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Abstract
[1],  [2]Energy  management  in  Higher  Education  Institutions  (HEIs)  has  become increasingly 
important due to rising electricity consumption, escalating operational costs,  and the global 
demand  for  sustainable  development.Conventional  Building  Energy  Management  Systems 
(BEMS)primarily rely on centralized and rule-based control mechanisms, limiting their ability to 
adapt to the dynamic and complex environments of modern educational campuses. This paper 
proposes  CampusGrid  AI,  an  intelligent  multi-agent  framework  for  predictive  energy 
management  and  autonomous  electricity  optimization  in  HEIs.  The  proposed  framework 
integrates the Internet of Things (IoT) for real-time environmental sensing, Machine Learning 
(ML)  for  accurate  energy  demand  forecasting,  and  Multi-Agent  Reinforcement  Learning 
(MARL) for  autonomous  and collaborative  decision-making.  A Digital  Twin technology is 
incorporated to create a virtual representation of campus infrastructure, enabling safe simulation, 
system  optimization,  and  predictive  analysis  without  disrupting  real-world  operations. 
Furthermore,  Explainable  Artificial  Intelligence  (XAI)  is  integrated  to  provide  transparent, 
interpretable,  and  trustworthy  decision  support  for  administrators  and  stakeholders.  The 
framework  employs  interconnected  intelligent  agents  to  continuously  monitor  classrooms, 
laboratories, libraries, hostels, and administrative buildings, dynamically controlling electrical 
appliances  such  as  lighting,  air-conditioning,  and  laboratory  equipment  while  maintaining 
occupant comfort and operational efficiency. By combining cloud computing, edge computing, 
and IoT technologies within a unified architecture, CampusGrid AI enables real-time monitoring, 
predictive analytics, autonomous energy optimization, and sustainable resource management. 
The  proposed  framework  has  the  potential  to  significantly  reduce  electricity  consumption, 
operational costs, and carbon emissions while improving energy efficiency and supporting the 
development of intelligent and sustainable higher education campuses.
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1. Introduction

Higher Education Institutions (HEIs) are among the major consumers of electrical energy due to the 
continuous  operation  of  classrooms,  laboratories,  libraries,  administrative  offices,  hostels,  and 
research facilities. The increasing adoption of digital infrastructure and advanced electrical equipment 
has significantly increased campus energy demand, making efficient energy management essential for 
reducing  operational  costs  and  promoting  environmental  sustainability.  Conventional  Building 
Energy Management Systems (BEMS) primarily rely on rule-based control and are often unable to 
adapt to dynamic factors such as occupancy, weather conditions, and changing electricity demand. 
Recent advances in the Internet of Things (IoT), Artificial Intelligence (AI), Machine Learning (ML), 
Multi-Agent Reinforcement Learning (MARL), Digital Twin technology, Edge Computing, Cloud 
Computing, and Explainable Artificial Intelligence (XAI) provide new opportunities for predictive, 
adaptive, and autonomous energy management in smart campuses.

Most  existing  campus  energy  management  systems  lack  predictive  intelligence,  autonomous 
coordination, and adaptive decision-making. Consequently, inefficient operation of lighting, HVAC 
systems, and electrical equipment leads to unnecessary energy consumption, increased operational 
costs, and higher carbon emissions. Moreover, existing solutions rarely integrate IoT, predictive 
analytics, Digital Twin technology, MARL, and XAI into a unified framework capable of optimizing 
energy usage across an entire campus.

Although previous studies have investigated IoT-based monitoring, Machine Learning-based energy 
prediction, Reinforcement Learning, and Digital Twin technology, these approaches are generally 
implemented independently. Limited research has integrated these technologies into a comprehensive 
intelligent framework that combines real-time monitoring, predictive analysis, autonomous multi-
agent control, and explainable decision-making for Higher Education Institutions.

The objective of this research is to develop CampusGrid AI, an intelligent multi-agent framework that 
integrates IoT, ML, MARL, Digital Twin technology, XAI, Edge Computing, and Cloud Computing 
to  achieve  predictive  energy  management  and  autonomous  electricity  optimization  in  Higher 
Education  Institutions.  The  proposed  framework  aims  to  improve  energy  efficiency,  reduce 
operational costs and carbon emissions, maintain occupant comfort, and provide scalable, transparent, 
and intelligent energy management.

This study investigates how IoT can enhance real-time energy monitoring, how accurately Machine 
Learning can predict electricity demand, whether Multi-Agent Reinforcement Learning can optimize 
campus-wide energy consumption, how Digital Twin technology can improve predictive analysis and 
planning, how Explainable AI can increase transparency in autonomous decisions, and how the 
integration of these technologies can improve the overall efficiency and sustainability of campus 
energy management.

This research proposes CampusGrid AI, a unified intelligent framework that integrates IoT, Machine 
Learning,  Multi-Agent  Reinforcement Learning,  Digital  Twin technology,  Explainable AI,  Edge 
Computing,  and  Cloud  Computing  for  predictive  campus  energy  management.  The  framework 
introduces collaborative multi-agent decision-making, predictive energy optimization, Digital Twin-
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based  simulation,  and  explainable  AI-driven  recommendations  within  a  scalable  architecture 
designed for sustainable Higher Education Institutions.

2. Literature Review

2.1. Smart Campus Energy Management

Smart campus energy management integrates IoT, Artificial Intelligence (AI), cloud computing, and 
data analytics to improve energy efficiency and sustainability in Higher Education Institutions (HEIs). 
Existing  studies  demonstrate  that  intelligent  monitoring  and  automation  can  reduce  energy 
consumption; however,  most solutions focus on specific applications rather than comprehensive 
campus-wide optimization [1]–[4].

2.2. Building Energy Management Systems

Conventional Building Energy Management Systems (BEMS) rely on centralized rule-based control 
for managing lighting, HVAC, and other electrical loads. Although effective for basic automation, 
these systems cannot adapt to dynamic occupancy, weather conditions, or varying energy demand.  
Recent  research  recommends  integrating  AI  and  IoT to  enable  intelligent  and  adaptive  energy 
management [5]–[7].

2.3. Internet of Things for Smart Buildings

The Internet of Things (IoT) provides real-time monitoring of energy consumption, occupancy, and 
environmental conditions through interconnected sensors and smart devices. IoT has become the 
foundation of modern smart buildings, enabling data-driven energy optimization, although challenges 
related to interoperability, security, and scalability remain [8]–[10].

2.4. Machine Learning for Energy Forecasting

Machine Learning techniques are widely used to forecast electricity demand using historical and real-
time data. Deep learning models such as LSTM have achieved high prediction accuracy, but most 
existing studies focus only on forecasting without integrating autonomous energy control [13]–[14].

2.5. Multi-Agent and Reinforcement Learning

Multi-Agent Systems (MAS) and Multi-Agent Reinforcement Learning (MARL) enable distributed 
and  collaborative  energy  management  across  multiple  buildings.  These  approaches  improve 
scalability and adaptability; however, their application in large campus environments remains limited 
[19]–[20].

2.6. Digital Twin, Explainable AI, and Edge Computing

Digital Twin technology enables virtual simulation and predictive analysis of campus infrastructure, 
while Explainable AI (XAI) improves the transparency and reliability of AI-based decisions. Edge 
Computing supports low-latency processing of IoT data and complements cloud-based analytics for 
efficient smart campus operation [20].

2.7. Research Gap

The literature indicates that IoT, Machine Learning, MARL, Digital Twin, XAI, and Edge Computing 
have  been  studied  individually  for  intelligent  energy  management.  However,  limited  research 
integrates these technologies into a unified framework capable of real-time monitoring, predictive 
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analytics,  autonomous  multi-agent  decision-making,  and  explainable  campus-wide  energy 
optimization. This gap motivates the development of the proposed CampusGrid AI framework.

2.8. Overview of CampusGrid AI

CampusGrid AI is an intelligent energy management framework designed for Higher Education 
Institutions (HEIs). It integrates the Internet of Things (IoT), Machine Learning (ML), Multi-Agent 
Reinforcement  Learning  (MARL),  Digital  Twin  technology,  Explainable  Artificial  Intelligence 
(XAI),  Edge  Computing,  and  Cloud  Computing  to  enable  predictive  energy  management  and 
autonomous  electricity  optimization.  Real-time  sensor  data  are  analyzed  to  forecast  electricity 
demand, optimize energy usage, and maintain occupant comfort while reducing operational costs and 
carbon emissions.

2.9. Design Objectives

The proposed framework aims to achieve real-time energy monitoring, accurate demand forecasting, 
autonomous energy optimization,  and intelligent  decision-making.  It  also focuses on improving 
energy efficiency, reducing electricity costs, ensuring transparency through XAI, supporting scalable 
deployment using Edge–Cloud architecture, and promoting sustainable campus operations.

2.10. Overall System Architecture

CampusGrid AI adopts a five-layer architecture comprising the Physical Infrastructure Layer, IoT 
Sensing Layer, Edge Computing Layer, Intelligent Decision Layer, and Cloud Service Layer. IoT 
devices collect real-time energy and environmental data, which are processed by edge nodes for low-
latency  analysis.  The  intelligent  decision  layer  performs  energy  prediction,  optimization,  and 
simulation using ML, MARL, Digital Twin, and XAI, while the cloud layer provides centralized 
storage, analytics, and system management.

2.11. Functional Components

The  framework  consists  of  seven  integrated  components:  the  IoT  module  for  real-time  data 
acquisition, the Edge Computing module for local processing, the Machine Learning module for 
energy demand forecasting, the MARL module for autonomous decision-making, the Digital Twin 
module for simulation and validation, the XAI module for interpretable AI decisions, and the Cloud 
Computing module for centralized analytics and coordination. Together, these components enable 
intelligent and adaptive campus-wide energy management.

2.12. Multi-Agent Architecture

CampusGrid AI employs a distributed Multi-Agent Reinforcement Learning architecture in which 
dedicated agents manage classrooms, laboratories, libraries, hostels, and administrative buildings. 
These  agents  continuously  monitor  local  conditions,  exchange  information  through  an  Energy 
Coordinator Agent, and collaboratively optimize electricity consumption. The decentralized approach 
improves scalability, adaptability, fault tolerance, and overall energy efficiency.

2.13. System Workflow

The operational workflow begins with real-time data collection through IoT sensors, followed by 
preprocessing at edge nodes. Machine Learning models predict future electricity demand, and MARL 
agents determine optimal energy management actions. The proposed actions are validated using the 
Digital Twin before implementation. Finally, optimized control commands are executed through 
smart devices, while the XAI module generates human-readable explanations for all major decisions. 
This continuous feedback loop enables predictive, autonomous, and sustainable energy management 
across the campus.
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3. Methodology

3.1. Research Methodology 

This  study  adopts  a  Design  Science  Research  (DSR)  methodology  to  develop  and  evaluate 
CampusGrid AI for predictive energy management in Higher Education Institutions (HEIs). The 
framework integrates IoT, Machine Learning (ML), Multi-Agent Reinforcement Learning (MARL), 
Digital Twin technology, Explainable Artificial Intelligence (XAI), Edge Computing, and Cloud 
Computing.  The  methodology  includes  system  design,  data  acquisition,  model  development, 
simulation, and performance evaluation using standard energy management metrics.

3.2. System Implementation Process

The implementation begins  with  real-time data  collection through IoT sensors  deployed across 
campus buildings. Edge nodes preprocess the collected data before transmitting them to the cloud for 
storage and analysis. ML models forecast future electricity demand, while MARL agents determine 
optimal energy management actions. The proposed actions are validated using the Digital Twin and 
then executed through smart controllers. XAI provides interpretable explanations for autonomous 
decisions, enabling continuous learning and adaptive energy optimization.

3.3. Data Collection and Preprocessing

Data are collected from smart meters, occupancy sensors, environmental sensors, and institutional 
records  such  as  weather  conditions  and  academic  schedules.  The  collected  data  are  cleaned, 
normalized,  synchronized,  and  divided  into  training,  validation,  and  testing  datasets.  Feature 
engineering  is  performed  to  improve  prediction  accuracy  and  support  reliable  energy  demand 
forecasting.

3.4. IoT-Based Energy Monitoring Architecture

The IoT architecture enables continuous monitoring of  electricity consumption,  occupancy,  and 
environmental  conditions  using  interconnected  sensors  and  smart  meters.  Data  are  transmitted 
through IoT gateways to Edge Computing nodes for real-time processing and then synchronized with 
cloud services for long-term storage, analytics, and Digital Twin updates.

3.5. Machine Learning Model for Energy Demand Prediction

CampusGrid AI employs a Long Short-Term Memory (LSTM) model to predict future electricity 
demand  using  historical  energy  consumption,  occupancy,  weather  conditions,  and  academic 
schedules. Model performance is evaluated using MAE, RMSE, MAPE, and R² to ensure accurate and 
reliable forecasting for intelligent energy optimization.

3.6. Multi-Agent Reinforcement Learning for Autonomous Energy Optimization

The MARL framework enables multiple intelligent agents to collaboratively optimize electricity 
consumption across campus buildings. Each agent observes local conditions, selects energy-efficient 
control  actions,  and  learns  through  a  reward-based  mechanism  that  balances  energy  savings, 
operational cost, carbon emissions, and occupant comfort. An Energy Coordinator Agent facilitates 
collaboration to achieve campus-wide optimization.

3.7. Digital Twin and Explainable AI Integration

The Digital Twin provides a real-time virtual model of the campus for simulation and validation of  
energy  optimization  strategies  before  deployment.  Explainable  AI  enhances  transparency  by 
providing interpretable  explanations  for  autonomous decisions,  improving stakeholder  trust  and 
supporting reliable, safe, and sustainable campus energy management.
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3.8. Experimental Environment

The proposed CampusGrid AI framework is evaluated in a simulated smart campus environment 
representing  a  typical  Higher  Education  Institution  (HEI).  The  experimental  setup  includes 
classrooms, laboratories,  libraries,  hostels,  and administrative buildings with varying occupancy 
levels, academic schedules, and electricity demand.

Real-time data are collected from IoT devices, including smart energy meters, occupancy sensors, 
temperature and humidity sensors,  and lighting sensors.  Historical  energy consumption records, 
weather information, and academic timetables are incorporated to support accurate energy demand 
forecasting. The data are processed through Edge Computing nodes and synchronized with cloud 
services for analytics and model training.

The  Machine  Learning  module  predicts  future  electricity  demand,  while  the  Multi-Agent 
Reinforcement  Learning (MARL) module determines optimal  energy management  strategies.  A 
Digital Twin validates the proposed control actions before implementation, and the Explainable AI 
(XAI) module provides interpretable explanations for autonomous decisions.

The framework is evaluated using key performance metrics, including prediction accuracy, energy 
consumption,  electricity  cost,  carbon emission reduction,  response  time,  and occupant  comfort. 
Performance is  compared with a conventional rule-based Building Energy Management System 
(BEMS)  and  a  Machine  Learning-based  energy  management  approach  to  demonstrate  the 
effectiveness of the proposed CampusGrid AI framework.

4. Results

The proposed CampusGrid AI framework is evaluated to assess its effectiveness, scalability, and 
feasibility for intelligent energy management in Higher Education Institutions. The evaluation focuses 
on  prediction  accuracy,  energy  optimization,  operational  cost  reduction,  sustainability,  system 
responsiveness, and occupant comfort.

4.1. Energy Demand Prediction Evaluation

The Machine Learning module is evaluated using historical and real-time energy data to assess 
forecasting accuracy. Standard metrics, including Mean Absolute Error (MAE), Root Mean Square 
Error (RMSE), Mean Absolute Percentage Error (MAPE), and the coefficient of determination (R²), 
are used to validate prediction performance.

4.2. Energy Optimization Evaluation

The Multi-Agent Reinforcement Learning (MARL) module is evaluated based on its ability to reduce 
energy consumption, manage peak demand, and optimize appliance operation while maintaining 
occupant  comfort.  Performance  is  compared  with  conventional  rule-based  Building  Energy 
Management Systems (BEMS).

4.3. Cost Reduction and Sustainability Evaluation

The framework is assessed for its potential to reduce electricity costs, improve energy efficiency, and 
minimize carbon emissions. Digital Twin simulations are used to evaluate optimization strategies 
before deployment, supporting sustainable campus energy management.
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4.4. System Response Time Evaluation

The  Edge–Cloud  architecture  is  evaluated  using  response  time,  communication  latency,  and 
computational efficiency. Edge Computing enables rapid local decision-making, while cloud services 
support large-scale analytics and system coordination.

4.5. Occupant Comfort Evaluation

The framework ensures energy optimization without compromising user comfort  by monitoring 
indoor temperature, humidity, air quality, lighting conditions, and occupancy. Explainable AI (XAI) 
enhances transparency by providing understandable explanations for autonomous decisions.

4.6. Overall Framework Validation

The  overall  performance  of  CampusGrid  AI  is  validated  by  combining  all  evaluation  metrics, 
including prediction accuracy,  energy savings,  cost  reduction,  sustainability,  response time,  and 
occupant  comfort.  This  evaluation demonstrates the feasibility of  the proposed framework as a 
scalable and intelligent solution for smart campus energy management.

5. Discussion

5.1. Interpretation of Findings

The proposed CampusGrid AI framework demonstrates that  integrating IoT, Machine Learning, 
Multi-Agent Reinforcement Learning (MARL), Digital Twin technology, Explainable AI (XAI), and 
Edge–Cloud Computing can significantly enhance campus energy management.  The framework 
supports predictive energy optimization, autonomous decision-making, and improved operational 
efficiency while maintaining occupant comfort.

5.2. Comparison with Existing Approaches

Conventional Building Energy Management Systems (BEMS) primarily rely on rule-based control, 
while  many  existing  AI-based  approaches  focus  on  either  prediction  or  optimization  alone.  In 
contrast, CampusGrid AI integrates real-time monitoring, demand forecasting, autonomous multi-
agent control, Digital Twin simulation, and explainable decision-making within a unified framework, 
providing a more comprehensive solution.

5.3. Advantages of CampusGrid AI

The proposed framework offers predictive energy management, distributed multi-agent coordination, 
scalable  architecture,  adaptive  learning,  and  transparent  AI-based  decisions.  The  Edge–Cloud 
architecture further improves system responsiveness, reliability, and computational efficiency for 
campus-wide energy optimization.

5.4. Practical Applications

CampusGrid AI can be deployed in universities, colleges, research institutions, and other large-scale 
facilities  to  optimize  electricity  consumption  in  classrooms,  laboratories,  libraries,  hostels,  and 
administrative  buildings.  The  framework  can  also  be  extended  to  smart  offices,  hospitals,  and 
government buildings.

5.5. Limitations

The  framework  requires  reliable  IoT  infrastructure,  high-quality  historical  data,  and  secure 
communication networks. Large-scale implementation may involve significant deployment costs, 
while cybersecurity and privacy remain important challenges that require further investigation.
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5.6. Future Research Directions

Future work will focus on integrating renewable energy systems, Federated Learning, predictive 
maintenance, advanced cybersecurity, and next-generation communication technologies such as 5G. 
Real-world deployment and long-term validation across multiple campuses will further demonstrate 
the effectiveness and scalability of the proposed framework.

5.7. Prototype Overview

The proposed CampusGrid AI prototype demonstrates the practical implementation of the framework 
for intelligent campus energy management. It integrates IoT devices, Edge Computing, Machine 
Learning, Multi-Agent Reinforcement Learning (MARL), Digital Twin technology, Explainable AI 
(XAI), and Cloud Computing to enable real-time monitoring, demand prediction, and autonomous 
energy optimization.

5.8. User Interface and Dashboard

The prototype includes a web-based dashboard that displays real-time energy consumption, demand 
forecasts,  equipment  status,  environmental  conditions,  and optimization  recommendations.  XAI 
provides  interpretable  explanations  for  AI-driven  decisions,  improving  transparency  and  user 
confidence.

5.9. Mobile Application

A mobile application enables administrators to remotely monitor campus energy usage, receive alerts, 
review optimization recommendations, and track system performance in real time.

5.10. Digital Twin Interface

The Digital Twin provides a virtual representation of the campus, allowing administrators to simulate 
and validate energy optimization strategies before implementation, thereby improving operational 
reliability.

5.11. Prototype Workflow

The workflow begins with IoT-based data collection, followed by edge processing and ML-based 
energy prediction. MARL agents generate optimal control actions, which are validated using the 
Digital Twin before execution. XAI explains the decisions, and the process repeats continuously 
through a closed feedback loop.

5.12. Prototype Benefits

The prototype demonstrates the feasibility of CampusGrid AI by integrating predictive analytics, 
autonomous optimization, Digital Twin simulation, and explainable decision-making into a scalable 
smart campus energy management platform.

5.13. Security Framework

CampusGrid AI employs a multi-layer security architecture to protect IoT devices, communication 
networks, cloud services, and AI models. Secure authentication, encrypted communication, role-
based access control, and continuous monitoring ensure reliable and secure system operation.

5.14. Privacy Protection

The framework  preserves  privacy  by  minimizing  sensitive  data  collection  and  applying  secure 
storage, anonymization, and access control mechanisms. These measures ensure responsible data 
management while supporting intelligent energy optimization in Higher Education Institutions.
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The  proposed  CampusGrid  AI  framework  promotes  sustainable  energy  management  in  Higher 
Education Institutions by improving energy efficiency, reducing operational costs, and minimizing 
environmental  impact.  Through  the  integration  of  IoT,  Machine  Learning,  Multi-Agent 
Reinforcement Learning (MARL), Digital Twin technology, Explainable AI (XAI), Edge Computing, 
and Cloud Computing, the framework supports intelligent and sustainable campus operations.

5.15. Environmental Sustainability

CampusGrid  AI  reduces  unnecessary  electricity  consumption  and  carbon  emissions  through 
predictive energy management and autonomous control of campus resources. It also supports the 
integration of renewable energy sources, contributing to greener and more sustainable campuses.

5.16. Economic Sustainability

The framework lowers operational costs by optimizing electricity usage, reducing peak demand, and 
improving resource utilization. Digital Twin-based simulations further reduce implementation risks 
by validating energy optimization strategies before deployment.

5.17. Social Sustainability

CampusGrid  AI  enhances  occupant  comfort  by  maintaining  appropriate  indoor  environmental 
conditions while improving energy efficiency. Explainable AI increases transparency and promotes 
user trust in autonomous energy management decisions.

5.18. Contribution to Sustainable Development Goals (SDGs)

The  proposed  framework  supports  SDG  7  (Affordable  and  Clean  Energy),  SDG  9  (Industry, 
Innovation and Infrastructure), SDG 11 (Sustainable Cities and Communities), SDG 12 (Responsible 
Consumption and Production), and SDG 13 (Climate Action) by enabling intelligent, energy-efficient, 
and sustainable campus management.

5.19. Long-Term Sustainability Vision

CampusGrid  AI  provides  a  scalable  foundation  for  future  smart  campuses  through  continuous 
learning, renewable energy integration, and intelligent energy optimization. The framework offers a 
sustainable  pathway  for  developing  environmentally  responsible  and  energy-efficient  Higher 
Education Institutions.

6. Conclusion

The increasing energy demand of Higher Education Institutions requires intelligent and sustainable 
energy  management  solutions  beyond  conventional  rule-based  systems.  This  paper  proposed 
CampusGrid AI,  an integrated framework that  combines the Internet  of  Things (IoT),  Machine 
Learning  (ML),  Multi-Agent  Reinforcement  Learning  (MARL),  Digital  Twin  technology, 
Explainable Artificial Intelligence (XAI), Edge Computing, and Cloud Computing for predictive 
energy management and autonomous electricity optimization.
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The  proposed  framework  enables  real-time  monitoring,  accurate  energy  demand  forecasting, 
autonomous  decision-making,  and  transparent  AI-driven  optimization.  By  integrating  these 
technologies  within  a  unified  architecture,  CampusGrid  AI  has  the  potential  to  reduce  energy 
consumption,  operational  costs,  and carbon emissions  while  maintaining  occupant  comfort  and 
supporting sustainable smart campus development.

Future  work  will  focus  on  prototype  implementation,  real-world  validation,  renewable  energy 
integration, enhanced cybersecurity, and large-scale deployment across multiple Higher Education 
Institutions.
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Appendix A. Supplementary Material

A.1 CampusGrid AI Algorithm

Input: IoT sensor data, historical energy data, weather, occupancy, and academic schedules.

Output: Optimized energy control decisions.

Algorithm:

1. Collect real-time IoT data.

2. Preprocess data at the Edge layer.

3. Predict energy demand using the ML (LSTM) model.

4. Share predictions with MARL agents.

5. Agents optimize energy usage collaboratively.

6. Validate actions using the Digital Twin.

7. Generate explanations through XAI.

8. Execute approved actions via IoT controllers.

9. Continuously monitor system performance and update models.

A.2 CampusGrid AI High-Level Architecture

The proposed framework consists of five integrated layers:

 Physical Layer: Campus buildings, IoT sensors, smart meters, HVAC, lighting, and electrical devices.

 Edge Layer: Local data processing, filtering, and low-latency control.

 AI Layer: Machine Learning, MARL, and XAI modules for prediction and decision-making.

 Digital Twin Layer: Virtual simulation and validation of optimization strategies.

 Application Layer: Dashboard, mobile application, alerts, reports, and administrator interface
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