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The rapid growth of renewable energy integration has increased the
complexity of smart grid operation due to the intermittent nature of
distributed energy resources and continuously varying load demand.
Existing approaches often rely on centralized control or combine only
selected intelligent technologies, limiting scalability, data privacy, and
autonomous decision-making. This paper proposes a digital twin-driven
federated multi-agent intelligence (DT-FMAI) framework that integrates
virtual system synchronization, privacy-preserving distributed learning, and
cooperative multi-agent control within a unified architecture. Digital twins
continuously mirror physical grid assets, federated learning enables
collaborative forecasting without sharing raw data, and intelligent agents
coordinate energy management in real time. The framework was
implemented in MATLAB/Simulink with TensorFlow Federated and
evaluated using renewable generation, weather, battery, and load datasets.
Results demonstrate a 15-25% reduction in forecasting error, 10-18%
improvement in voltage regulation, 92-96% load-matching efficiency, and
12-20% higher energy efficiency. These outcomes demonstrate the potential
of the proposed framework for scalable, secure, and intelligent renewable-
integrated smart grid operation.
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1. INTRODUCTION

The rapid transition toward low-carbon power systems has accelerated the integration of renewable
energy sources (RESs), distributed energy resources (DERS), battery energy storage systems (BESSs), and
electric vehicles (EVs) into modern smart grids. Although these technologies improve sustainability and
operational flexibility, their intermittent generation characteristics and continuously varying load demand
introduce significant uncertainty in grid operation, making voltage regulation, power balancing, frequency
control, and energy scheduling increasingly challenging [1]. Consequently, conventional centralized energy
management approaches experience limitations related to communication bottlenecks, computational burden,
scalability, and data privacy as the number of distributed resources increases. To address these challenges,
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advanced cyber-physical technologies have been introduced for intelligent grid operation. Digital twin (DT)
technology provides synchronized virtual representations of physical assets for predictive monitoring, system
analysis, and operational planning [2]-[11]. Recent developments have further demonstrated the application
of digital twins in renewable forecasting, energy management, and smart microgrid automation, improving
system visibility and operational reliability [12]-[15]. In parallel, artificial intelligence techniques have
significantly enhanced forecasting capability through data-driven modelling and adaptive learning, enabling
more reliable operation of renewable-integrated power systems [16]-[23].

Despite these advances, current research primarily investigates digital twins, FL, and MAS
independently or combines only two of these technologies for specific applications. Digital twin-based
approaches mainly focus on virtual modelling and predictive monitoring, while federated learning
emphasizes privacy-preserving distributed model training without directly supporting coordinated grid
control. Similarly, multi-agent systems improve decentralized decision-making but generally operate without
continuously synchronized virtual system models or collaborative learning mechanisms. Consequently,
existing frameworks cannot simultaneously provide real-time digital twin synchronization, privacy-
preserving distributed forecasting, autonomous agent coordination, and adaptive control within a unified
intelligent architecture. Furthermore, limited attention has been given to analysing the relationship between
forecasting accuracy and grid control performance, distributed model convergence, communication
efficiency, scalability under increasing numbers of intelligent agents, and coordinated optimization in
renewable-rich smart grids [20]-[25]. These limitations indicate the need for an integrated framework capable
of combining predictive modelling, distributed intelligence, secure collaborative learning, and autonomous
energy management.

To overcome these limitations, this paper proposes a digital twin-driven federated multi-agent
intelligence (DT-FMAI) framework for autonomous renewable forecasting and smart grid optimization.
Unlike previous studies integrating only digital twins with federated learning or multi-agent systems, the
proposed framework establishes a closed-loop cyber-physical architecture in which digital twins
continuously synchronize physical and virtual grid states, federated learning collaboratively updates
forecasting models without exchanging raw operational data, and intelligent agents cooperatively perform
renewable scheduling, battery energy management, demand response, and voltage regulation. This integrated
framework enhances forecasting accuracy, operational resilience, communication efficiency, and scalability
while preserving data confidentiality. Comprehensive simulation studies are conducted using renewable
generation, weather, battery state-of-charge, and load demand datasets to evaluate forecasting accuracy,
voltage stability, energy efficiency, communication overhead, convergence behaviour, and distributed
scalability. The proposed DT-FMAI framework provides a practical and scalable solution for next-generation
renewable-integrated smart grids by combining predictive digital representations, privacy-preserving
distributed intelligence, and autonomous multi-agent control within a single unified architecture.

2. METHOD

The proposed DT-FMAI framework integrates digital twin (DT), federated learning (FL), and multi-
agent systems (MAS) to enable autonomous renewable energy forecasting and predictive smart grid
optimization. The framework consists of five functional layers: physical layer, digital twin layer, federated
learning layer, multi-agent layer, and decision layer, as illustrated in Figure 1 Real-time measurements
collected from photovoltaic (PV) systems, wind turbines, BESS, EVs, and smart loads are synchronized with
their corresponding digital twins. Each intelligent agent performs local forecasting using its own operational
data, while only model parameters are exchanged with the federated server to preserve data privacy. The
updated global model is redistributed to all agents for coordinated energy management.

2.1. Dataset and data pre-processing

The framework was evaluated using historical renewable generation, electrical load demand, battery
state-of-charge (SOC), and weather variables including solar irradiance and ambient temperature. The dataset
was divided into training (70%), validation (15%), and testing (15%) subsets. Missing samples were
removed, and numerical features were normalized using min-max normalization,

X—Xmin
Xnorm = . (1)

Xmax—Xmin

Where x,,,;, and x,,,,, denote the minimum and maximum values of each feature.
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Figure 1. Digital twin driven federated multi agent smart grid framework

2.2. Mathematical formulation
The smart grid dynamic state is represented by (2).

x(t) = Ax(t) + Bu(t) + Dw(t) (2)
Where x(t) denotes the system state vector, u(t) is the control input, and w(t) represents renewable

generation uncertainty. Each physical asset is associated with a digital twin that predicts future operating
conditions according to (3).

epr(t) = x(t) — x(t) (©)
Where x(t) represents the physical system state and X(t) denotes the corresponding digital twin state. The

synchronization error is continuously minimized to maintain consistency between the physical and virtual
systems.

0" =0 —qvLi(6) @)

Where Hi(r) denotes the local forecasting model parameters of agent i at communication round r, n is the
learning rate, and L; is the local loss function.

9(r+1) l 121\1 9(r+1) (5)
Where Bé”l) is the updated global forecasting model, n; is the number of local training samples at agent i,
and N is the total number of participating agents.
2.3. Predictive smart grid optimization

The forecasting outputs are used to determine optimal scheduling of renewable resources, batteries,
and EV charging. The optimization objective is formulated as (6).

mln] = Cop + AlplOSS + AzAV (6)

Where C,,, denotes the operating cost, Py, is the network power loss, and 4V represents voltage deviation.
The optimization is subject to the following constraints:

Ppy + Pyt + Pggss + Perip = Proap + Pev + Pross (7
SOCppin < SOC < SOCpnay 8

The optimized control actions are distributed to all intelligent agents for renewable dispatch, battery
scheduling, demand response, and voltage regulation.
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2.4. Implementation procedure

The implementation of the DT-FMAI framework consists of the following steps: i) Acquire real-
time measurements from distributed smart grid assets; ii) Synchronize digital twin models with physical
operating states; iii) Preprocess local datasets and train forecasting models; iv) Upload local model
parameters to the federated server; v) Aggregate local models using the FedAvg algorithm; vi) Redistribute
the updated global model; vii) Forecast renewable generation and electrical demand; viii) Optimize battery
scheduling, EV charging, and power dispatch; and ix) Execute control actions and continuously update
digital twin states.

2.5. Simulation setup and performance evaluation

The proposed framework was implemented using MATLAB/Simulink R2024a integrated with
Python 3.11 and TensorFlow 2.16. Federated learning was implemented using TensorFlow Federated.
Simulations were conducted on an Intel Core i7 workstation with 32 GB RAM under Windows 11. The
principal simulation parameters are summarized in Table 1.

The proposed DT-FMAI framework was compared with centralized machine learning, Digital Twin-
based forecasting, and federated learning-based forecasting under identical operating conditions. Forecasting
accuracy was evaluated using mean absolute error (MAE) and root mean square error (RMSE):

Vmin < Vl < Vmax (9)
1 ~
MAE = ;Zﬁvﬂ lyi — 3l (10)
Additional performance indicators included voltage deviation, communication overhead, energy efficiency,

operating cost, and peak load reduction to comprehensively evaluate forecasting performance and grid
operation.

Table 1. Simulation parameters

Parameter Value Parameter Value
Learning rate 0.001  Optimizer Adam
Batch size 64 Number of agents 10
Training epochs 100 Sampling interval 5 min
Communication rounds 50 Simulation duration 24 h
Local epochs 5 Aggregation method  FedAvg

3. RESULTS AND DISCUSSION

Figure 2 compares the forecasting performance of the proposed DT-FMAI framework with
centralized machine learning, digital twin-only, and federated learning-based methods. The proposed
framework achieved the lowest forecasting error, reducing RMSE by 15-25% through continuous digital
twin synchronization, collaborative federated model updating, and decentralized agent learning. These results
demonstrate that integrating predictive virtual modelling with privacy-preserving distributed intelligence
improves forecasting reliability under varying renewable generation and load conditions.

Figure 3 illustrates the voltage regulation performance under dynamic operating conditions. The
proposed framework reduced voltage deviation by 10-18% compared with conventional approaches. This
improvement is mainly attributed to the predictive capability of the digital twin, which estimates future
operating conditions before significant voltage fluctuations occur. Based on these predictions, the intelligent
agents perform coordinated corrective actions through battery scheduling and renewable power regulation.
The distributed control strategy therefore maintains acceptable voltage profiles even during rapid renewable
generation changes and peak demand periods.

3.1. Load matching efficiency

The proposed DT-FMAI framework achieved a load-matching efficiency of 92-96%, demonstrating
effective coordination among renewable generation, battery storage, and consumer demand. As shown in
Figure 4, predictive scheduling reduced generation—load mismatch and increased overall energy efficiency by
12-20% compared with conventional methods. These improvements resulted from coordinated multi-agent
control supported by digital twin forecasting and federated learning.

3.2. Operating cost and communication performance
The proposed DT-FMAI framework reduced operating cost by optimally scheduling renewable
resources, battery storage, and EV charging based on forecasted demand. The federated learning strategy
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exchanged only model parameters, thereby reducing communication overhead while preserving data privacy.
Consequently, the framework maintained forecasting accuracy with lower network traffic than centralized
energy management approaches.
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Figure 2. Forecasting accuracy comparison Figure 3. Voltage stability improvement

3.3. Peak load management

The proposed predictive scheduling strategy effectively shifted flexible loads away from peak
demand periods, reducing peak loading and improving the load profile. Coordinated control of renewable
generation, battery storage, and demand response enhanced resource utilization and maintained stable grid
operation. These results indicate that proactive scheduling is more effective than conventional reactive
energy management.

3.4. Scalability and communication performance

Figure 5 shows that the DT-FMAI framework maintained stable computational performance as the
number of intelligent agents increased, demonstrating good scalability. The exchange of only model
parameters during federated learning reduced communication overhead while preserving data privacy, as
shown in Figure 6. Consequently, the proposed framework achieved secure distributed learning without
degrading forecasting accuracy, making it suitable for large-scale smart grid deployment.

3.5. Convergence and adaptive control

Figure 7 indicates that the proposed DT-FMAI framework converged within 10—-20 communication
rounds, confirming stable federated optimization and efficient parameter aggregation. Figure 8 demonstrates
that continuous digital twin synchronization enabled rapid adjustment of battery dispatch, renewable
scheduling, and load management. These adaptive control actions reduced transient oscillations and
improved overall system stability under dynamic operating conditions.

3.6. Comparative performance analysis

Table 2 compares the proposed DT-FMAI framework with centralized machine learning, digital
twin-based, and federated learning-based approaches. The proposed framework achieved superior forecasting
accuracy, voltage regulation, load-matching efficiency, energy utilization, scalability, and convergence
through the integrated operation of synchronized digital twins, privacy-preserving federated learning, and
coordinated multi-agent control. These results confirm the effectiveness of the proposed architecture for
renewable-integrated smart grid operation.

Table 3 quantitatively confirms these improvements. The proposed framework achieved the lowest
RMSE (9.2), the smallest voltage deviation (0.09 p.u.), and the highest operational efficiency (88%). In
comparison, centralized machine learning produced an RMSE of 12.5, a voltage deviation of 0.15 p.u., and
an efficiency of 75%. These results demonstrate that integrating digital twins with federated learning and
multi-agent systems improves both prediction accuracy and operational performance, making the framework
suitable for large-scale renewable-integrated smart grids.
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Table 2. Comparative performance evaluation of conventional, digital twin, federated learning, and proposed
DT-FL-MAS framework in smart grid applications

S. Performance Conventional ML Digital twinonly ~ FL-based models Proposed DT-FL- Key improvement
No. metric (centralized) MAS framework
1 Forecasting Moderate (high Improved Good due to High accuracy (15—  Combines spatial
Accuracy error under prediction with distributed 25% RMSE learning + predictive
variability) simulation learning reduction) modeling
2 Voltage Reactive control, Predictive but Limited control Proactive and Prediction +
stability slower response limited integration coordinated adaptive control
coordination (10-18% integration
improvement)
3 Load Poor during peak Moderate Improved but not ~ High (92-96% Multi-agent
matching variations performance fully coordinated ~ matching coordination with
efficiency) forecasting
4 Energy Energy losses due Better utilization Moderate 12-20% higher Optimal dispatch
efficiency to poor scheduling  via simulation improvement efficiency using predictive
intelligence
5 Scalability Limited due to Moderate High (distributed  Very high (fully No central
central processing training) decentralized) bottleneck
6 Data privacy Low (data sharing ~ Moderate High (no raw data  Very high (secure +  Privacy-preserving
required) sharing) distributed) learning
7 Convergence Slow with large Moderate Faster than Fast (10-20 rounds)  Parallel local
speed datasets centralized training
8 Control Reactive Predictive Not control- Fully adaptive and Closed-loop
strategy (limited scope) focused predictive intelligent control
9 System Static models Semi-dynamic Learning-based Self-learning and Continuous feedback
intelligence self-adaptive loop
10 Practical Difficult at scale Limited Feasible Highly feasible for Integration of all
deployment smart grids layers
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Figure 8. Adaptive control performance

Table 3. Gives the comparative analysis of forecasting error, voltage stability, and energy efficiency for
different smart grid methods

Method MAE RMSE Voltage deviation  Efficiency (%)
Centralized ML 9.8 12.5 0.15 75
FL only 8.2 10.5 0.12 82
DT only 8.6 11.0 0.11 80
Proposed DT-FMAI 7.1 9.2 0.09 88

4. CONCLUSION

This study proposed a DT-FMAI framework for autonomous renewable energy forecasting and
smart grid optimization. The proposed architecture integrates digital twin technology, federated learning, and
multi-agent systems to provide predictive control, decentralized decision-making, and privacy-preserving
collaborative learning for renewable-integrated smart grids. The framework enables distributed energy
resources to operate cooperatively while maintaining data confidentiality through parameter-based model
aggregation. Simulation results demonstrated that the proposed framework improved forecasting
performance and grid operation compared with conventional centralized, digital twin-based, and federated
learning-based approaches. The framework achieved lower forecasting error, enhanced voltage regulation,
improved load matching, higher energy efficiency, faster model convergence, and better scalability under
varying renewable generation and load conditions. The distributed learning strategy also reduced
communication requirements while preserving forecasting accuracy, making the framework suitable for
large-scale smart grid applications.
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The present study is limited to a simulation-based evaluation under predefined operating scenarios.
Practical issues such as communication latency, packet loss, cyberattacks, and hardware implementation
were not considered and may influence real-world performance. Future work will focus on hardware-in-the-
loop validation, real-time deployment on edge computing platforms, integration of reinforcement learning for
adaptive energy management, and evaluation under large-scale distribution networks with high renewable
penetration and electric vehicle participation.

FUNDING INFORMATION
Authors state no funding involved.

AUTHOR CONTRIBUTIONS STATEMENT
This journal uses the Contributor Roles Taxonomy (CRediT) to recognize individual author
contributions, reduce authorship disputes, and facilitate collaboration.

Name of Author C M So Va Fo | R D O E Vi Su P Fu
Pushpa Sreenivasan v v v v v v v v v v
K. Gattaiah v v v v v v v
N. Hemalatha v v v v v v v v
Radhey Shyam Meena v v v v v v v v
Mallareddy Adudhodla v 4 v v v
V. S. Bhagavan v v 4 v v

C : Conceptualization I : Investigation Vi : Visualization

M : Methodology R : Resources Su : Supervision

So : Software D : Data Curation P : Project administration

Va : Validation O : Writing - Original Draft Fu : Funding acquisition

Fo : Formal analysis E : Writing - Review & Editing

CONFLICT OF INTEREST STATEMENT
Authors state no conflict of interest.

DATA AVAILABILITY
Data availability is not applicable to this paper as no new data were created or analyzed in this study.

REFERENCES

[1]  A. Marot et al., “Perspectives on future power system control centers for energy transition,” Journal of Modern Power Systems
and Clean Energy, vol. 10, no. 2, pp. 328-344, Mar. 2022, doi: 10.35833/MPCE.2021.000673.

[2]  A. Ebrahimi, “Challenges of developing a digital twin model of renewable energy generators,” in 2019 IEEE 28th International
Symposium on Industrial Electronics (ISIE), Vancouver, BC, Canada: IEEE, pp. 1059-1066, 2019, doi: 10.1109/ISIE.2019.8781529.

[31 M. R. Kabir, D. Halder, and S. Ray, “Digital twins for loT-driven energy systems: A survey,” IEEE Access, vol. 12, pp. 177123~
177143, 2024, doi: 10.1109/ACCESS.2024.3506660.

[4] M. A. M. Yassin, A. Shrestha, and S. Rabie, “Digital twin in power system research and development: Principle, scope, and
challenges,” Energy Reviews, vol. 2, no. 3, pp. 1-15, 2023, doi: 10.1016/j.enrev.2023.100039.

[5] O. Das, M. H. Zafar, F. Sanfilippo, S. Rudra, and M. L. Kolhe, “Advancements in digital twin technology and machine learning
for energy systems: A comprehensive review of applications in smart grids, renewable energy, and electric vehicle optimisation,”
Energy Conversion and Management: X, vol. 24, p. 100715, Oct. 2024, doi: 10.1016/j.ecmx.2024.100715.

[6] N. Mchirgui, N. Quadar, H. Kraiem, and A. Lakhssassi, “The applications and challenges of digital twin technology in smart
grids: A comprehensive review,” Applied Sciences, vol. 14, no. 23, p. 10933, Nov. 2024, doi: 10.3390/app142310933.

[71 R. Hashmi, H. Liu, and A. Yavari, “Digital twins for enhancing efficiency and assuring safety in renewable energy systems: A
systematic literature review,” Energies, vol. 17, no. 11, p. 2456, Jun. 2024, doi: 10.3390/en17112456.

[8] F. Stadtmann et al., “Digital twins in wind energy: Emerging technologies and industry-informed future directions,” IEEE Access,
vol. 11, pp. 110762-110795, 2023, doi: 10.1109/ACCESS.2023.3321320.

[91 J. B. Heluany and V. Gkioulos, “A review on digital twins for power generation and distribution,” International Journal of
Information Security, vol. 23, no. 2, pp. 1171-1195, Apr. 2024, doi: 10.1007/s10207-023-00784-x.

[10] D. E. A. Mansour et al., “Applications of IoT and digital twin in electrical power systems: A comprehensive survey,” IET
Generation, Transmission and Distribution, vol. 17, no. 20, pp. 44574479, Oct. 2023, doi: 10.1049/gtd2.12940.

[11] N. Kumari, A. Sharma, B. Tran, N. Chilamkurti, and D. Alahakoon, “A comprehensive review of digital twin technology for grid-
connected microgrid systems: State of the art, potential and challenges faced,” Energies, vol. 16, no. 14, p. 5525, Jul. 2023, doi:
10.3390/en16145525.

[12] S.Li, Y. Zhou, J. Wu, Y. Pan, Z. Huang, and N. Zhou, “A digital twin of multiple energy hub systems with peer-to-peer energy
sharing,” Applied Energy, vol. 380, p. 124908, 2025, doi: 10.1016/j.apenergy.2024.124908.

Int J Pow Elec & Dri Syst, Vol. 17, No. 3, September 2027: 2029-2038



Int J Pow Elec & Dri Syst ISSN: 2088-8694 a 2037

[13]

[14]

[15]
[16]
[17]

[18]

[19]
[20]
[21]

[22]

[23]

[24]

[25]

Z. Shen, F. Arrafio-Vargas, and G. Konstantinou, “Artificial intelligence and digital twins in power systems: Trends, synergies
and opportunities,” Digital Twin, vol. 1, no. 3, p. 11, 2024, doi: 10.12688/digitaltwin.17632.2.

M. M. H. Sifat, S. K. Das, and S. M. Choudhury, “Design, development, and optimization of a conceptual framework of digital
twin electric grid using systems engineering approach,” Electric Power Systems Research, vol. 226, p. 109958, Jan. 2024, doi:
10.1016/j.epsr.2023.109958.

Q. Li, Z. Cui, Y. Cai, Y. Su, and B. Wang, “Renewable-based microgrids’ energy management using smart deep learning
techniques: Realistic digital twin case,” Solar Energy, vol. 250, pp. 128-138, 2023, doi: 10.1016/j.solener.2022.12.030.

T. Kreuzer, P. Papapetrou, and J. Zdravkovic, “Artificial intelligence in digital twins—A systematic literature review,” Data and
Knowledge Engineering, vol. 151, p. 102304, 2024, doi: 10.1016/j.datak.2024.102304.

A. Ranawaka, D. Alahakoon, Y. Sun, and K. Hewapathirana, “Leveraging the synergy of digital twins and artificial intelligence
for sustainable power grids: A scoping review,” Energies, vol. 17, no. 21, p. 5342, 2024, doi: 10.3390/en17215342.

A. A. Ardebili, M. Zappatore, A. I. H. A. Ramadan, A. Longo, and A. Ficarella, “Digital twins of smart energy systems: a
systematic literature review on enablers, design, management and computational challenges,” Energy Informatics, vol. 7, no. 1, p.
94, 2024, doi: 10.1186/542162-024-00385-5.

Y. Wang, C. Zhu, and Y. Zhu, “Anomaly detection of wind turbine gearbox based on multi-signal fusion,” in Taiyangneng
Xuebao/Acta Energiae Solaris Sinica, Tianjin, China, 2021, pp. 380-386, doi: 10.19912/j.0254-0096.tynxb.2019-0069.

S. Liu, “Wind power short-term prediction based on digital twin technology,” Frontiers in Energy Research, vol. 12, p. 1365237,
2024, doi: 10.3389/fenrg.2024.1365237.

J. Gao and H. Huang, “Stochastic optimization for energy economics and renewable sources management: A case study of solar
energy in digital twin,” Solar Energy, vol. 262, p. 111865, Sep. 2023, doi: 10.1016/j.solener.2023.111865.

S. Selvi, M. S. Veerraju, K. V. Sandeep, B. Konduri, and D. Vetrithangam, “Enhancing Short-Term PV Power Forecasting Using
Deep Learning Models: A Comparative Study of DNN and CNN Approaches,” SSRG International Journal of Electrical and
Electronics Engineering, vol. 11, no. 8, pp. 72-80, 2024, doi: 10.14445/23488379/IJEEE-V11I18P107.

R. J. Vijaya Saraswathi, V. Krishnakumar, V. Vasan Prabhu, and P. Aruna, “Hybrid energy management strategy for ultra-
capacitor/battery electric vehicles considering battery degradation,” Electrical Engineering, vol. 107, no. 1, pp. 795-808, Jan.
2025, doi: 10.1007/s00202-024-02533-2.

L. Dhandapani, P. Sreenivasan, S. Murugan, H. Maria, and S. Banerjee, “Enhancing voltage stability in active distribution
networks through solar PV integration,” International Journal of Power Electronics and Drive Systems, vol. 16, no. 2, pp. 1137—
1146, Jun. 2025, doi: 10.11591/ijpeds.v16.i2.pp1137-1146.

B. Sahoo, S. Panda, P. K. Rout, M. Bajaj, and V. Blazek, “Digital twin enabled smart microgrid system for complete automation:
An overview,” Results in Engineering, vol. 25, p. 104010, 2025, doi: 10.1016/j.rineng.2025.104010.

BIOGRAPHIES OF AUTHORS

Dr. Pushpa Sreenivasan BIEE s currently an assistant professor in the Department of
Electrical and Electronics Engineering at Panimalar Engineering College, Tamil Nadu, India.
She has 21 years of teaching experience. She received her B.E. degree in electrical and
electronics engineering from the University of Madras in 2003 and her M.E. degree in power
system engineering from Anna University, Tamil Nadu, India, in 2009. She completed her
Ph.D. in the Department of Electrical and Electronics Engineering at AMET University, Tamil
Nadu, India, in 2025. Her research interests include power systems, renewable energy,
electrical machines, control systems, and microgrids. She is a life member of professional
organizations such as the International Association of Engineers (IAENG). She has also
received an organizer award for her contribution to green energy and the Sustainable
Development Goals (SDGs). She can be contacted at email: puvehava@gmail.com.

Dr. K. Gattaiah © 2 is an associate professor of information technology at Malla
Reddy (MR) Deemed to be University, with over 15 years of academic experience in computer
science. He holds a Ph.D. in information technology from Osmania University, along with an
M.Tech. in computer science and engineering (CSE) and TS-SET qualification. He can be
contacted at email: gattaiahnaidu@gmail.com.

Dr. N. Hemalatha © Ed B8 €2 is an academician with over 13 years of experience in electrical
and electronics engineering and is currently affiliated with Bharath Institute of Science and
Technology (BIST). She received her B.E. degree from Sri Ramakrishna Engineering College
and her M.E. and Ph.D. degrees from Anna University. Her research interests include artificial
intelligence, machine learning, smart grids, electric vehicles, and the Internet of Things (loT).
She has published several research articles in SCI- and Scopus-indexed journals and holds
multiple patents. She can be contacted at email: rnhemaa@gmail.com.

Digital twin driven federated multi-agent intelligence for autonomous ... (Pushpa Sreenivasan)


mailto:puvehava@gmail.com
https://orcid.org/0000-0001-7287-2068
https://scholar.google.com/citations?user=YM-2_g8AAAAJ&hl=en
https://www.scopus.com/pages/authors/57710774700
https://www.webofscience.com/wos/author/record/KHD-4562-2024
https://orcid.org/0009-0006-1690-6351
https://scholar.google.com/citations?user=QgKktVYAAAAJ&hl=en
https://www.scopus.com/pages/authors/60708818900
https://orcid.org/0000-0002-4045-5056
https://scholar.google.com/citations?user=xMmruBQAAAAJ&hl
https://www.scopus.com/authid/detail.uri?authorId=57675297800

2038

a

ISSN: 2088-8694

Radhey Shyam Meena g 2 is the Programme Director of the National Green
Hydrogen Mission at the Ministry of New and Renewable Energy. With over 13 years of
experience in renewable energy, including green hydrogen, hybrid systems, data center power,
and battery energy storage, he has contributed to major national programs such as Solar Parks,
the Ultra Mega Renewable Energy Power Parks (UMREPPs), and the National Solar Mission.
He has authored more than 50 publications, holds more than 30 patents and design
registrations, and has co-authored multiple books. His research interests include green
hydrogen, energy storage, grid integration, and sustainable energy transitions. He can be
contacted at email: rshyammnre@gmail.com.

Dr. Mallareddy Adudhodla & B4  is a professor in the Department of Information
Technology at CVR College of Engineering, with over two decades of academic and research
experience. He received his B.Tech., M.Tech., and Ph.D. degrees from Jawaharlal Nehru
Technological University Hyderabad. His research interests include network security, cloud
security, artificial intelligence, machine learning, blockchain, and the internet of things (loT).
He has published numerous research papers in reputed journals and conference proceedings
and holds multiple Indian patents. He is also an active member of the Computer Society of
India and the Indian Society for Technical Education. He can be contacted at email:
mallareddyadudhodla@gmail.com.

Dr. V. S. Bhagavan @ Ed B3 © is a professor of mathematics at Koneru Lakshmaiah
Education Foundation, Guntur, India, with over 27 years of teaching experience, including
more than 17 years in his current role. He holds M.Sc. and Ph.D. degrees in mathematics from
Banaras Hindu University (1IT), Varanasi. His research interests include special functions and
Lie algebras of generating functions, with applications in engineering sciences. He has
published 62 research papers in reputed journals and presented his research at 25 national and
international conferences. Under his supervision, two M.Phil. and four Ph.D. scholars have
successfully completed their degrees. He has contributed to academic administration and
quality assurance, including NAAC and NBA processes, and has served on various
committees, including the Board of Studies (BOS), Academic, Discipline, and Anti-Ragging
committees. He has received the Best Teacher Award twice from KL University and the
Teaching and Research Excellence Award from IRDP Journals. He has also completed
training in Bloom's Taxonomy at 1IT Bangalore and NITTTR Chennai. He teaches B.Tech.,
M.Sc. (applied mathematics), and M.Tech. (structural engineering) courses, including ordinary
differential equations. He also serves as the alternate head of the department and contributes to
the Internal Quality Assurance Cell (IQAC). He can be contacted at email:
drvsb002@kluniversity.in.

Int J Pow Elec & Dri Syst, Vol. 17, No. 3, September 2027: 2029-2038


https://orcid.org/0000-0002-4521-9861
https://scholar.google.com/citations?user=iBuw0r4AAAAJ&hl=en
https://orcid.org/0000-0002-3583-3892
https://scholar.google.com/citations?user=2hwvRSAAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57209274070
https://orcid.org/0000-0002-4953-3954
https://scholar.google.com/citations?user=31OJDX8AAAAJ
https://www.scopus.com/authid/detail.uri?authorId=36858197400

