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Abstract—The power grid is a critical infrastructure that
ensures a continuous supply of electricity to homes, businesses,
and essential services, forming the backbone of modern society
and economic activities. The increased risk of wildfires is widely
recognized to pose significant threats to grid stability, as these
events cause spatially correlated, simultaneous outages of trans-
mission lines, transformers, and generators. Unlike traditional
N−1 or N−2 contingencies that assume independent component
failures, this work develops a wildfire-aware security-constrained
AC optimal power flow (SC-ACOPF) methodology that integrates
wildfire perimeter data with transmission network topology to
generate realistic N − k contingency scenarios. By defining
configurable safe distance parameters around fire perimeters,
the approach identifies at-risk infrastructure and formulates an
integrated optimization problem that simultaneously minimizes
generation costs and contingency response costs. The methodol-
ogy is validated on four major California wildfires, demonstrating
real-time computational performance and economic benefits com-
pared to sequential optimization approaches while maintaining
grid reliability across all wildfire contingencies.

Index Terms—Security-constrained AC optimal power flow
(SC-ACOPF), wildfire contingencies, spatially correlated outages,
N − k contingency planning

I. INTRODUCTION

Resilient and economic operation of the electrical power
system during wildfires is challenging because of the uncer-
tain ways in which the fires spread and impact the power
infrastructure. As wildfires are expected to become more
widespread and unpredictable, they not only threaten physical
grid assets but also complicate power grid operations, such

as day-ahead scheduling, reserve procurement, and emergency
restoration strategies. Grid operators are also forced to induce
outages and large public safety power shutoffs, essentially de-
energizing power lines close to high-risk wildfire perimeters.
It is generally accepted that wildfires are increasing risk and
uncertainty in grid operations, challenging grid operators and
utilities to maintain reliable grid operations [8], [16].

Traditional contingency in power systems focuses on com-
mon equipment failures and scheduled maintenance outages.
However, the increasing frequency and severity of wildfires,
particularly in regions like California, necessitate a more
comprehensive approach that accounts for spatially correlated,
weather-driven events that can simultaneously threaten multi-
ple grid components. Unlike independent equipment failures,
wildfires can simultaneously impact transmission lines, gener-
ators, and transformers across large geographic areas, creating
cascading effects. In this paper, we focus on the mathematical
formulation and computational framework for wildfire-aware
security-constrained AC optimal power flow problems.

Related work. The proposed computational and modeling
framework falls under the umbrella of security-constrained
AC optimal power flow (SC-ACOPF) [1]. Central to this
framework is the Optimal Power Flow (OPF) problem, one
of the most fundamental optimization problems in power
system operation and planning. Introduced in the 1970s [3],
OPF determines the best operating point of a power grid
by minimizing a user-defined objective function, e.g., total
generation cost, while satisfying governing physical laws, e.g.,



Kirchhoff’s laws, along with engineering limits such as gener-
ation capacities, line thermal limits, and bus voltage bounds.
The Alternating Current OPF (ACOPF) formulation captures
the full nonlinear and nonconvex nature of real power systems
by explicitly modeling both active and reactive power as well
as a wide range of practical operating constraints, making it
more accurate but computationally challenging to solve [7].
However, solving the ACOPF for the base case alone—under
long-term steady-state operating conditions is not sufficient to
guarantee secure system operation when contingencies occur.

The SC-ACOPF extends the ACOPF by incorporating con-
tingency scenarios directly into the optimization: the objective
remains to minimize base-case generation costs, but the so-
lution must also guarantee feasibility under all predetermined
contingencies. In the context of this work, the security con-
straints ensure that ACOPF-based grid controls are not only
feasible under normal operating conditions but also robust
to disturbances that occur when wildfires encroach on power
grid infrastructure. Namely, wildfire contingencies model grid
components—generators, lines, and transformers—that may
be damaged or de-energized due to their proximity to the
wildfire perimeter, for example, to reduce the risk of ignition of
natural vegetation. These are effectively N − k contingencies,
where the number k of unavailable grid elements is generally
much larger than one, which is a significant departure from
previous work in [14] and poses significant convergence issues
for Newton-Raphson solvers for contingency ACOPF [4], [5],
[9], [18], [20]. Generally, multiple such wildfire contingencies
need to be incorporated in the SC-ACOPF model due to the
uncertain wildfire path that arises from weather and local ter-
rain conditions. For each contingency, our SC-ACOPF model
redispatches power generators within prescribed ramping lim-
its to ensure that the system remains feasible with respect to
power flows and thermal line limits on the new topology, while
requiring minimal load shedding.

Wildfire impact on power grid has been investigated previ-
ously in various contexts: restoration and public safety power
shutoffs [15], [16], mitigation of dynamic instabilities [2], co-
optimization of wildfire risk mitigation and load shedding [8],
[19]. The multi-period OPF framework proposed recently
in [8] is capable of handling large power grids (using linear
models) and multiple wildfire contingencies. However, we
differentiate from this work by considering the more realistic,
nonlinear ACOPF models and focusing on numerical opti-
mization and modeling artifacts that allow obtaining real-time
solutions needed by grid operations.

Contributions. This article makes the following contribu-
tions to the state-of-the-art in SC-ACOPF modeling and sim-
ulation. (i) We provide a systematic methodology for wildfire-
aware SC-ACOPF that integrates geographic wildfire perime-
ter data with transmission network topology. This approach
improves upon from the existing limited N − 1 and N − 2
contingencies by automatically generating realistic N−k con-
tingency scenarios that capture the spatially correlated nature
of wildfire-driven outages. (ii) We formulate an integrated
optimization problem that simultaneously optimizes base case

operations and contingency responses, achieving real-time per-
formance with solve times under three minutes for large-scale
systems. (iii) We present illustrative numerical results for four
recent major California wildfires. The results demonstrate both
computational tractability and consistent economic benefits
compared to sequential optimization, validating the practical
value of integrated wildfire contingency planning for grid
operations.

The remaining sections of this paper are organized as
follows. We begin by providing in Section II an overview of
the framework for the SC-ACOPF methodology for wildfire
contingency planning. Next, in Section III we describe the
problem setup, including the California test system and wild-
fire scenarios. Finally, in Section IV, we present the numerical
experiments and economic analysis. Section V provides con-
cluding remarks.

II. FRAMEWORK FOR INTEGRATING WILDFIRES IN
SC-ACOPF-BASED POWER GRID OPERATIONS

This section presents an approach to construct wildfire-
based contingency scenarios using historical fire perimeter
data. The methodology uses geospatial analysis to identify grid
components within defined threat zones around fire perimeters,
automatically clustering at-risk equipment into realistic multi-
component contingency scenarios. We first formulate the SC-
ACOPF problem that incorporates these wildfire contingen-
cies, then detail the spatial threat zone identification process.

A. SC-ACOPF Model

We now formulate SC-ACOPF mathematically by defining
the relevant variables. We will denote the set of buses by N ,
the set of generators by G, the set of branches by E , and
the set of credible contingencies by K. The set of power
flow cases will be denoted by K0 = K ∪ {0}, where 0
denotes the base case. For power flow case k ∈ K0 and
generator g ∈ G, let pg,k and qg,k be the active and reactive
power, respectively. Additionally, at bus n ∈ N , let bn,k
be the variable shunt susceptance, and let vn,k and θn,k be
the voltage magnitude and angle, respectively. Furthermore,
to model constraint violations, let σe,o,k and σe,d,k be the
overload of branch e ∈ E at its origin o and destination d
buses, and σP

n,k and σQ
n,k be the active and reactive power

imbalance, respectively. Finally δk is the frequency deviation
in post-contingency case k ∈ K.

The SC-ACOPF objective function consists of two com-
ponents: the base-case cost A(p0,σ0) and the average con-
tingency cost C(vk,θk,σk). The base-case cost includes
generation costs and penalties for any constraint violations
and is given by

A(p0,σ0) =
∑
g∈G

Cg(pg,0) +
∑
e∈E

(Ce(σe,o,0) + Ce(σe,d,0))+∑
n∈N

(
CP

n

(
σP
n,0

)
+ CQ

n

(
σQ
n,0

))
, (1)

where Cg(·) is the piecewise linear cost function of generator
g ∈ G, Ce(·) is the piecewise linear convex penalization



function for overloading branch e ∈ E , and CP
n (·) and CQ

n (·)
are convex piecewise linear penalization functions for active
and reactive power imbalance at bus n ∈ N , respectively.
The contingency cost averages penalties across all contingency
scenarios reads

C(vk,θk,σk) =
1

|K|
∑
k∈K

( ∑
e∈E(k)

(C̃e(σe,o,k) + C̃e(σe,d,k))+∑
n∈N

(
C̃P

n

(
σP
n,k

)
+ C̃Q

n

(
σQ
n,k

))
+

γv
∑
n∈N

v2n,k + γθ
∑
n∈N

θ2n,k

)
, (2)

where C̃e(·), C̃P
n (·), and C̃Q

n (·) are quadratic approximations
of their base-case counterparts used in contingency scenarios
for computational tractability [14], and γv and γθ are penalty
weights for voltage magnitude and angle deviations, respec-
tively, that encourage solutions closer to nominal operating
conditions.

The SC-ACOPF problem is subject to three types of con-
straint sets that ensure both technical feasibility and opera-
tional security. The first constraint enforces that the base-case
operation satisfies all power flow equations, generator limits
(active and reactive power bounds), variable shunt susceptance
limits, branch thermal limits, voltage magnitude bounds, and
power balance equations under normal operating conditions
with all equipment in service. We define this by the base-case
feasible set D(0). The second constraint ensures physically re-
alistic transitions between the base case and post-contingency
state k by enforcing generator ramping constraints that limit
the allowable change in active power output between scenarios
while maintaining continuity of voltage variables and reactive
power adjustments. We define this by the transition feasible set
T (k). Finally, the third constraint guarantees that the system
remains feasible under each contingency scenario by satisfying
power flow equations and emergency operating limits with
the affected components removed from service. These sets
account for the same physical constraints as D(0) but apply
emergency technical limits and consider only equipment that
remains online after the contingency event. We define these
by the post-contingency feasible sets D(k), k ∈ K.

Using these cost functions and constraint sets, the SC-
ACOPF problem is summarized as:

min
p,q,b,v,θ,δ,σ

A(p0,σ0) + C(vk,θk,σk) (3)

subject to
(p0, q0, b0,v0,θ0,σ0) ∈ D(0) (3a)
(p0,pk, δk,v0,vk, qk) ∈ T (k), k ∈ K (3b)
(pk, qk, bk,vk,θk,σk) ∈ D(k), k ∈ K. (3c)

This formulation provides the mathematical foundation for
security-constrained optimal power flow under wildfire threats
which will be described in subsection II-C.

B. Computational Solution Approach

In this subsection, we describe the computational approach
used to solve the SC-ACOPF problem formulated in (3). We
note that this SC-ACOPF problem is a large-scale nonlin-
ear nonconvex optimization problem that becomes computa-
tionally demanding as the number of contingencies grows.
Traditional N − 1 contingency already presents significant
computational challenges for realistic power systems; incor-
porating wildfire-driven N−k contingencies—where multiple
components fail simultaneously—further increases problem
size and complexity. Each additional contingency scenario
introduces thousands of additional variables and constraints
corresponding to the post-contingency power flow equations
and operating limits.

To solve the wildfire-driven N −k contingency SC-ACOPF
problem, we extend the state-of-the-art solver ExaJuGO [21]
to support multi-element contingency scenarios induced by
wildfire forecasts. ExaJuGO is a high-performance optimiza-
tion solver specifically designed for large-scale power grid
applications. It is developed in Julia for efficient numer-
ical computation and employs the interior-point optimizer
Ipopt [22], which is particularly well-suited for the nonlinear
and inequality-constrained nature of the SC-ACOPF problem.
For the critical linear algebra operations within each interior-
point iteration, ExaJuGO utilizes the MA57 sparse direct
solver [11] to efficiently handle the large, sparse, symmetric
indefinite systems that arise from the problem’s Karush-Kuhn-
Tucker (KKT) optimality conditions [13].

The extension we added to ExaJuGO (to support wildfire
contingencies) required modifications to handle arbitrary N−k
outage patterns where the set of offline components varies
across scenarios, as opposed to traditional N − 1 where
contingencies follow predictable single-component patterns.
This capability now enables ExaJuGO to process the spatially
correlated multi-component outages characteristic of wildfire
events, as described in the following subsection.

C. Wildfire Contingency Modeling

Having established the SC-ACOPF formulation and com-
putational solution approach, we now detail the methodology
for systematically generating the wildfire-driven contingency
scenarios that populate the set K in (3). Unlike traditional
N − 1 or N − 2 contingencies that assume independent com-
ponent failures, wildfire contingencies involve spatially cor-
related, simultaneous outages of multiple transmission lines,
transformers, and generators determined by the geographic
spread of fire events. This subsection presents how historical
wildfire perimeter data is integrated with transmission network
topology to identify at-risk components and how to construct
realistic multi-component contingency scenarios for the SC-
ACOPF problem.

The methodology centers on defining threat zones using
a critical parameter termed the “safe distance” (SD), which
establishes the minimum allowable separation between fire
perimeters and grid infrastructure. This threshold incorporates



radiant heat effects, ember transport distances, and opera-
tional safety margins based on established wildfire evacuation
protocols. Components located beyond the SD threshold are
considered secure and remain in service, while those within
this buffer zone are classified as exposed and must be removed
from service in the contingency. Figure 1 illustrates this
approach for the January 2025 Eaton fire in Los Angeles
County, where the grey area represents the fire perimeter and
the orange buffer zone defines the threat area. Transmission
lines and generators within this threat zone (shown in red) are
identified as at-risk components that must be simultaneously
removed to form the wildfire contingency scenario.

Fig. 1. Wildfire threat zone identification for the January 2025 Eaton fire (grey
area) with threat zone (orange area) at safe distance SD. At-risk components
within the buffer (red lines and dots) are removed to create the contingency
scenario, while secure components outside the buffer (green lines and cyan
dots) remain in service.

The integration process operates as follows: (1) wildfire
perimeter data are obtained from historical records or real-time
fire monitoring systems, (2) a threat zone of radius SD is con-
structed around each fire perimeter using geospatial analysis,
(3) transmission network component locations are compared
against the buffer zones to identify at-risk equipment, and (4)
all identified at-risk components are grouped to form a single
wildfire contingency scenario that represents the simultaneous
forced outage event. This approach systematically generates
contingency scenarios that capture the spatially correlated na-
ture of wildfire threats, which traditional contingency methods
cannot represent.

The methodology’s accuracy depends critically on appro-
priate calibration of the parameter SD, which should reflect
local fire behavior characteristics, vegetation density, terrain
features, wind patterns, and grid design standards. This frame-
work provides power system operators with essential tools for
proactive wildfire risk management and enables evaluation of
system resilience under increasingly frequent climate-driven
threats.

III. PROBLEM SETUP

This section demonstrates the practical application of the
wildfire contingency methodology presented in Section II-C
through a comprehensive analysis of California’s transmission
grid under historical wildfire scenarios. We first introduce
the California Test System (CATS) [17], a geographically
accurate synthetic grid model that enables realistic wildfire
impact assessment. We then describe the historical wildfire
data sources used to generate the contingency scenarios that
populate the set K in the SC-ACOPF formulation (3). The
combination of geographically accurate grid data and real
wildfire perimeters enables quantification of both the physical
grid impacts and operational costs under wildfire threats.

A. The California Test System (CATS)

To effectively study wildfire impacts on power systems,
we require a test system that accurately represents both the
electrical characteristics and geographic layout of the trans-
mission network. The CATS model represents a significant
advancement in power systems research by providing the first
publicly available synthetic transmission grid model that main-
tains a geographically accurate representation of California’s
electrical infrastructure. This synthetic grid combines publicly
available geographic data of California’s actual transmission
corridors with realistic but synthetic topology and transmission
line parameters, creating a model suitable for research without
compromising critical energy infrastructure information.

Fig. 2. CATS grid overlaid on the California map.

The CATS model encompasses 8,870 buses with 10,162
transmission lines and 661 transformers, serving 2,472 load
buses with a peak load of 44,009 MW. The system includes
2,149 generators with a total capacity of 73,172 MW. Unlike
traditional IEEE test cases that lack geographic information,
CATS provides accurate transmission line paths that follow
real topography, vegetation, and property boundaries rather



than simple point-to-point connections. This geographic fi-
delity is essential for wildfire contingency, as it enables accu-
rate identification of grid components within fire threat zones
based on their actual spatial locations. Figure 2 illustrates
the CATS network overlaid on the California map, showing
the extensive coverage of transmission infrastructure across
diverse geographic regions exposed to varying wildfire risks.

B. Wildfire Data Sources

Historical wildfire perimeter data are obtained from the
National Interagency Fire Center (NIFC) [12], which provides
observed fire extents captured during active fire events. These
perimeters represent the geographic footprint of wildfires at
specific points in time, typically before full containment. For
this study, we focus on four significant California wildfires: the
Bridge, Fawn, and Monument fires from 2021, and the more
recent Eaton fire from 2025. These fires were selected based
on their proximity to major transmission corridors and their
varying geographic locations across California, providing di-
verse test cases for evaluating our methodology’s effectiveness
across different grid regions and fire characteristics.

We evaluate our methodology across these four wildfires
using three safe distance (SD) values: 2, 6, and 12 miles. These
distances align with the California utility operational protocols,
which use approximately 1.5 × 1.5 mile grid cells for PSPS
decisions, with threat radii ranging from 500 feet (firefighting
zones) to many miles (extreme wind events) based on Fire
Potential Index modeling [10]. Hence, the proposed values
span conservative (SD = 2), moderate (SD = 6), and extreme
(SD = 12 miles) scenarios. Table I summarizes the resulting
contingency scenarios, showing the number of transmission
lines, transformers, and generators identified as at-risk within
each buffer zone, as well as the network fragmentation (num-
ber of islands created) when these components are removed.

TABLE I
WILDFIRE CONTINGENCY SCENARIOS: AFFECTED COMPONENTS AND

NETWORK FRAGMENTATION

Wildfire SD
(miles)

Off
Lines

Off
Trans.

Off
Gens.

Islands
Created

2 6 0 1 0
Bridge 6 21 1 7 0

12 32 1 10 1
2 11 1 0 1

Fawn 6 47 6 3 1
12 99 9 10 3
2 4 0 0 0

Monument 6 16 3 0 1
12 25 4 1 1
2 46 3 8 0

Eaton 6 178 6 30 0
12 591 18 99 1

This table reveals substantial variation in contingency sever-
ity across fires and safe distances. The Monument fire af-

fects relatively few components even at SD 12 (25 lines,
4 transformers, 1 generator), while the Eaton fire creates
the most severe scenarios, with 591 lines, 18 transformers,
and 99 generators removed at SD 12. Network fragmentation
also varies significantly: some scenarios maintain network
connectivity (no islands created), while others fragment the
grid into multiple disconnected subnetworks—most notably
the Fawn fire at SD 12, which creates 3 additional islands
beyond the main network. We note that, when an AC network
contains islands, the underlying Jacobian matrix drops in rank,
which causes the single-reference bus model to fail [23]. To
avoid this computational challenge, the solver we propose
dynamically assigns a new reference bus for each island. This
modification allows us to include extreme grid and wildfire
characteristics which enables a comprehensive evaluation of
the SC-ACOPF methodology at various levels of grid stress.

IV. NUMERICAL EXPERIMENTS

This section presents the computational results and eco-
nomic analysis of the SC-ACOPF methodology applied to the
twelve wildfire scenarios defined in Section III. We first report
on the solver performance and computational requirements
for solving these large-scale security-constrained optimization
problems. We then evaluate the economic benefits of the
integrated SC-ACOPF formulation by comparing it against a
sequential optimization approach, examining both the physical
grid impacts and the cost savings achieved through simulta-
neous base case and contingency optimization.

A. Solver Performance

Table II presents the computational performance metrics
for all twelve wildfire scenarios. The SC-ACOPF formula-
tion results in a large-scale nonlinear optimization problem
with 255,761 variables and approximately 225,000 constraints
(specific counts vary by scenario due to different numbers
of affected components). The solver was configured with a
convergence tolerance of 10−6 for optimality and constraint
violations, with acceptable solution criteria of 0.01 for dual
infeasibility, 10−6 for constraint violations, and 0.01 for com-
plementarity.

As shown by the color gradient in Table II, solve times
ranged from 59.0 to 140.5 seconds with an average of 102.7
seconds, with all scenarios solving in under three minutes. The
results demonstrate that the methodology achieves real-time
computational performance suitable for operational decision-
making as wildfire conditions evolve. We note that the com-
putational requirements did not scale strictly with the number
of affected components or network islands created—the most
severe scenario (Eaton SD 12: 591 lines, 18 transformers, 99
generators, 1 island) required 132.0 seconds while the small-
est scenario (Monument SD 2: 4 lines, 0 islands) required
140.5 seconds. Similarly, the Fawn SD 12 scenario with 3
islands was solved in just 83.6 seconds. These results sug-
gest that problem structure and network topology influence
computational complexity beyond simple component counts
or network fragmentation. Iteration counts ranged from 73 to



TABLE II
REAL-TIME SOLVER PERFORMANCE FOR WILDFIRE SC-ACOPF

SCENARIOS (ALL SCENARIOS SOLVE IN UNDER 3 MINUTES).

Wildfire SD
(miles) Iterations Solve

Time (s)

Bridge
2 157 111.5
6 168 126.0

12 159 113.2

Fawn
2 145 105.6
6 103 80.7

12 104 83.6

Monument
2 184 140.5
6 156 121.7

12 103 86.0

Eaton
2 87 72.4
6 73 59.0

12 154 132.0

184, demonstrating that ExaJuGO efficiently handles the large-
scale nonconvex optimization problems arising from wildfire
contingencies.

B. Operational Performance

We now evaluate the economic value of the SC-ACOPF
formulation by comparing it against a sequential optimization
approach. The key question is whether simultaneously opti-
mizing base case operations and wildfire contingencies pro-
vides measurable benefits compared to solving these problems
independently.

In the sequential approach, the base case problem min-
imizes (1) subject to (3a), determining generation dispatch
without considering contingencies. Subsequently, each con-
tingency subproblem minimizes (2) subject to (3b) and (3c),
given the fixed base case decisions. The total cost from this
sequential approach—which we call the “realized cost”—is
the sum of these independently solved problems. In contrast,
our SC-ACOPF approach optimizes the base case and all
contingencies simultaneously through the formulation (3)–
(3c), achieving lower total costs through coordination. The
economic benefit of our approach is measured by:

Benefit =
Realized Cost−SC-ACOPF Objective

Realized Cost
× 100%,

where positive values indicate cost savings from simultaneous
optimization.

1) Physical Grid Impacts: Figure 3 illustrates the cascading
effects of the Monument wildfire with a 12-mile safe distance
on California’s power grid. This visualization reveals that the
grid’s response extends far beyond the fire perimeter—power
flows redistribute across the entire California network. Lines
colored in yellow and red indicate increased loading as the
system reroutes electricity around compromised infrastructure
within the threat zone, while blue regions show decreased
flows due to lost generation or transmission capacity. This
statewide redistribution demonstrates how localized wildfire

Fig. 3. Statewide power flow changes (as percentage of line capacity) for
Monument wildfire with 12-mile safe distance showing redistribution patterns
across California’s transmission network.

events trigger system-wide operational adjustments, underscor-
ing the interconnected nature of transmission networks and the
need for comprehensive contingency planning.

2) Economic Performance: Table III compares the SC-
ACOPF objective values against realized costs for all twelve
test scenarios. The results reveal that the integrated SC-

TABLE III
ECONOMIC COMPARISON OF INTEGRATED SC-ACOPF VERSUS

SEQUENTIAL OPTIMIZATION.

Wildfire SD
(miles)

SC-ACOPF
Objective ($)

Realized
Cost ($)

Benefit
(%)

Bridge
2 878K 881K 0.28%
6 1,278K 1,286K 0.66%
12 1,371K 1,400K 2.14%

Fawn
2 794K 797K 0.30%
6 839K 841K 0.29%
12 995K 1,136K 14.19%

Monument
2 793K 796K 0.32%
6 873K 876K 0.33%
12 962K 965K 0.31%

Eaton
2 1,977K 1,980K 0.15%
6 14,516K 14,518K 0.02%
12 113,256K 113,493K 0.21%

ACOPF approach achieves lower costs than sequential op-
timization across all twelve scenarios, with benefits ranging
from 0.02% to 14.19%. Several additional specific conclusions
can be drawn from this table. First, larger safe distances gener-
ally yield greater economic benefits, particularly for the Bridge
and Fawn fires where savings increase substantially from SD
2 to SD 12. This suggests that coordination becomes more
valuable when more infrastructure must be simultaneously



removed from service—consistent with the component counts
shown in Table I. Second, fire-specific factors significantly in-
fluence optimization benefits: the Fawn fire at SD 12 achieves
the largest improvement (14.19%), while the Monument fire
shows consistent but modest benefits (≈ 0.3%) regardless of
safe distance. Third, the Eaton fire presents an interesting case
where despite affecting substantially more infrastructure (591
lines, 18 transformers, and 99 generators at SD 12), relative
benefits remain modest (0.02-0.21%), likely due to the fire’s
location in a highly constrained urban region with limited
operational flexibility.

Finally, we note that even small percentage improvements
translate to meaningful absolute savings—for example, the
0.02% benefit for Eaton SD 6 represents approximately $2,900
in operational cost reduction. These results confirm that inte-
grated optimization provides tangible economic value across
diverse wildfire scenarios, with particularly significant benefits
when contingencies affect large portions of the transmission
network. The methodology’s effectiveness varies by fire lo-
cation and grid topology, but consistently demonstrates the
advantage of simultaneous base case and contingency opti-
mization over sequential approaches.

V. CONCLUSION

This work develops a systematic methodology for wildfire-
aware security-constrained AC optimal power flow that cap-
tures the spatially correlated, simultaneous outages characteris-
tic of wildfire events. By integrating historical wildfire perime-
ter data with transmission network topology through config-
urable safe distance parameters, the approach automatically
generates realistic N −k contingency scenarios—a significant
departure from traditional N − 1 or N − 2 contingencies that
assumes independent component failures.

The methodology achieves real-time computational perfor-
mance across twelve test scenarios, with solve times ranging
from 59 to 141 seconds for problems containing 255,761
variables and approximately 225,000 constraints. Notably,
computational requirements did not correlate with problem
severity, as scenarios with hundreds of affected components
were solved in comparable times to minimal-impact scenarios,
indicating that network topology dominates computational
complexity over component counts. Economic analysis across
four California wildfires revealed consistent benefits ranging
from 0.02% to 14.19% compared to sequential optimization,
with the most severe scenario achieving $141K in savings. The
methodology’s transferability to other weather-driven threats
provides power system operators with practical tools for
climate-resilient grid operations.
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