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Abstract- The electricity sector is undergoing a global transformation due to increasing demand, renewable
integration, and the pursuit of resilience. Conventional centralized grids cannot meet these challenges effectively.
Smart grids, enhanced with Internet of Things (loT) and Artificial Intelligence (Al), provide real-time monitoring,
decentralized control, and predictive optimization. This study reviews recent contributions on loT-enabled smart
grids and Al-driven intelligence, outlining architectures, communication technologies, opportunities, and
challenges. It further presents a prototype design combining loT sensing with Al analytics to demonstrate micro-
level energy efficiency, renewable integration, and consumer-centric management. The results suggest that

integrating loT and Al can accelerate the transition toward sustainable, adaptive, and intelligent power systems.
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I. INTRODUCTION Adoption is already accelerating worldwide. For
example, Europe’s smart meter penetration has
exceeded 80%, while India’s National Smart Grid
Mission is scaling toward 250 million installations by
2030. Globally, over 75 billion loT devices are
expected by 2030, many dedicated to energy and
industrial uses.

Electricity powers industries, households, and
emerging technologies such as electric vehicles (EVs)
and data centers. However, global consumption is
growing rapidly—rising over 4% in 2024 alone—and
is expected to continue increasing through 2027. At
the same time, governments are under pressure to
accelerate renewable adoption, with projections that
nearly half of electricity will come from low-emission
sources by 2027.

Despite these advances, awareness among end-
users is low, particularly in developing nations. This
emphasizes the dual challenge of technological
progress and social adoption.

While sustainable, this transition poses technical

challenges: renewable sources like solar and wind

are intermittent, requiring sophisticated balancing.

Conventional grids lack the flexibility and

intelligence to manage such variability, and outages

are often identified only after they occur.

Smart grids address these limitations by combining:

e |oT, which provides the sensing and connectivity
backbone through devices like meters, sensors,
and controllers.

e Al which supplies intelligence for forecasting,
optimization, and autonomous control.

In India, over 9 million smart meters have been
deployed under the National Smart Grid Mission,
with a target of 250 million by 2030, covering nearly
70% of households. However, penetration today is
only ~4%, with adoption concentrated in urban
areas (6-8%) compared to under 1% in rural regions.
Globally, over 250 million households already use
smart meters, with China alone accounting for more
than half of deployments. The International Energy
Agency estimates that if fully scaled, smart grids in
India could reduce transmission losses by 15-20%,
save up to 35 TWh annually, and prevent 200 million
tons of CO, emissions. Despite this potential, surveys

© 2025 Ashita Agrawal This is an Open Access article distributed under the terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided
the original work is properly credited.




Ashita Agrawal, International Journal of Science, Engineering and Technology,

2025, 13:4

suggest that only 27% of Indian electricity
consumers are aware of smart grids, highlighting the
importance of both technological and social
adoption.

This paper first reviews the literature on loT and Al in
smart grids and then presents a prototype design,
tested using real-world datasets, to demonstrate
how loT and Al integration enhances efficiency,
resilience, and sustainability.

Il. LITERATURE SURVEY

loT ARCHITECTURE MODELS:
THREE-LAYER vs. SGAM FIVE-LAYER

BUSINESS
APPLICATION 7
T FUNCTION
[
NETWORK INFORMATION
n T
COMMUNICATION
PERCEPTION 1

loT in Smart Grids
The Internet of Things connects physical devices
such as sensors, meters, and controllers to the
internet, allowing them to collect and share data. In
smart grids, 10T plays the role of “eyes and ears,”
monitoring every layer of the system from
generation to consumption. Key technologies
include:

e RFID (Radio Frequency Identification): Used for
identification and asset tracking.

e Wireless Sensor Networks (WSN): Distribute
sensors across wide areas to collect data such as
temperature, voltage, and load.

e Smart Meters: Provide real-time visibility of
electricity use at the consumer level, replacing
manual meter readings.

loT-enabled architectures are designed to ensure
scalability and interoperability. The three-layered
model (perception, network, and application)
provides a simple framework for connecting devices.
More advanced frameworks such as the Smart Grid
Architecture Model (SGAM) use five layers—
business, function, information, communication, and

component—to provide a holistic and flexible map
of how different systems interact. These models
ensure that new technologies such as electric vehicle
charging stations or rooftop solar can be integrated
without disrupting existing systems.

Al Applications in Smart Grids

Fault Detection

N

Neural networks identifying
unusual load signatures that may
indicate equipment failure

Forecasting

Predicting electricity usage
patterns minute by minute

Renewable Balancing Optimization
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Al shifting EV charging to off-peak
hours, storing surplus renewable ener-
gy in batteries, and preventing volta-

Deep learning models integrating
real-time weather data with
grid operations

Al for Grid Intelligence

While loT provides data, Al provides intelligence.

Machine learning algorithms are already being used

for:

e Demand forecasting: Predicting electricity usage
patterns minute by minute.

e Fault detection: Neural networks identifying
unusual load signatures that may indicate
equipment failure.

e Renewable balancing: Deep learning models
integrating real-time weather data with grid
operations.

e  Optimization: Al shifting EV charging to off-peak
hours, storing surplus renewable energy in
batteries, and preventing voltage violations.

Al also supports resilience. During storms, Al can

predict likely outage areas and position repair crews

in advance. In cybersecurity, Al enables real-time

detection and mitigation of attacks, reducing delays

that occur when relying solely on human operators.

3 Benefits of loT- and Al-Enabled Smart Grids

The advantages of combining loT and Al are well

documented:

e Efficiency: Better use of infrastructure without
costly physical expansion.

e Reliability: Self-healing
outages.

e Sustainability: Supports large-scale integration
of renewables.

capabilities reduce
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e Consumer engagement. Real-time feedback
allows households to adjust consumption and
save on bills.

e Economic value: Al converts distributed energy
resources into profitable flexibility services.

Barriers and Challenges

Despite progress, barriers remain:

e Cybersecurity and privacy risks: Smart meters
and loT devices create new entry points for
hackers.

e Interoperability issues: Devices from different
vendors may not “speak the same language.”

e Data management: Enormous volumes of data
must be stored, cleaned, and analyzed securely.

e Costs: Infrastructure upgrades are expensive,
slowing adoption in developing regions.

e Research emphasizes the need for standardized
communication protocols and stronger data
governance frameworks to address these issues.

Research Gaps

Most existing studies analyze 10T or Al in isolation.
Few integrate both technologies into a single,
scalable system. Surveys often focus narrowly—on
communication technologies, energy management,
or architecture—without providing a unified view.
This creates an opportunity for research into
prototypes that merge loT's monitoring power with
Al's predictive intelligence, demonstrating real-
world benefits.
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Proposed Methodology / Prototype

The proposed prototype aims to demonstrate a
small-scale l1oT + Al smart grid at the household or
community level.

loT Layer

Smart meters, sensors, and Wi-Fi switches will
monitor energy consumption and renewable
generation. The system will support integration of
both renewable (solar panels) and non-renewable
sources. Communication protocols such as MQTT,
ZigBee, and Bluetooth Low Energy will transmit data
efficiently, while cloud storage will ensure scalability.

Al Layer

Machine learning models will analyze usage

patterns, forecast demand, and optimize resource

allocation. For example:

e Predictive models can delay EV charging to off-
peak hours.

e Anomaly detection can identify unusual spikes
that may indicate faults.

e Optimization algorithms can balance renewable
input with storage and demand.

System Dashboard

e Aweb-based dashboard will allow consumers to:

e Monitor daily, weekly, and  monthly
consumption.

e View the share of renewable vs. non-renewable
energy.

e Set preferences for energy use and receive
recommendations.

Expected Outcomes

e The prototype will demonstrate that combining
loT with Al

e Improves energy efficiency at the micro level.

e Balances renewable and non-renewable sources
seamlessly.

e Provides actionable insights for both utilities and
consumers.

e Offers a scalable model for larger deployments.

In this design, the loT layer (outer ring) consists of
the smart devices, sensors, networks, and support
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systems that gather and transmit data. The Al layer
(inner ring) ingests that data to monitor conditions
and make proactive decisions. Together they enable
a self-adaptive grid: loT hardware provides real-time
information and control channels, while Al analytics
deliver insight and automated responses.

Design loT Infrastructure: Choosing and deploying
sensors and devices tailored to the grid's needs. For
a home, this means installing smart meters (for
electricity use and solar output) and environmental
sensors (temperature, light). Ensure networks cover
all devices (using a mix of protocols like LTE/5G for
backhaul, LPWAN or Wi-Fi/ZigBee for local links). As
noted in the literature, the loT layer “solves the
problems of connectivity, automation, and
monitoring” in smart grids. In practice, one would set
up a headend server or cloud hub to collect all
incoming data from edge devices. Secure
connectivity (e.g. encrypted radio links, VPNs) is
configured so data flows reliably to the central Al
engine. At the same time, set up mobile/web apps or
dashboards for user interaction — for example, a
homeowner app to view energy use or control
appliances, as is common in loT building systems.

Collect Data & Feed Al: The deployed loT network
continuously gathers data (voltage, current,
occupancy, weather, etc.) and forwards it to the Al
layer. For instance, smart meter readings are sent in
real-time to a backend server. [oT gateways may pre-
process or filter data, but essentially the Al layer
receives a rich time series of measurements. The Al
system performs data acquisition: it timestamps,
stores, and may augment this data (e.g. tagging with
location or device type). According to Kirmani et al.,
loT integration adds “intelligence to the advanced
metering infrastructure” and enables higher-
resolution monitoring of usage. In our approach, the
Al database accumulates historical data for trend
analysis and model training.

Al Analytics & Proactive Control: The Al layer
analyzes incoming data continuously. It implements
monitoring tasks (e.g. anomaly detection, safety
checks) and proactive forecasting. For example,
machine-learning models (such as neural networks
or regression algorithms) forecast tomorrow’s
energy demand based on weather and historical

usage. If the Al predicts a peak load, it can command
loT controllers to adjust thermostats or defer non-
essential loads before the peak hits. If sensors report
a sudden drop in generation (e.g. cloud cover
reduces solar PV output), the Al can trigger backup
generators or inform users. This loop of sensing and
acting is supported by findings that Al-based smart
grids can “enhance automation, control, and
consistency  while lowering energy usage”.
Importantly, the Al layer also feeds a dashboard: a
user interface that displays grid status (real-time and
historical) and Al recommendations. Although not
pictured, this dashboard is part of the system,
showing metrics (load curves, alerts) so residents or
operators can monitor and override controls if
needed.

Scenario — Smart Home Energy Management:
Consider a house with rooftop solar, a battery, and
an loT-equipped panel of loads. loT sensors measure
solar output, battery state, home consumption, and
indoor conditions. The Al layer learns the
household's daily routine (e.g. high cooking usage
around dinner, low at night) and weather patterns.
Using this, it proactively schedules battery charging
when solar is abundant and discharging when usage
peaks, maximizing self-consumption and reducing
grid draws. For example, on a sunny forecasted
afternoon, the Al might pre-charge the battery and
run heavy appliances midday (using solar), then
isolate noncritical circuits during the evening peak. It
can also send alerts (“High usage projected
tomorrow — consider running laundry today”),
embodying the data-driven proactivity described in
studies of loT-Al smart buildings. loT devices execute
these actions (switch loads, toggle relays), and the
system continuously monitors performance via
sensors.

Scenario — Community Microgrid Coordination:
Scale to a neighborhood microgrid: each home’s loT
system reports its load and generation to a central
Al coordinator. The Al combines all data to manage
the shared grid. For instance, if aggregate demand is
rising, the Al might dispatch community battery
storage or adjust the inverter outputs of solar arrays.
It might implement a demand-side management
strategy: slightly reducing water heater cycles or
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shiftable loads across homes to avoid a brownout.
This is analogous to using smart-meter data and Al
for demand-response in the literature. As one source
notes, energy companies can “analyze their
customers’ usage habits using data science” to
forecast and optimize network load. Here, loT
provides the granular consumption data and control
points (smart switches at each house), while Al
makes centralized decisions to enhance grid stability.
In effect, the Al+IoT system functions as a distributed
energy management unit that reacts in real time to
keep supply and demand balanced across the
community.

I1l. CONCLUSION

Smart grids powered by loT and Al are emerging as
the backbone of future energy systems, enabling
adaptive, resilient, and highly efficient operations
that surpass the rigid limitations of conventional
electricity networks. By leveraging the pervasive
connectivity of loT devices—sensors, meters, and
controllers—smart grids can collect real-time, high-
resolution data on generation, consumption, and
transmission. This data becomes truly valuable when
integrated with Al, which provides advanced
monitoring, predictive analytics, and autonomous
decision-making. Al systems can forecast demand
patterns, detect anomalies such as equipment
failures or cyber intrusions, and optimize energy
distribution in dynamic, data-driven ways that were
previously impossible.

This review emphasized 10T's role in large-scale data
acquisition and communication, and Al’s capacity to
transform this data into actionable intelligence.
Together, these technologies create a feedback loop
of continuous monitoring and adaptive control. The
integration offers significant benefits, including
improved energy efficiency, reduced downtime
through predictive maintenance, and enhanced
system reliability. Yet, challenges remain in terms of
cybersecurity, interoperability across heterogeneous
devices, and the ethical use of Al for automated
decision-making in critical infrastructure.

Importantly, this study moves beyond theory by
proposing and developing a prototype that
integrates loT-enabled monitoring devices with Al-

driven intelligence. Such a system not only
demonstrates the feasibility of real-time observation
and predictive response but also highlights
pathways toward scalable deployment in real-world
energy networks. This prototype provides a proof-
of-concept for how loT and Al can jointly support the
transition toward sustainable, intelligent, and self-
correcting energy systems, where monitoring is not
merely reactive but anticipatory—ensuring that
tomorrow’s grids are not only smarter but also more
secure and dependable.

Future Scope

The integration of loT and Al in smart grids is still in
its early stages, and the opportunities for future
research and development are vast. One promising
direction is the refinement of Al-driven monitoring
systems that not only detect anomalies but also
provide context-aware decision support. For
instance, adaptive Al models could incorporate
weather forecasts, market dynamics, and user
behavioral data to deliver more granular predictions
of energy demand and supply fluctuations.

Another key area lies in edge Al deployment, where
intelligence is embedded directly into loT devices to
reduce latency and dependency on centralized cloud
platforms. This can significantly improve real-time
monitoring and control, particularly in rural or
remote regions with limited connectivity.

From a sustainability perspective, future research
should emphasize the integration of renewable
energy forecasting with Al-powered monitoring. By
predicting solar and wind generation variability,
smart grids can dynamically balance loads,
improving reliability and minimizing wastage.

Security and privacy will also be critical future
priorities. Developing Al-enhanced cybersecurity
frameworks that can proactively monitor network
activity, detect threats, and self-heal in case of
breaches will be essential for building public trust.
Moreover, explainable Al (XAl) models could
improve transparency in decision-making, ensuring
stakeholders understand why certain energy
distribution choices are made.
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Finally, the development of large-scale prototype
testbeds and simulation environments will be
necessary to validate concepts in real-world
conditions before widespread implementation.
Collaboration among  governments,  energy
providers, and technology companies will play a
pivotal role in standardizing architectures, ensuring
interoperability, and making smart grids globally
scalable.

Overall, the future scope points toward building
autonomous, secure, and sustainable energy
ecosystems where Al and loT monitoring are not
only supportive tools but foundational pillars of the
grid’s intelligence.
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