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ABSTRACT:

The frequency and severity of extreme weather events have grown noticeably over the past two decades, and
modern power grids have found themselves increasingly exposed to hurricanes, ice storms, heat waves, and
wildfires that stress infrastructure well beyond its historical design envelope. Traditional resilience assessment
methods based on deterministic simulation or purely statistical models struggle to capture the coupled physical
and stochastic nature of these events, and they scale poorly to the large interconnected networks that define
contemporary electricity systems. This paper investigates the use of physics-informed neural networks (PINNS)
for resilience assessment of power grid infrastructure against extreme weather. The premise is that embedding
physical laws directly into the loss function of a neural network combines the data efficiency of physics-based
simulation with the speed and scalability of data-driven modelling, producing an assessment tool that can evaluate
thousands of hazard scenarios in the time a conventional simulator would need for a handful. We designed a PINN
framework that couples power flow equations with weather-driven component failure models and cascading
outage dynamics, and evaluated it on a synthetic transmission network calibrated against a large regional grid
with 4,120 buses and 5,830 transmission lines. Experiments were conducted across four hazard categories
including hurricane, ice storm, heat wave, and wildfire. Results show that the PINN produced resilience metrics
within 3.4 percent of a high-fidelity time-domain simulator while running roughly 82 times faster, enabling large-
scale scenario ensembles that were previously impractical. Findings support PINN-based approaches as a
promising foundation for planning-grade resilience assessment and for near-real-time operational decision support
during evolving weather events.

Keywords: Power Grid Resilience, Physics-Informed Neural Networks, Extreme Weather, Cascading Failures, Infrastructure
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INTRODUCTION

The electricity system is one of the most consequential pieces of infrastructure a society builds, and modern life
has come to depend on its reliability in ways that many people notice only when the lights go out. For most of the
twentieth century, grid reliability was framed primarily as an engineering problem of managing predictable
failures such as equipment aging, routine faults, and forecast-able load fluctuations. That framing has become
dangerously incomplete over the past two decades. Extreme weather events, once rare enough to be treated as tail
risks, are now occurring with a frequency and severity that make them central design considerations rather than
fringe scenarios [1].

Hurricanes have caused multi-billion-dollar losses to grids along the Gulf and East Coasts of the United States,
and similar storms have caused catastrophic damage in the Caribbean and East Asia. Winter storms and prolonged
cold snaps produced the 2021 Texas grid failure that left millions without power for days and cost lives. Heat
waves increasingly push transmission and distribution equipment beyond thermal limits, and wildfires threaten
transmission corridors directly while also driving preemptive shutoffs that have their own social costs. Ice storms,
flooding, and dust storms round out a growing list of hazards that grid operators must now plan for [2].

Traditional resilience assessment methods have struggled to keep pace. Deterministic simulation tools based on
detailed circuit analysis can produce accurate results for individual scenarios but are computationally expensive,
and running the thousands of scenarios needed to characterize risk under uncertainty is often infeasible within
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planning timeframes [3]. Purely statistical models scale better but lose the physical fidelity that matters for
cascading failure analysis. Neither approach handles well the coupled dynamics of extreme weather, in which
physical damage, protective control actions, and cascading electrical failures unfold simultaneously and interact
in complex ways.

Physics-informed neural networks (PINNs) have emerged over the past several years as a promising framework
for coupling data-driven learning with physical constraints. The core idea is that the loss function of a neural
network can include not only prediction error against training data but also residuals of the governing equations,
which enforces physical consistency even in regions where training data is sparse or absent [4]. PINNs have shown
strong results across fluid dynamics, structural mechanics, and geoscience applications, and interest in applying
them to power system problems has grown rapidly [5].

The specific problem of power grid resilience under extreme weather is a natural fit for PINN approaches because
it combines a well-understood physical model, the power flow equations, with stochastic hazard exposure and
component failure dynamics that benefit from data-driven treatment. A PINN can potentially provide fast
evaluation of thousands of hazard scenarios while respecting the underlying physics, giving planners the scenario
coverage they need without abandoning the physical fidelity that makes cascading failure analysis meaningful [6].
This paper contributes a PINN-based framework for resilience assessment against extreme weather and evaluates
it on a realistic transmission network across four hazard categories. Our research gquestions are: how accurately
can a PINN reproduce the resilience metrics produced by a high-fidelity time-domain simulator, how much
speedup does the approach provide for large scenario ensembles, and what practical barriers must be addressed
before PINN-based tools are ready for planning and operational use in real utilities.

LITERATURE REVIEW

Research on power system resilience has expanded rapidly in response to observed increases in extreme weather.
Early work focused on defining resilience metrics that could complement traditional reliability indices,
distinguishing the ability to withstand a shock, the depth of degradation, and the speed of recovery [7]. Resilience
trapezoid frameworks and various weighted composite metrics have emerged as standard tools for comparing
planning alternatives.

Simulation-based approaches remain the workhorse of resilience analysis. Time-domain simulators solve the
coupled power flow, dynamic stability, and protection equations at fine time resolution and can capture cascading
failures with high fidelity [8]. Their computational cost, however, becomes prohibitive when the analysis requires
thousands of scenarios spanning weather uncertainty, component failure uncertainty, and operator response
uncertainty. Studies have shown that meaningful resilience characterization typically requires ensemble sizes in
the thousands, which places time-domain simulation beyond reach for many planning studies.

Machine learning approaches have been explored as an alternative. Purely data-driven surrogate models trained
on simulator outputs can predict resilience metrics quickly but tend to extrapolate poorly to novel hazard
conditions and can produce physically implausible predictions [9]. Recurrent networks and graph neural networks
have shown promise for capturing the network topology and temporal evolution of cascading events, but their
sample efficiency and generalization remain concerns.

Physics-informed neural networks have attracted growing attention as a way to combine the strengths of both
approaches. The seminal work of Raissi and colleagues on PINNs for partial differential equation solving
established the core methodology, and subsequent work has adapted PINNSs to a range of engineering domains
[10]. In power systems, PINNs have been applied to power flow computation, transient stability analysis, and
state estimation with encouraging results [11]. The particular strength of PINNSs for resilience applications is that
they can be trained on limited high-fidelity simulator outputs and then generalize across hazard scenarios by
leveraging the embedded physical constraints.

Weather-driven failure modelling has developed as a parallel research thread. Hurricane damage models based on
wind speed, storm surge, and rainfall have been calibrated against historical outage data and increasingly
incorporate high-resolution weather forecasts [12]. Ice storm models capture the physics of ice accretion on
conductors and structures, wildfire models integrate ignition risk with vegetation and weather conditions, and heat
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wave models focus on thermal limits and prolonged loading. These models provide the hazard inputs that
resilience assessment tools must consume, and their fidelity has improved substantially in recent years [13].

Recent literature has also explored operational applications of resilience assessment, including real-time decision
support during evolving weather events and preemptive actions such as vegetation management, hardening
investments, and public safety power shutoffs. These applications place additional demands on assessment speed
that further motivate the development of fast surrogate models such as PINNs [14]. Comparative evaluations of
PINN-based approaches against high-fidelity simulators on realistic networks are still relatively sparse, which
motivates the present study [15].

METHODOLOGY

Our framework combines three cooperating components: a weather-driven hazard model that produces spatially
resolved component failure probabilities, a PINN that predicts power flow states and cascading outage sequences
under those failure conditions, and a resilience metrics module that summarizes network performance across the
event lifecycle.
The hazard model produces a time-varying failure intensity map 2;(t) for each component i as a function of local
weather variables. For transmission lines exposed to wind and ice, the failure intensity is modelled as:

A(t) =4 - exp(a,v;(6)? + a,1;(t) + arAT;(¢))
where v;(t) is the local wind speed, r;(t) is the ice accretion rate, AT;(t) is the deviation from nominal
temperature, and o, a,., o are hazard-specific sensitivity coefficients calibrated against historical outage data
[16].

The PINN takes as input the network topology, current operating state, and the hazard intensity field, and predicts
bus voltages, line flows, and probabilistic component states over a specified planning horizon. The loss function
combines a supervised term computed against high-fidelity simulator outputs with a physics-based residual term
that enforces the AC power flow equations:

P - Z ViV;(Gij cos 0y + By; siny;) = 0

j
Qi — Z V;V;(Gij sin8;; — Byj cos 8;;) = 0

J

where P; and Q; are active and reactive power injections at bus i,V; and 8;; are voltage magnitudes and angle
differences, and G, B;; are the conductance and susceptance of the transmission line between buses i and j [17].
The total loss is the weighted sum of the supervised and physics-based terms:

L =ws- Lsup +wy, - Lphys + w, - L4
where \mathcalLsup is the mean squared error against simulator outputs, Lphys is the mean squared residual
of the power flow equations, L ,,. is a term that penalizes physically inconsistent cascading sequences, and
ws, Wy, W, are weighting coefficients tuned during training [18].

Resilience is quantified using a composite metric that captures both the depth of the performance dip and the
speed of recovery:

T
R fo P(t) dt
P,T
where P(t) is the delivered power at time t, P_O is the pre-event nominal delivered power, and T is the total

assessment horizon. Values close to 1 indicate high resilience, while lower values indicate significant service
degradation over the event [19].

Additional metrics include the customer minutes of interruption (CMI), the fraction of load served at the trough
of the event, and the recovery time to 95 percent of nominal service. Uncertainty quantification is performed by
running the PINN across a Monte Carlo ensemble of hazard scenarios, with the resulting distribution of resilience
metrics providing risk-informed insight for planners [20].
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Figure 1. PINN-based resilience assessment framework architecture.

EXPERIMENTAL SETUP

We evaluated the PINN framework on a synthetic transmission network calibrated against a large regional grid
with 4,120 buses, 5,830 transmission lines, 320 generators covering conventional and renewable resources, and
1,150 load points. The network topology and parameters were derived from publicly available reference cases and
augmented with realistic geographical placement to enable spatial weather forcing.

Four hazard categories were considered. Hurricane scenarios used wind fields derived from parametric storm
models with peak winds ranging from 40 to 75 meters per second and translation speeds spanning realistic
hurricane behavior. Ice storm scenarios used ice accretion rates from 0.5 to 3 centimeters per hour combined with
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wind loading. Heat wave scenarios used ambient temperatures 8 to 16 degrees Celsius above seasonal norms
sustained over 3 to 7 days. Wildfire scenarios used ignition probability fields combined with vegetation and
topographic risk factors.

For each hazard category, we generated an ensemble of 2,000 scenarios spanning realistic ranges of event severity,
path, and timing. Each scenario was simulated with the high-fidelity time-domain simulator to produce reference
outputs, which served as the training set for the PINN and as the ground truth for accuracy evaluation on a held-
out test set. A subset of 8,000 total scenarios across the four categories was used for training and validation, and
1,000 scenarios were reserved for held-out testing.

The PINN architecture used a graph neural network backbone with 6 message passing layers, 128 hidden
dimensions per node, and residual connections. Physics constraint layers enforcing power flow consistency were
applied at every message passing step. Training used the AdamW optimizer with an initial learning rate of 5 \times
10"{-4}, cosine annealing schedule, batch size of 16 scenarios per GPU, and 200 epochs with early stopping based
on validation loss.

Computational timing was measured on a workstation with 4 NVIDIA A100 GPUs for the PINN and a 64-core
CPU cluster with 512 GB of memory for the high-fidelity simulator. To ensure fair comparison, both
configurations executed identical scenarios with identical grid parameters. Accuracy was quantified using
absolute and relative error on resilience metrics, and computational speedup was computed as the ratio of wall-
clock time per scenario.
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Figure 2. Experimental workflow and network characteristics.

Table 1. Network configuration and experimental parameters.
Parameter Value

Buses 4,120

Transmission lines 5,830

Generators 320

Load points 1,150

Peak system load (GW) | 68.4

Hazard categories Hurricane, ice storm, heat wave, wildfire
Scenarios per hazard 2,000

Total training scenarios | 8,000

Held-out test scenarios | 1,000
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PINN backbone 6-layer graph neural network
Hidden dimension 128

Optimizer AdamW

Learning rate 5x10™

Batch size 16 scenarios

Training epochs 200 (early stopping)
Simulator hardware 64-core CPU, 512 GB RAM
PINN hardware 4 x NVIDIA A100 GPU

RESULTS

5.1 Accuracy of Resilience Metric Prediction

The PINN produced resilience index values within a mean absolute error of 0.024 across the held-out test set,
corresponding to a relative error of 3.4 percent on the resilience metric R. Similar accuracy was observed for
customer minutes of interruption and load served at the trough. Recovery time predictions showed slightly higher
error at 5.1 percent, reflecting the greater difficulty of predicting the tail end of the event where sparse observations
reduce information density. Across the four hazard categories, hurricane scenarios showed the lowest error and
heat wave scenarios the highest, likely because heat wave dynamics unfold more slowly and interact more subtly
with generation availability constraints.
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Figure 3. Accuracy of PINN resilience metric predictions against high-fidelity simulator across hazard
categories.

5.2 Computational Speedup

The PINN evaluated each scenario in a mean wall-clock time of 4.2 seconds compared to 344 seconds for the
high-fidelity simulator on matched hardware. This represents an 82x speedup per scenario, which becomes
decisive when running large ensembles. A resilience study of 10,000 scenarios that would require 40 days of
continuous simulator time completed in under 12 hours with the PINN, enabling the kind of scenario coverage
that resilience risk assessment genuinely requires but that has historically been out of reach.
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Table 2. Comparative performance across hazard categories.

Hazard Mean Wall-Clock | Mean Wall-Clock | Speedup | Mean Relative Error
Category (PINN, s) (Simulator, s) (%)

Hurricane 3.8 328 86x 2.9

Ice storm 4.4 358 81x 3.2

Heat wave 4.6 372 81x 4.1

Wildfire 4.1 316 77% 35

Overall 4.2 344 82x 3.4

5.3 Scenario Coverage and Risk Characterization

To illustrate the practical value of the speedup, we ran a full Monte Carlo risk characterization of the network
under projected hurricane climatology for a 30-year planning horizon, spanning 20,000 storm samples drawn from
a calibrated hazard model. The PINN completed this study in 23 hours on the workstation, whereas the equivalent
simulator study would have required approximately 80 days. The resulting distribution of resilience outcomes
revealed a long tail of severe cascading events that a smaller ensemble would have missed entirely.
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Figure 4. Distribution of resilience outcomes under a 30-year hurricane climatology and identification of
vulnerable network regions.

5.4 Ablation Analysis

We conducted ablations to isolate the contributions of the physics-based loss terms. Removing the AC power flow
residual term degraded resilience metric accuracy from 3.4 percent to 8.7 percent mean relative error, confirming
that the physics constraints substantially improve generalization. Removing the cascading consistency term
degraded recovery time prediction more than steady-state metrics, reflecting its role in enforcing temporal
ordering of failure events. Reducing the training set from 8,000 to 2,000 scenarios increased error only modestly
to 4.6 percent, indicating that the physics constraints provide significant sample efficiency compared to purely
data-driven surrogates.

DISCUSSION

The results support the case that physics-informed neural networks offer a compelling foundation for power grid
resilience assessment against extreme weather. The 82x speedup with 3.4 percent accuracy is a genuinely useful
trade-off for planning studies, where the ability to run large scenario ensembles matters more than pursuing the
last percent of fidelity that comes with high-fidelity simulation. Just as importantly, the sample efficiency
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advantage means that PINNs can be deployed in settings where high-fidelity simulator outputs are expensive to
generate, which is often the case for realistic grid models.

Several practical caveats deserve honest attention. First, the PINN was trained on outputs from a specific high-
fidelity simulator, and its accuracy is bounded by the fidelity of that simulator. If the simulator misses important
physical phenomena such as certain protection system behaviors or specific weather-induced failure modes, the
PINN will inherit those limitations. Continued improvement of the reference simulator remains essential, and the
PINN should be viewed as an accelerator for that simulator rather than a replacement.

Second, generalization to unfamiliar hazard conditions requires care. Our training set covered a wide range of
realistic scenarios, but true extremes such as a Category 5 hurricane at a location with no historical precedent may
fall outside the region where the PINN can be trusted without additional validation. Uncertainty quantification
methods can help flag such cases, and continued expansion of the training set as new events occur will improve
robustness over time.

Third, the geographic realism of the training data matters enormously. Our synthetic network was calibrated
against a real regional grid, but resilience assessment for a specific utility would require training on that utility's
actual network parameters, load patterns, and historical event data. The generalizability of a PINN trained on one
network to a different network has not been established and is unlikely to be strong without adaptation.

Fourth, operational deployment of the PINN for real-time decision support during evolving weather events raises
different concerns than planning applications. Latency requirements are stricter, integration with utility control
systems adds engineering complexity, and the consequences of prediction errors during an active event are more
immediate. A phased deployment strategy that starts with offline planning and gradually moves toward
operational use as confidence accumulates seems prudent.

Limitations of our study include reliance on a synthetic network calibrated against public data rather than a real
utility deployment, focus on transmission-level assessment without explicit distribution system modelling, and
the absence of active control actions such as dynamic load shedding and network reconfiguration during the event.
Follow-up work should evaluate the framework on a real utility grid, extend it to include coupled distribution and
transmission dynamics, and incorporate operator control actions to more accurately reflect real event response.

CONCLUSION

Extreme weather is no longer an occasional stressor on the electricity system; it has become one of the defining
risk factors that planning, operations, and investment decisions must address. Traditional resilience assessment
methods have not kept pace with either the growing frequency of events or the scale of modern grids, and the field
has needed new tools that combine physical fidelity with computational speed. Our study shows that physics-
informed neural networks offer a credible foundation for such tools. The framework we evaluated matched high-
fidelity simulator outputs within 3.4 percent while running 82 times faster, enabling large scenario ensembles that
were previously impractical and giving planners the coverage they need to characterize risk in genuinely uncertain
conditions. The path to widespread deployment still involves work. Real utility deployment requires training on
actual network data, uncertainty quantification methods must be strengthened to flag scenarios outside the reliable
region, and operational integration adds engineering challenges that planning applications do not face. Yet the
direction is clear. As extreme weather continues to reshape the risk landscape facing electricity infrastructure, and
as the computational demands of thorough risk assessment grow accordingly, PINN-based approaches offer a
genuinely new capability that combines the strengths of physics-based simulation and data-driven learning. For
utility planners looking at long-term investment decisions, for operators making real-time choices during evolving
weather events, and for the broader effort to make critical infrastructure resilient in a changing climate, the case
for adopting and further developing PINN-based resilience assessment tools is strong, and the time to invest in
that development is now.
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