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Abstract

The inclusion of renewable energy in power grids like solar and wind energy has complicated their
operations as they vary with the weather. Conventional methods of energy control are not able to
cope with these rapid and unpredictable developments. The paper provides an Al-enabled Digital
Twin solution to aid in the energy control in microgrids with renewable energy sources. The Digital
Twin is a virtual replica of the actual microgrid which operates on the real-time and historical
information. It allows us to forecast what will happen tomorrow and take more intelligent choices.
Machine-learning tools predict the amount of power that people will require and the amount of the
renewable which would be produced. This is followed by data analytics optimising daily operations.
Experimenting on real energy data demonstrates that the framework predicts more effectively,
corrects the supply and demand more precisely and increases the reliability of the grid. The findings
validate the fact that computing + Al + data science is effective in the contemporary energy systems.

Keywords: Digital Twin, Smart grid, renewable energy, machine learning, energy management, data
science.

1. Introduction
There is increased use of renewable sources of power such as solar panels and wind turbines. They
are beneficial to the environment though they are unreliable since they depend on the weather. The
stability of the grid, the correspondence of power supply with demand, and preventing waste have
become major issues. Smart grids contain numerous sensors, meters and communication devices
which gather huge volumes of data. This data requires the use of formidable computing and analysis
to get useful information. The problems of energy systems that are complex, nonlinear, and data-
intensive are solved with the assistance of artificial intelligence and data science. Digital Twin is a
virtual version of a real system that continuously updates itself with new information. With the
addition of Al, Digital Twins will be able to anticipate the occurrence of specific situations and offer
solutions before they can occur. This paper is a proposal of an Al-based Digital Twin designed to
serve microgrids with renewable energy. The key contributions of this work are:

e Architecture of an Al-based Digital Twin energy management of a microgrid.
Machine-learning load forecasting and renewable generation forecasting.
Real-time operational decision support on enhanced energy efficiency.
Real energy datasets performance assessment.

2. Related Work

The ancient energy-management systems are fixed-rule-cut and clear-cut models which fail well
when there are high numbers of renewables involved. Energy can be predicted using simple statistical
tools such as linear regression and autoregressive models but these have overlooked complex trends.
Recent studies have demonstrated that the methods including Random Forests, Support Vector
Machines, and deep neural networks can be used to predict load and renewable output better. On
time-series energy data, recurrent neural networks are particularly well-performing. In power
systems, the option of digital Twin is currently under study with an aim of monitoring and simulation.
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Majority of the studies are aimed at visualising the system as opposed to making smart decisions. In
this paper, a Digital Twin to which Al-based prediction is added allows managing energy in real-
time.

3. Proposed Al-Driven Digital Twin Framework
3.1 System Architecture
This framework consists of four related layers:
1. Physical Layer
- Energy sources that are renewable (solar, wind)
- Storage systems and loads.
- Smart meters and sensors
2. Data Acquisition Layer
- Live energy consumption and generation.
- Meteorological and climatic information.
3. Digital Twin & Al Layer
- Simulation of the microgrid.
- Forecasting machine-learning models.
- Pattern discovery data analytics.
4. Decision Support Layer
- Scheduling recommendations on energy.
- Load-balancing strategies
- Storage optimisation
3.2 Machine Learning Models
The prediction that we make using supervised learning is:
* Short-term load demand
* Production of renewable energy.
The inputs are historical energy data, time of the day and weather. The models are trained with clean
and normalised data to be sure of the learning.4. Dataset and Experimental Setup

4.1 Data Sources and Description
To evaluate the proposed Al-driven Digital Twin framework, multiple heterogeneous datasets are
used to realistically represent a renewable-integrated microgrid.

Datasets Used
Data Type Description Sampling Rate
Load Data Smart meter electricity consumption Hourly
Solar Generation PV output power Hourly
Weather Data Temperature, solar irradiance Hourly

Sample Dataset Statistics

Parameter Minimum Maximum Mean
Load Demand (kW) 1.2 6.8 3.9
Solar Power (kW) 0.0 5.5 2.6
Temperature (°C) 18 41 29
Solar Irradiance | 0 980 520
(W/m?)

These datasets collectively enable the digital twin to mirror real-world operating conditions of a
microgrid.
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Algorithm: Digital Twin—Based Energy Management
Input:
o Historical load data L,
e Renewable generation data G,
e Weather data W,
e Real-time sensor data D,
Output:
e Optimal load scheduling plan
o Energy storage control actions
1: Initialize Digital Twin model DT
2: Load historical datasets (Lh, Gh, Wh)
3: Train machine learning models for:
a) Load demand forecasting
b) Renewable generation prediction

4: while Microgrid is operational do
5: Acquire real-time data Dt from smart meters and IoT sensors
6: Update Digital Twin state using Dt
7:
8:  Predict future load demand Lt+1 using trained ML model
9:  Predict renewable generation Gt+1 using trained ML model
10:
11: Compute energy imbalance:
AE = Lt+1 — Gt+1
12:
13: if AE > threshold then
14: Schedule energy storage discharge
15: Apply load shifting for non-critical loads
16: else
17: Schedule energy storage charging
18: endif
19:

20: Update control decisions in physical microgrid

21: Store system states and decisions in DT database

22: end while

4.2 Data Preprocessing

Before feeding data into Al models, preprocessing is performed:

. Missing values handled using linear interpolation
. Outliers removed using interquartile range (IQR)
. Feature scaling using Min—Max normalization

Feature Vector Construction
Xe = [Lt-1,Lt-2, Gr—1, Ty, It, Hy ]
Where:
e L: Load demand
e G: Renewable generation
e T: Temperature
e [: Solar irradiance
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e H: Hour of the day

4.3 Digital Twin Experimental Architecture

Digital Twin Architecture Diagram

Digital Twin Experimental Architecture

ISSN: 2278-4632

5. Results and Performance Evaluation (Elaborated)

5.1 Forecasting Performance

Machine learning models are trained on 70% of the dataset and tested on the remaining 30%.

Performance Metrics
e Mean Absolute Error (MAE)
e Root Mean Square Error (RMSE)

Load Forecasting Results

Model MAE (kW) | RMSE (kW)
Linear Regression | 0.62 0.81
Random Forest 0.38 0.52
LSTM Network 0.29 0.41

Observation: Deep learning models outperform traditional methods due to their ability to capture

temporal dependencies.
5.2 Renewable Generation Prediction

Model MAE (kW) RMSE (kW)
Persistence Model 0.71 0.93
Random Forest 0.44 0.60
LSTM Network 0.33 0.47

5.3 Impact of Digital Twin on Energy Management
The digital twin enables proactive decisions by forecasting future states.

Operational Improvement Metrics

Metric Without Digital Twin With Digital Twin
Energy Imbalance (%) 14.6 6.2
Peak Load (kW) 6.8 54
Renewable Utilization (%) 72 88
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This demonstrates how Al + digital twin integration improves efficiency and reliability.

6. Applications and Practical Use Cases
6.1 Smart Campus Microgrids

The proposed framework can be deployed in university campuses with rooftop solar installations.

Use Case Benefits

Aspect Benefit

Energy Cost Reduced peak tariffs

Sustainability | Increased renewable usag

Reliability Improved outag
prediction

6.2 Industrial Energy Management

Industries with variable loads can leverage predictive insights from the digital twin.
Industry Loads — Digital Twin — Al Prediction — Optimal Scheduling

This reduces:

o Energy cost

e Equipment stress

e Carbon emissions
6.3 Smart Cities and EV Integration
The framework supports:

e EV charging load prediction

e Demand response strategies

e Energy storage optimization

EV Integration Example
Scenario Peak Load Reduction
Uncontrolled Charging | 0%
Al-Based Scheduling 22%

6.4 Utility-Level Planning and Policy Support
Utilities can simulate:

« High renewable penetration scenarios

o Extreme weather impacts

« Infrastructure expansion decisions

The digital twin acts as a decision laboratory before real-world implementation.

7. Conclusion and Future Work

This paper explains a system that employs an Al digital twin to operate energy in microgrids that

operate on renewable sources. The framework integrates computing, Al, and data science to predict
and operate more effectively. Reinforcement learning to automatic control will be added, deployed

in real time, and edge intelligence will be used to enable energy management to increase in the future.
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