/10.1002/fuce.70093
https://www.doi.org/10.1049/iet-pel.2017.0181
https://www.doi.org/10.1109/TIA.2024.3462913

