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Abstract
The modern electrical power grid faces unprecedented challenges from renewable
energy integration, electrification of transport and buildings, extreme weather
events, and cyber-physical threats, necessitating a shift from traditional
centralized, unidirectional systems to intelligent, resilient architectures. Grid
modernization progresses through distinct phases: the smart grid paradigm
introduces advanced metering infrastructure (AMI), phasor measurement units
(PMUs), and standardized communication protocols for bidirectional flows and
enhanced observability; self-healing mechanisms enable autonomous fault location,
isolation, and service restoration (FLISR) via multi-agent systems and automated
switching; and AI-optimized networks represent the pinnacle, leveraging supervised
machine learning for fault classification, unsupervised anomaly detection,
reinforcement learning (including deep RL and multi-agent variants) for adaptive
reconfiguration policies, graph neural networks for topology-aware decisions, and
hybrid physics-informed approaches for robust performance under uncertainty.
These AI techniques facilitate proactive predictive maintenance, real-time
detection and localization, autonomous isolation/reconfiguration, and rapid
restoration, significantly reducing outage durations, energy not supplied, and
traditional reliability indices like SAIDI/SAIFI while bolstering resilience. This
paper reviews the evolutionary pathway, fundamentals of self-healing, detailed AI
taxonomy and applications across the self-healing cycle, comparative performance
analysis, recent 2023-2026 advances (such as millisecond-scale DRL rerouting,
edge-AI, and digital twin integration), and persistent challenges including data
quality, cybersecurity vulnerabilities, interoperability with standards (IEC 61850,
IEEE 1547), explainability, and equity. By addressing these gaps through future
directions like large language model integration, quantum-inspired optimization,
and AI-blockchain for DER coordination, AI-optimized self-healing networks
promise near-zero downtime, alignment with net-zero goals, and a sustainable,
equitable energy future.
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I. Introduction
The modern electrical power grid stands at a
critical juncture, transitioning from a century-
old infrastructure designed for centralized,
unidirectional power delivery to a dynamic,
intelligent system capable of accommodating
unprecedented demands. Traditional power
grids, largely established in the early 20th
century, are characterized by centralized
generation from large fossil fuel-based plants,
unidirectional power flow to consumers,
limited real-time observability, and manual or
semi-automated protection mechanisms (Fang
et al., 2012). These grids rely on supervisory
control and data acquisition (SCADA) systems
with sparse sensor deployment, resulting in
delayed fault detection and restoration times
often measured in minutes to hours. While
reliable for decades, such architectures face
severe limitations in the face of emerging
stressors.
Contemporary challenges include the rapid
integration of variable renewable energy
sources (e.g., solar photovoltaic and wind),
which introduce intermittency and
bidirectional power flows; increasing
electrification of transportation (electric
vehicles) and buildings (heating/cooling
electrification); heightened vulnerability to
extreme weather events driven by climate
change; and growing cyber-physical threats that
exploit interconnected digital layers (U.S.
Department of Energy, 2024; Allal et al., 2024).
These stressors exacerbate outages, with annual
economic losses in the United States alone
exceeding $150 billion due to grid disruptions
(U.S. Department of Energy, 2024).
Renewable variability can cause frequency and
voltage instability, while extreme events like
storms or wildfires can cascade into
widespread blackouts, underscoring the need
for enhanced resilience and adaptability. Grid
modernization emerges as a strategic
imperative to address these limitations and

enable a sustainable, reliable, and equitable
energy future. Grid modernization refers to the
comprehensive upgrade of electrical
infrastructure through advanced sensing,
communication, automation, and control
technologies to support bidirectional energy
flows, real-time monitoring, demand response,
and integration of distributed energy resources
(DERs) (U.S. Department of Energy, 2024;
Fang et al., 2012). It aims to improve efficiency,
reduce losses, enhance power quality, and
bolster resilience against disruptions, aligning
with global net-zero targets and
decarbonization goals.
The evolution of power grids follows a clear
pathway: from traditional grids to smart grids,
self-healing grids, and ultimately AI-optimized
autonomous networks. Traditional grids, as
noted, emphasize centralized control with
minimal intelligence. The smart grid paradigm,
introduced in the early 2000s, incorporates
advanced metering infrastructure (AMI),
phasor measurement units (PMUs),
bidirectional communication networks (e.g.,
IEC 61850 protocols), and IoT-enabled sensors
to enable real-time data exchange, demand-side
management, and better renewable integration
(Fang et al., 2012). This shift facilitates
situational awareness and basic automation
but remains largely reactive. Building on smart
grid foundations, self-healing grids represent
the next stage, defined as autonomous systems
capable of anticipating disturbances, detecting
faults, isolating affected sections, reconfiguring
topology, and restoring service with minimal
human intervention often within seconds to
minutes (Gungor et al., 2011; Wang et al.,
2011). The self-healing cycle given below:
Anticipate → detect → isolate → reconfigure
→ restore
It draws inspiration from biological immune
systems, enabling proactive fault management
through automated switching, reconfiguration,
and load shedding avoidance (U.S.
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Department of Energy, 2024). This capability
significantly reduces metrics such as System
Average Interruption Duration Index (SAIDI)
and System Average Interruption Frequency
Index (SAIFI), with reported reductions of up
to 60% in outage durations in pilot
deployments.
The transformative leap occurs with AI-
optimized self-healing networks, where
artificial intelligence and machine learning
(AI/ML) enable proactive, adaptive, and
millisecond-scale decisions. Traditional and
early smart grid approaches rely on rule-based
or optimization-driven methods, which
struggle with high-dimensional uncertainty,
non-linear dynamics, and real-time constraints.
AI/ML, particularly deep reinforcement
learning (DRL), graph neural networks
(GNNs), and hybrid physics-informed models,
empower grids to learn from data, predict
faults preemptively, optimize reconfiguration
policies autonomously, and handle complex
scenarios like multi-DER coordination or
cyber-attacks (U.S. Department of Energy,
2024; Allal et al., 2024). For instance, AI can
reroute power in milliseconds during faults, far
surpassing human-operated processes that take
minutes to hours.
Despite these advancements, a significant
research gap persists in fully integrating AI into
self-healing frameworks for scalable, real-world
deployment. While numerous studies address
isolated AI applications (e.g., fault
classification via supervised ML or DRL for
reconfiguration), comprehensive transitions
from smart to fully AI-optimized autonomous
networks remain underexplored, particularly
regarding interpretability, robustness under
data scarcity/uncertainty, cybersecurity
vulnerabilities (e.g., adversarial attacks on AI
detectors), and alignment with standards like
IEEE 1547 or IEC 61850 (U.S. Department of
Energy, 2024; Arrieta et al., 2020). Moreover,
interdisciplinary challenges bridging electrical

engineering with computer science and policy
hinder holistic adoption amid rising
electrification and climate pressures.
This paper addresses these gaps by providing a
structured review of the evolution toward AI-
optimized self-healing networks, analyzing
enabling technologies, and proposing pathways
for implementation. Key contributions include:
(1) a detailed taxonomy of AI techniques
across the self-healing cycle; (2) comparative
evaluation of classical versus AI-driven
approaches with quantitative metrics; (3)
insights from recent case studies and
simulations; and (4) identification of open
challenges and future directions, including
edge AI, federated learning, and human-in-the-
loop safeguards.
II. Evolution of Power Grid Architectures
Traditional power systems, developed primarily
in the mid-20th century, feature a hierarchical,
centralized structure with bulk generation
from large fossil-fuel or hydroelectric plants
transmitting power unidirectionally through
high-voltage transmission lines to distribution
networks and end-users. Protection philosophy
relies on overcurrent relays, distance
protection, and differential schemes
coordinated via time-graded or zone-based
methods to isolate faults, emphasizing
reliability through redundancy and manual
intervention (Fang et al., 2012; updated
context in recent reviews like Allal et al., 2024).
However, these systems suffer significant
limitations: limited real-time observability due
to sparse metering, inability to handle
bidirectional flows or high renewable
penetration, vulnerability to cascading failures
from extreme events, and slow restoration
times (often hours), exacerbated by aging
infrastructure and rising demand variability
(U.S. Department of Energy, 2024; Scientific
Reports, 2025).
The smart grid paradigm represents a pivotal
advancement, transforming the grid into an
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intelligent, interactive network through key
pillars such as advanced metering
infrastructure (AMI), phasor measurement
units (PMUs) for synchronized wide-area
monitoring, upgraded SCADA/EMS systems
with enhanced cybersecurity, and IEC 61850
communication standards enabling
interoperable substation automation.
Bidirectional power and information flows
allow integration of distributed energy
resources (DERs), demand response, and real-
time optimization, shifting from passive to
active management (Discover Applied Sciences,
2025; Springer Nature, 2025). PMUs provide
high-resolution synchro phasor data for
improved situational awareness and stability
control, while SCADA upgrades support
automated dispatch and fault analysis, laying
the groundwork for resilience against
intermittency and cyber threats (IOPscience,
2023–2024 reviews).
Self-healing networks build on smart grid
foundations, introducing foundational
concepts like multi-agent systems (MAS),
distributed control architectures, and
automated switching for autonomous fault
management. In MAS frameworks,
autonomous agents (e.g., zone, feeder, or
microgrid agents) collaborate via decentralized
protocols to detect, isolate faults (e.g., FLISR
fault location, isolation, service restoration),
reconfigure topology, and restore service in
seconds to minutes, often inspired by
biological self-repair mechanisms
(ScienceDirect, 2025 review on multi-agent
techniques; Nature Scientific Reports, 2025).
Distributed control reduces reliance on central
SCADA, enabling plug-and-play DER
integration and proactive reconfiguration
under uncertainty, marking a shift toward
resilient, adaptive distribution systems (MDPI,
2022–2025 works on MAS self-healing). The
transition is propelled by multifaceted drivers:
policy imperatives such as net-zero emissions

targets by 2050 (e.g., global pledges to triple
renewables by 2030), rapid DER proliferation
(solar PV, wind, batteries, EVs) creating
bidirectional complexity, and economic factors
including skyrocketing grid investment needs
(projected >$470 billion globally in 2025 for
expansion and modernization) to avoid
outages costing billions annually, alongside
opportunities for efficiency gains and job
creation in clean energy (BloombergNEF, 2025;
REN21 GSR 2025; IEA, 2025). These forces
compel utilities to evolve toward intelligent,
autonomous networks capable of supporting
electrification and decarbonization.
III. Fundamentals of Self-Healing
Mechanisms
Self-healing mechanisms form the cornerstone
of modern resilient power distribution systems,
enabling autonomous recovery from
disturbances to minimize outages and enhance
reliability. At the core of self-healing lies the
Fault Location, Isolation, and Service
Restoration (FLISR) functionality, a
coordinated process that detects faults,
pinpoints their location, isolates the affected
segment, and restores service to unaffected
portions often within seconds to minutes
(Nature Communications, 2024; Scientific
Reports, 2025). FLISR begins with real-time
fault detection via voltage/current anomalies,
followed by precise localization using
impedance-based or traveling-wave methods,
isolation through automated switching to
prevent fault propagation, and restoration by
reconfiguring topology to reroute power from
alternative sources or backups. This cycle
draws from biological self-repair analogies,
shifting grids from reactive to proactive
paradigms and significantly reducing customer
impact during events like line faults or
equipment failures (IBM, 2025; Scientific
Reports, 2025). In distribution networks,
FLISR is particularly vital for handling radial
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or weakly meshed topologies, where faults can
cascade rapidly without intervention.

Figure 1: Flow diagram of the FLISR process in self-healing grids

Classical approaches to self-healing have evolved
from rule-based systems to optimization-based and,
more recently, learning-based methods. Rule-based
techniques rely on predefined logic (e.g., if-then
thresholds for overcurrent or voltage drop)
implemented in relays or SCADA, offering
simplicity and fast execution but limited
adaptability to complex, uncertain scenarios like
high DER penetration (ScienceDirect, 2025
review). Optimization-based methods, such as
mixed-integer linear programming (MILP) or
particle swarm optimization (PSO), formulate
FLISR as constrained problems minimizing energy
not supplied (ENS) or losses while respecting

voltage/power flow limits; these provide near-
optimal solutions but suffer from computational
intensity and sensitivity to model inaccuracies
(Nature Scientific Reports, 2025; MDPI, 2025).
Learning-based approaches, leveraging machine
learning and reinforcement learning (RL),
represent the advanced frontier: supervised models
classify faults from sensor data, unsupervised detect
anomalies, and RL agents learn dynamic policies
for reconfiguration through trial-and-error
interaction with simulated environments, achieving
adaptive, millisecond-scale decisions under
uncertainty (Nature Communications, 2024; AIP
Publishing, 2023).

Figure 2: Architecture Overview of Enabling Technologies

Enabling technologies underpin effective self-
healing by providing observability, communication,
actuation, and data integration. Sensors and
communication infrastructures include IoT devices

for granular monitoring, 5G networks for ultra-low-
latency (sub-ms) data exchange, and edge
computing to process decisions locally, reducing
central dependency and enhancing real-time
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response (MDPI Sensors, 2025; Springer Nature,
2025). Actuators comprise smart switches, reclosers
with motorized operation, and power electronics
(e.g., solid-state transformers or inverters) for fast
topology changes and voltage support. Key data
sources encompass phasor measurement units
(PMUs) for synchronized wide-area phasors,
advanced metering infrastructure (AMI) for
customer-level telemetry, weather forecasts for
predictive insights, and DER telemetry (e.g., PV
inverters, EV chargers) to manage bidirectional
flows (arXiv, 2025; ScienceDirect, 2024). Together,
these form a layered architecture: perception
(sensors/data), communication (5G/IoT/edge),
and action (actuators), enabling distributed
intelligence.
Performance metrics quantify self-healing efficacy
and guide investments. Traditional reliability
indices include SAIDI (System Average
Interruption Duration Index, minutes per
customer/year) and SAIFI (System Average
Interruption Frequency Index, interruptions per
customer/year), with self-healing pilots
demonstrating reductions of 30-60% by
automating restoration (Sia Partners, 2025;
HEXstream, 2025). Energy Not Supplied (ENS)
measures total unserved energy (MWh), while
resilience indices such as recovery time,
performance loss during events, or adaptive

capacity capture dynamic behavior under extreme
conditions, often outperforming static metrics in
high-renewable systems (ScienceDirect, 2025;
Discover Applied Sciences, 2025). Recent studies
emphasize hybrid metrics combining SAIDI/SAIFI
with resilience curves (e.g., performance vs. time
post-disturbance) to evaluate proactive capabilities
amid climate-driven threats.
IV. Artificial Intelligence Techniques for Self-
Healing Grids
Artificial intelligence (AI) has emerged as the
enabling force for transitioning self-healing grids
from reactive automation to proactive, adaptive
autonomy. By processing high-volume,
heterogeneous data from PMUs, AMI, IoT sensors,
and DERs, AI facilitates millisecond-scale decisions
that classical methods cannot achieve under
uncertainty, variability from renewables, or extreme
events. This section presents a taxonomy of AI
methods, their application across the self-healing
cycle, comparative performance analysis, and
highlights of recent (2023–2026) advances.
A. Taxonomy of AI Methods in Self-Healing
AI methods for self-healing grids can be categorized
into supervised machine learning (ML),
unsupervised/anomaly detection, reinforcement
learning (RL & DRL), deep learning variants like
graph neural networks (GNNs), and hybrid
approaches.

Figure 1: Taxonomy diagram of AI methods in self-healing

Supervised ML excels in fault classification and
prediction using labeled historical data. Support
Vector Machines (SVM), Random Forests, and
Convolutional Neural Networks (CNNs) classify
fault types (e.g., line-to-ground, phase-to-phase)
from voltage/current signatures with high accuracy
(>95% in many cases), enabling early prediction of
incipient faults (Allal et al., 2024; PowerTech
Journal, 2024). Unsupervised and anomaly
detection methods identify early fault signs without
labels. Autoencoders reconstruct normal patterns

and flag deviations as anomalies, while clustering
(e.g., k-means or DBSCAN) groups operational
states to detect outliers indicative of degradation or
cyber intrusions (Discover Applied Sciences, 2025).
Reinforcement Learning (RL) and Deep RL (DRL)
learn optimal reconfiguration policies through
interaction with environments modeled as Markov
Decision Processes (MDPs). Classical Q-learning
handles discrete actions, while actor-critic methods
like Deep Deterministic Policy Gradient (DDPG)
and multi-agent RL (MARL) address
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continuous/high-dimensional spaces, enabling
coordinated switching in multi-feeder systems for
minimal ENS (Nature Communications, 2024;
ScienceDirect, 2024 on RDDNR).
Deep Learning, particularly Graph Neural
Networks (GNNs), captures topology-aware
decisions by modeling the grid as a graph (buses as
nodes, lines as edges). Graph Attention Networks
(GAT) and GraphSAGE propagate features
spatially, improving fault localization and
reconfiguration under dynamic topologies from
DER integration or reconfiguration (arXiv, 2025
on RGNN; MDPI, 2025). Hybrid approaches
combine strengths: Physics-Informed Neural
Networks (PINNs) embed governing equations (e.g.,
power flow, Kirchhoff's laws) as constraints,
enhancing generalization and interpretability in
uncertain environments; federated learning enables
privacy-preserving training across distributed
utilities (ScienceDirect, 2025 on PINNs in energy;
arXiv, 2025 on PINN-DT).
B. AI-Enabled Stages of Self-Healing Cycle
AI augments each stage of the anticipate → detect
→ isolate → reconfigure → restore cycle.

In anticipation & predictive maintenance,
supervised/unsupervised ML and PINNs forecast
equipment degradation or faults using time-series
from sensors and weather data, shifting from time-
based to condition-based maintenance and
reducing unplanned outages (Allal et al., 2024).
Real-time fault detection & localization leverages
CNNs for pattern recognition in PMU data and
GNNs for topology-aware localization, achieving
sub-second detection even under noise or partial
observability (Scientific Reports, 2025; arXiv, 2025
RGNN benchmarks). Autonomous isolation &
reconfiguration relies on DRL/MARL: agents learn
policies to open/close switches, isolate faults, and
reconfigure feeders while respecting constraints,
with MARL enabling cooperative decisions in
multi-zone networks (ScienceDirect, 2024 on
MADRL for DSR; NREL reports on MARL
restoration). Rapid restoration & black-start
support uses DRL for sequencing restoration paths,
prioritizing critical loads, and coordinating
DERs/microgrids for black-start, minimizing
restoration time to minutes (MDPI, 2025 on DRL
resilience).

Figure 2: AI-enabled self-healing cycle flowchart

C. Comparative Table: AI Methods vs. Performance
AI Method
Category

Examples Speed
(Inferen
ce)

Accur
acy
(%)

Scalability
(Large
Grids)

Interpretab
ility

Key
Strengths

Limitations

Supervised ML SVM, RF,
CNN

ms–s 92–98 Medium Medium–
High

High
accuracy on
labeled data

Requires large
labeled datasets

Unsupervised/An
omaly

Autoenco
ders,
Clustering

ms 85–95 High Low–
Medium

No labels
needed;
early

False positives in
noisy data
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detection
RL/DRL Q-

learning,
DDPG,
MARL

ms
trained

90–97 Medium–
High (with
MARL)

Low Adaptive to
uncertainty;
optimal
policies

Training
instability, sample
inefficiency

Deep Learning
(GNN)

GAT,
GraphSA
GE

ms 94–99 High
(topology-
aware)

Medium
(with XAI)

Handles
dynamic
topology

Computationally
intensive

Hybrid (PINN,
Federated)

PINN, Fed
Learning

ms–s 93–98 High High Physics
compliance,
privacy-
preserving

Complex
implementation

(Adapted from benchmarks in Nature
Communications, 2024; MDPI resilience reviews,
2025; metrics approximate from case studies on
IEEE test systems.)
D. Recent Advances (2023-2026)
From 2023-2026, breakthroughs include
millisecond-scale DRL rerouting: frameworks like
RDDNR enable continuous post-fault
reconfiguration, restoring service autonomously
with DRL policies trained on dynamic
environments (ScienceDirect, 2024). Edge-AI
deploys lightweight models on IoT/5G nodes for
sub-ms decisions, reducing latency in FLISR

(MDPI Sensors, 2025). Digital twins + AI integrate
real-time simulation with DRL/PINNs for
predictive what-if analysis and resilient control
(ScienceDirect, 2025 on DT-driven intelligence;
arXiv, 2025 PINN-DT). MARL advancements
coordinate multi-agent restoration in DER-rich
grids, achieving near-optimal policies under
uncertainty (ScienceDirect, 2024 MADRL). GNN
hybrids with explainable AI improve fault
diagnostics in evolving topologies (arXiv, 2025
RGNN). These pave the way for fully autonomous,
resilient grids.

Figure 3: Example GNN architecture for topology-aware fault detection

V. Challenges and Open Research Directions
Despite the transformative potential of AI in
enabling self-healing grids, several technical and
operational challenges hinder widespread, reliable
deployment. Data quality and volume remain
primary barriers: AI models require vast, high-
fidelity datasets from heterogeneous sources (e.g.,
PMUs, AMI, DER telemetry), yet real-world grid
data often suffers from noise, incompleteness,

missing labels, or imbalances due to rare fault
events (Allal et al., 2024; Discover Applied
Sciences, 2025). Real-time constraints exacerbate
this, as millisecond-scale decisions demand low-
latency inference on edge devices, conflicting with
the computational demands of complex models
like DRL or GNNs, particularly under high-
dimensional uncertainty from renewable variability
or extreme weather (CSIS, 2025; ScienceDirect,
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2025 on DT-LLM frameworks). Model robustness
is another critical issue AI systems can degrade
under distribution shifts, noisy inputs, or non-
stationary environments, leading to unreliable fault
detection or suboptimal reconfiguration (Nature
Communications, 2024). Cybersecurity
vulnerabilities introduce acute risks: adversarial
attacks can poison training data, craft
perturbations to mislead fault classifiers or RL
agents, or exploit model blind spots, potentially
causing mis-isolation, cascading failures, or denial-
of-service in critical infrastructure (ScienceDirect,
2025 on AI-powered cybersecurity; Nature, 2025
on anomaly detection frameworks). These threats
highlight the need for adversarial training, robust
defenses, and continuous monitoring to safeguard
AI-integrated grids.
Interoperability, standards alignment, and
regulatory/ethical concerns further complicate
adoption. Legacy systems and diverse vendor
equipment pose integration hurdles for AI
pipelines, requiring seamless alignment with
standards like IEC 61850 (communication), IEEE
1547 (DER interconnection), and emerging NIST
frameworks for AI governance in energy (Frontiers
in Artificial Intelligence, 2025; Springer Nature,
2025). Regulatory gaps persist in liability for AI-
driven decisions, data privacy across federated
learning setups, and equity in modernization
ensuring underserved regions benefit from
resilience enhancements without exacerbating
disparities (LinkedIn/Self-Healing Grid Market,
2025). Explainability (XAI) is essential for operator
trust and regulatory compliance: black-box models
hinder post-event audits or human-in-the-loop
overrides, necessitating techniques like SHAP,
LIME, or physics-informed explanations to make
decisions transparent (Springer, 2025 on XAI for
smart grids; ScienceDirect, 2025 on XAI in energy
maintenance). Ethical deployment demands bias
mitigation, human oversight in high-stakes
scenarios, and equitable access to AI benefits amid
rising electrification.
Looking ahead, promising research directions
include integrating large language models (LLMs)
for grid operators enabling natural-language
querying of system states, automated report
generation, personalized decision support, or

hybrid LLM-RL frameworks for intuitive control
room assistance (ScienceDirect, 2025 on LLM
integration; arXiv, 2025 on LLMs in smart grids).
Quantum-inspired optimization offers potential for
tackling combinatorial challenges in
reconfiguration or DER coordination under
uncertainty, accelerating solutions beyond classical
limits (Nature Scientific Reports, 2025 on
quantum-inspired microgrids; ScienceDirect, 2025
on QI-MARL). Combining AI with blockchain
could secure decentralized DER transactions and
enable trustless coordination in peer-to-peer energy
markets. Future efforts should prioritize domain-
specific fine-tuning, edge/hybrid intelligence for
real-time resilience, standardized XAI benchmarks,
and interdisciplinary policy frameworks to realize
fully autonomous, equitable, and secure self-
healing networks (CSIS, 2025; Utility Dive, 2025).
VI. Conclusion
The transition from traditional power grids to AI-
optimized self-healing networks represents a
fundamental shift in electrical engineering, moving
from reactive, centralized control toward proactive,
autonomous, and resilient systems capable of
meeting the demands of a rapidly electrifying and
decarbonizing world. Traditional grids, constrained
by unidirectional flows, limited observability, and
manual interventions, have proven inadequate
against modern challenges such as renewable
intermittency, extreme weather events, and
widespread electrification of transport and
buildings. The smart grid era introduced essential
technologies like AMI, PMUs, and IEC 61850-
compliant communication, enabling bidirectional
energy exchange and improved situational
awareness. Building on this foundation, self-
healing mechanisms through automated fault
detection, isolation, reconfiguration, and
restoration marked a significant advancement in
reducing outage durations and enhancing
reliability. The integration of artificial intelligence,
particularly deep reinforcement learning, graph
neural networks, and hybrid physics-informed
approaches, has elevated these capabilities to
unprecedented levels, allowing millisecond-scale
decisions, adaptive policy learning under
uncertainty, and topology-aware coordination in
complex, DER-rich environments. This evolution
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not only minimizes energy not supplied and
improves traditional metrics like SAIDI and SAIFI
but also strengthens overall grid resilience against
cyber-physical threats and climate-driven
disruptions.
In summary, AI-optimized self-healing networks
hold immense promise for achieving near-zero
downtime in distribution systems, supporting net-
zero energy goals, and enabling equitable access to
reliable power in urban and rural settings alike. By
addressing remaining challenges such as data
quality, real-time processing constraints,
cybersecurity vulnerabilities, and the need for
explainable and human-aligned decision-making
future research and deployment can unlock fully
autonomous grids that seamlessly integrate
renewables, electric vehicles, and distributed
resources. The convergence of AI with emerging
technologies like edge computing, digital twins,
large language models, and quantum-inspired
optimization will further accelerate this
transformation. Ultimately, this progression
empowers electrical engineers, utilities, and
policymakers to build a smarter, more sustainable,
and resilient energy infrastructure that safeguards
society against disruptions while driving the clean
energy transition forward.
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