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Probabilistic Resilience-Oriented Assessment

Approach for Transmission Networks under
Wildfires

Soroush Vahedi, Student Member, IEEE, Junbo Zhao, Senior Member, IEEE, Brian J. Pierre Senior
Member, IEEE, Bin Wang, Member, IEEE

Abstract—The rising threat of wildfires poses significant chal-
lenges to power transmission networks, particularly in areas
prone to such disasters. Traditional approaches for wildfire
risk assessment neglect some potential wildfire scenarios. This
paper introduces a probabilistic resilience-oriented assessment
approach for power transmission networks to address this gap.
Initially, a probabilistic wildfire model is developed to capture
uncertainties in ignition, intensity, and fire spread. Next, a
spatiotemporal fragility model is constructed to assess the impact
of wildfires on transmission corridors, incorporating Thermal
Aging (TA) and Dynamic Thermal Rate (DTR) change. Finally, a
comprehensive resilience metric is defined to evaluate system per-
formance, leveraging the fragility model to determine component
and system-level resilience. The approach employs a combinato-
rial enumeration method to generate potential wildfire scenar-
ios, enhanced by an impact-increment-based state enumeration
(IISE) method for computational efficiency. The proposed method
provides critical insights for identifying system vulnerabilities
and developing robust strategies to protect transmission networks
from wildfires. The efficacy of this approach is validated through
extensive scenarios of the RTS-GMLC system across Southern
California, Nevada and Arizona.

Index Terms—Probabilistic resilience assessment, spatiotem-
poral fragility modeling, wildfire probabilistic modeling, thermal
aging, dynamic thermal rating.

I. INTRODUCTION

Limate change has significantly intensified severe
C weather events, presenting a substantial threat to power
systems across the United States. In 2023, the impact of
extreme weather, including wildfires and heatwaves, resulted
in 28 billion-dollar disasters and numerous fatalities [1]. These
challenges are exacerbated by increasing exposure, heightened
vulnerability, and the worsening effects of climate change [2].
Among these, the projected rise in wildfire frequency and
severity, driven by warmer and drier conditions, poses a unique
risk to power systems [3]. Long-distance transmission corri-
dors, including lines and towers, are particularly susceptible
to such environmental extremes, yet wildfire impacts are often
overlooked in power transmission system planning, revealing
a critical gap in addressing climate-related threats.

Recent studies have increasingly focused on enhancing
power system resilience and developing mitigation strategies in
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response to natural disasters like wildfires [3]-[12]. The inter-
action between wildfires and electric infrastructure is distinct,
involving a two-way relationship different from other disasters,
such as hurricanes [4]. While many efforts have concentrated
on Wildfire Risk Reduction (WRR) strategies—such as veg-
etation management, asset inspections, situational awareness,
forecasting, and Public Safety Power Shutoffs (PSPS)—they
primarily aim to mitigate the risk of wildfires ignited by
power lines [3]-[13]. Although wildfires are often triggered
by natural events like lightning, spontaneous combustion, or
volcanic eruptions, as well as routine human activities [14],
limited attention has been given to the direct impact on power
systems, frequently overlooking potential wildfire damage and
the importance of proactive system preparation.

Transmission networks are particularly vulnerable to wild-
fires, especially as transmission lines are frequently located
near fire-prone wildland areas. Wildfires can damage trans-
mission towers and poles, leading to line failures. Among
power grid components, transmission lines are especially
prone to damage [15]. When wildfires occur, factors such
as physical infrastructure damage, breakdown voltage due to
smoke and soot, thermal aging faults causing conductor sag
and strength loss, and line tripping due to changes in dynamic
line rating contribute to increased failure rates and probabilities
in transmission components [15], [16]. Such failures often
lead to significant load shedding, emphasizing the need to
model wildfire impacts to assess the ongoing effects on power
systems. Various studies have developed wildfire behavior
models, which can be categorized into theoretical, empirical,
and semi-empirical types [13]. For instance, the model in [17]
calculates fire spread and flame length, prioritizing radiation
as the primary heat transfer mechanism. Other studies, such
as [18] and [19], analyze surface fire spread using first-order
partial differential equations. Despite these efforts, existing
models struggle to account for the probabilistic nature of
wildfires, making it challenging to predict long-term wildfire
events and implement preventive measures during the planning
period.

Incorporating wildfire impacts into system resilience assess-
ments involves understanding how specific wildfire charac-
teristics—such as ignition probability, intensity, spread rate,
temperature, spatiotemporal profile, and severity—influence
the likelihood of failure in power system components. A
comprehensive model combining wildfire heat transfer and
Dynamic Thermal Rating (DTR) of power lines was intro-



duced in [13], [20], [21] to assess the temperature effects of
wildfires on overhead lines. Additionally, [22] integrated spa-
tiotemporal wildfire behavior into an optimization framework
for improved network management during wildfires. However,
these models still do not evaluate the probability of power
system component failure during wildfires. To address this gap,
[15] applied the dynamic heat balance equation and Weibull
distribution to assess the impact of wildfires on power line
aging. Other studies, such as [23], developed line outage mod-
els based on air gap voltage breakdown, considering wildfire
predictions to estimate line failure probabilities. Recently, a
combined line outage probability model was developed in [16],
incorporating dynamic heat balance-based aging failure, volt-
age breakdown, and line tripping. Nevertheless, these models
assume an infinite flame width parallel to the transmission line,
which is impractical given that transmission systems typically
cover large areas. Therefore, it is crucial to develop a model
that reflects the temporal and spatial failure probabilities of
different transmission corridors as wildfires spread.

Existing resilience indices primarily provide a system-
wide perspective [24]-[27], lacking the ability to pinpoint
specific vulnerabilities, such as transmission corridors. Ana-
lyzing wildfire impacts on individual transmission corridors
is essential for identifying system weaknesses and optimizing
resilience strategies [28], [29]. This paper aims to develop a
probabilistic resilience-oriented assessment approach to eval-
uate power system resilience against wildfires and identify
its weak points. By analyzing potential wildfire impacts on
each transmission corridor, the resilience of the power system
can be comprehensively assessed, and vulnerabilities can be
accurately identified. The proposed framework consists of
three key components:

o A probabilistic wildfire model, developed using key
wildfire parameters and their probability distributions, to
emulate various potential wildfire scenarios.

o A spatiotemporal fragility model for transmission systems
to quantify the cumulative effects of wildfire duration on
transmission corridor failure probabilities.

o Resilience indices designed to evaluate both overall
system and component resilience, enabling planners to
identify weak points in transmission systems.

II. OVERVIEW OF THE PROPOSED FRAMEWORK

The proposed framework, shown in Fig. 1, is structured into
three stages. In Stage 1, a spatio-temporal wildfire analysis is
conducted using the solid flame model [13]. By estimating
probability distributions for key parameters—such as wind
speed, direction, ambient temperature, and wildfire ignition
probability—based on historical data and spatial datasets [30],
multiple potential wildfire scenarios and their probabilities are
generated using combinatorial enumeration [31].

Stage 2 assesses the spatio-temporal fragility of transmis-
sion corridors for each scenario, focusing on line aging and
line tripping as the wildfire progresses. Transmission corridors,
consisting of multiple lines and towers, are particularly sus-
ceptible to wildfire damage [15]. A long corridor is modeled
as connected line segments, with overall failure probability
treated as a series system.

Step 1: Probabilistic Wildfire Model

Probability distributions for key parameters
relevant to the fire model are obtained

Wildfire Model: Solid
Flame model

Dynamic Wildfire
Propagation Model for each
scenario is developed

Historical Weather
Data

Spatial Datasets of
Landscape: Wildfire
risk components and

Land Cover ‘

‘ Combinatorial Enumeration Method ‘

Potential key parameters for Wildfire
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E

Step 2: Spatial-Temporal Fragility Model

Power

System ¥
Topology

Line Fragility Model
Corridor Fragility Model

The Failure
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Thermal Aging Evaluation for line segment at each time

Line Tripping Evaluation for line segment at each time

Step 3: Resilience Assessment Model

Impact-Increment- System resilience indices
based State
Enumeration (11SE) Component resilience indices

—

Contingency Analysis:
Optimal Power Flow

v
v

Do for all scenarios separately

Fig. 1. The proposed resilience assessment framework

Wildfires can significantly raise transmission line temper-
atures, leading to conductor annealing and reduced tensile
strength, which is evaluated through Line Aging [15], [16].
Additionally, high temperatures lower the thermal rating of
lines, increasing failure risk [15], [16], [20]-[22]. Line trip-
ping is modeled by considering the Dynamic Thermal Rating
(DTR) of lines, using nonsteady-state heat balance equations
[13].

Stage 3 develops a resilience assessment model to quantify
system and component resilience. The system model estimates
expected load shedding from wildfire disruptions, while the
component model identifies vulnerable transmission corridors.
Contingency analysis and optimal power flow are used to eval-
uate load shedding [32]. To balance efficiency and accuracy,
the Impact-Increment-based State Enumeration (IISE) method
[33] is applied in the resilience assessment.

III. WILDFIRE MODELS AND CONDUCTOR IMPACTS

This study utilizes the solid flame model as outlined in
[13] and [34]. In this model, the visible flame is treated as
a geometric shape that emits heat flux uniformly across its
surface. The heat transfer is primarily radiative ($"), which
dominates over convective heat transfer (®¢). Neglecting the
interaction between radiation and convection, the total heat
flux (®*1) received by the target is defined as [13], [35]:

OV = @ + ° (1)

Fig. 2 depicts the flame geometry, where a planar surface
has flame length L, width W, tilt angle ~, and spread rate V7,
moving towards the [-th line segment of the m-th transmission
corridor at a height h,,, above the ground. The radiative heat
flux reaching the target at time ¢ can be calculated as:

inf inf
wi £4 va(Tw,m,l,ta /Bw,m,l,t)
. Te¥oT P Sup up , L >hm
Qw,m,l,t: + Uf(rw,m,l,t’ﬁw,m,l,t)
£ inf inf
Te ol va(rw,m,l,m w,m,l,t)7 L < hm
@)

where F,; is the view factor as detailed in [34]. The pa-
rameters 7, ', and o represent the atmospheric transmissivity,
flame emissivity, and Stefan—Boltzmann constant, respectively.
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Fig. 2. Schematic diagram of fire geometry and heat dynamics in a power
line conductor (sketched based on [13], [22]).

T* denotes the flame temperature. The view angles junﬁn Lt
and 3P ., along with the view distances r™f , =~ and
sup IAALSRd] . PLLLELE)
T om, it A€ defined as follows:
i h
inf _ —1 m,l
w,m,lt — tan inf (3)
Tw,m,l,t
ﬁsup =t n—l L cos (7) B hm,l (4)
wym,lt a sup _ I sin( )
w,m,l,t Y
inf _ 5
rw,m,l,t = Tw,m,lt ( )
sup o
Tw,m,l,t = Tw,m,lt — hm,l tan (PY) (6)

The distance r,, ,,, 1+ between the wildfire center, defined by
coordinates yjj,ft and xzj,ft, and the affected line segment [ of the
mth transmission line, denoted by y;, ; and z;, ;, is computed

using the Haversine formula (in meter):

Fomie = 1000 X Rg X 2 X atan2 ( famits /1 — aw,m,l,t) %

= A
@ tm,1 = Si0° (2y> +COS(y:JV,ft)COS(ern,l)SiD2 (;) (8)

Here, Rg is the Earth’s radius (6371 km), and Ay1 and

Ax? represent the differences in latitudes and longitudes,

respectively. The wildfire spread rate V! is influenced by

wind speed V"4, fuel bulk density p°, and a constant k (set

to 0.07 kg/m3 for wildfires) [13]: :

k- (1+ Vyind

% )

Pu
Given the spread rate, the coordinates of the wildfire center

at time ¢t 4+ 1 can be updated as follows:

yb‘fjftH = gin~* (sin(yf),t) - cos (A)
+ cos(yXft) -sin (A) - cos(ﬁuvfi“d))

V=

(10)

lAy = (yin,l - vav,ft) X 130
zAx:(xfnlf:vw’f) X

wi wi
Lwt+1 = Lw it
[ sin(6¥™) - sin (A) - cos(y3h) (11)
+ tan : wi : wi ,
cos (A) — Sm(yw,t) : Sm(yw,tJrl)

_ V<36 180
=

A (in degree) (12)
Here, 0" represents the wind direction relative to the north.
Thus, the primary factors influencing wildfire behavior include
wind speed V¥, wind direction 6%, fuel bulk density pP°,
and the coordinates of the ignition point (yZ‘,’fO, xﬁfo).

The convective heat transfer flux at a height of h,, above
the fire is determined by the following equation [13], [35],

based on the assumption that the fire is beneath the object:

(300L2)**
© iy = 22he [ L

w,m,L, (13)

ha?
where h. denotes convection heat transfer coefficient (W/ m?).
Thus, the total heat flux received by the target is:

r
q)wf cbw,m,l,t’ L> hm
w,m,lt=

: (14)
(bw,m,l,t + (bacu,m,l,ﬁ L < hm

A. Wildfire Impact Model on Power Conductor

This section examines the effects of wildfires on power
transmission lines, particularly focusing on thermal aging (loss
of tensile strength due to high temperatures) and line tripping
(changes in dynamic thermal rating). A unified model is
proposed, integrating wildfire behavior with conductor tem-
perature changes and the consequent decrease in line rating.
Since wildfire progression cannot be directly expressed as
a continuous time function, the total wildfire duration T is
divided into shorter periods. The temperature change in a
conductor during the ¢-th interval AT, ,,, ;+ is determined by
the heat sources (warming the conductor ®°°""°°) and sinks
(cooling the conductor ®sinky [13], [15], [20], as per the
thermal balance model K‘tIEEE Std 738 [36]:

ATw,m,l,t _ ( source __ (I)sink )

w,m,l,t w,m,l,t

= . 15
MC, (15)
Here, At is the time interval, M the mass per unit length
(kg/m), and C), the heat capacity (J/kg °C). Heat sources
include radiative heat from the fire Q"F, solar radiation ",
and ohmic losses Q'"® (referring to Fig. 2):

e = Dma @ (16)
Q?VILIH — DmaSUH@Sul’l (17)
e o= R(TE) L, (18)

D, denotes the outer diameter (m) of the [-th conductor
in the m-th line. 5" is the solar radiation (W/m?) while the
solar absorptivity represented by o™ ranges between 0.27 and
0.95 depending on the type of conductors (If no information
is available, it can be set to 0.5 [22]). Conductor current is
denoted by I,, in Ampere. Temperature variations result in
changes to the conductor’s resistance, as described in [37]:

R(THER) = REO™ - (1 + (o - (THRC — T2mP)) (19)



Where R}°™ represents the conductor resistance at the
standard ambient temperature T2mb (20°C), and Gm,1 1s the
temperature coefficient of conductor resistance at 7%™P.

The heat sinks, &2k include the convective heat loss rate,
Q°M, for non-zero wind speeds (W/m), and the radiative heat
loss rate, Q™! (W/m) [13].

chl _
w,m,l,t —

Kﬂﬂn[LOl+—L35(AGﬁmLJ052}k““(]ﬂﬂi—-?ﬁmb),
K$ ,,0.754 (N5

0.6 ; air line amb
) K (Tt = T™)
0.5 10.75 (rpline amb 1-25

3.67p0° D" (Thy, — Ta™)

max

(20)
. 4
T +273\ 0 (TE 4273\
100 100

Where k*" denotes the thermal conductivity of air (W /mK),
eline jg the conductor emissivity (dimensionless), pO-° is the
air density (kg/ m?3), ﬂimb is the actual air temperature (°C),

NRe is the Reynolds number, and K 9 is the wind direction
factor, calculated as follows:

Qi = 178Dy

Dm avwind
NS = e 22)
K9 = 1.194 — cos (o*¢
w,m ((pw,m,ht) (23)

+0.194 cos (ZLPvafmJ,t) + 0.368 sin (2(,03’?7"71775)

Where p, represents the air density (kg/m®), u® is the dynamic
viscosity of air (Pa—s), and ¢©™° denotes the angle between the
wind direction and the conductor axis (degrees).

Thermal Aging: Elevated temperatures lead to conductor
annealing, which diminishes tensile strength. When the cu-
mulative loss of tensile strength exceeds a critical limit, the
transmission line fails. Wildfires exacerbate this aging process
by raising the conductor temperature (see (15)). Morgan [38]
proposed a life equation (AL (AT')) for transmission lines
based on experimental data, which is adapted here to account
for the temperature change during the ¢-th time interval as
follows:

life
AL (AT, i) = exp ((I)(ATW"”)) (24)

i
i 1
q)hfe (ATw,m,l,t) = Inln (VV“““X _ Hg
1- ( Wa ) (25)

— K;Lf (TJ}};Z + ATw,m,l,t) — I{lcf In (ZB)

The AL (AT) implies the proportional time with respect to
the operational period that a conductor can withstand the new
temperature (2% + AT, 1n1.¢). The initial maximum tensile
strength of the ACSR conductor is denoted by W™#*  while
W? refers to the tensile strength loss due to annealing. The
material properties of the conductor are defined by xlf, /{E,
k¥, k!, and k!f. The updated conductor temperature at time ¢
is denoted as T""°,

Line Tripping: During a wildfire, line tripping can occur
primarily due to the elevated conductor temperatures resulting
from the fire’s heat [16]. This heat reduces the rated current, or

the maximum allowable current, that the conductor can safely

carry. Tripping happens when the rated current drops below
the line current. To accurately evaluate the impact of wildfires
on the thermal rating of an overhead transmission line, it is
essential to factor in the heat transferred from the fire into the
line’s Dynamic Thermal Rating (DTR) [13]. Consequently, Eq.
(26) accounts for both radiative and convective heat transfers
from the fire:

1i f S hl hl
R(T0) I + QU + Qo = Q1 + Q0

,m
(26)
Pt DU e
The rated current is then calculated as:
chl rhl _ wf __ ()sun

Jrated me@,l,t + w,m w,m,l,t Qm (27)
wym,lit — R (Tlinc)
w,m

IV. SPATIO-TEMPORAL FRAGILITY MODEL

The aim is to quantitatively assess the resilience of a
transmission system during wildfires by examining the rela-
tionship between wildfire characteristics and the likelihood
of failure for each transmission corridor, considering both
temporal and spatial factors. To achieve this, a spatio-temporal
fragility model is developed, accounting for the movement of
wildfires across the transmission system. This model enables
the calculation of the cumulative probability of failure over
the wildfire duration 7', considering both line aging and line
tripping.

Thermal Aging: It is assumed that the line segment
between two adjacent towers experiences uniform wildfire
impacts. The failure rate AT of the I-th line segment in the
m-th transmission corridor at the ¢-th time interval, due to
Thermal Aging, is expressed as follows:

07 ~i/i,rzﬂcl,l,t € [07 TTKrIL]aX}

TA
)\w,m,l (t) - At 7 mline max
orxar(aromnyy ) o Temae € [Tn™, o]

(28)

In this context, OP denotes the operational period, typically
representing a specific timeframe during which operations,
tasks, or activities are conducted. For this analysis, the opera-
tional period is assumed to span 8760 hours per year over 30
years (262,800 hours). The shape parameter (3 is set to 5 [15],
and the maximum allowable conductor temperature 72%% is
established at 75°C in this model [36]. The equation AL (AT)
implies the proportional time relative to the operational period
that a conductor can withstand at the temperature 7,,.

As discussed earlier, the total wildfire duration 7" is divided
into several shorter intervals. The wildfire heat transfer to the
lines and their failure rates during these intervals are treated
as constants. The cumulative failure probability (CFP) of the
[-th line in the m-th transmission corridor over the duration
T is calculated as:

N*P—1
zﬁ%J=1—wp{—

> Agﬁ%lU)At} (29)

=0

where N°P is the total number of shorter intervals.



Line Tripping: The failure rate A" of the /-th line segment

in the m-th transmission corridor at the ¢-th time interval due to
Line Tripping is given by:

LT

Ao mi(t) = exp [041 — g X (30)

I

I,
Empirically, a; and a9 are set to 8 and 15, respectively.

The CFP of the [-th line segment in the m-th transmission

corridor over the wildfire duration 7" is expressed as:

N®P—1

> Aﬁ?m,l(t)m} (31)

pgfm’l =1—exp {—
i=0

A. Aggregated Line Failure Probability

Since the transmission line segments are connected in series,
the failure of a single line segment due to either line aging
or tripping can lead to the tripping of the entire transmission
corridor. These failures are considered independent of each
other. The equivalent failure probability of the m-th transmis-
sion corridor is the aggregated failure probability of all line
segments due to line aging or tripping, calculated as:

line
N‘m

Pw,m = 1- H (1 - pzﬁn,l) (1 - pg,rm,l)
1

(32)

where N!i"¢ represents the total number of line segments in
the m-th transmission corridor.

V. RESILIENCE ASSESSMENT MODEL

This section presents a resilience assessment model de-
signed to quantify system resilience and identify vulnerable
transmission corridors. By evaluating spatiotemporal cumula-
tive failure probabilities, planners can pinpoint the transmis-
sion corridors most susceptible to wildfire impacts.

A. System Resilience Assessment

In wildfire-prone regions such as the southwestern United
States [39], planners must account for a range of potential
wildfire scenarios. These scenarios vary in location, path, and
intensity, resulting in different failure scenarios and levels of
load shedding. The system resilience index, R*®, is defined
as the expected load shedding resulting from various potential
wildfires during the planning period and is calculated as:

wa
RYs =" PYE[L,)

w=1

(33)

where P! represents the probability of wildfire w, N*! is the
total number of potential wildfire scenarios, and E[L,] is the
expected load shedding caused by wildfire w.

B. Component Resilience Assessment

While enhancing system resilience against wildfires is es-
sential, it is also costly. Strengthening all transmission corri-
dors is impractical, so it is crucial to identify the most vulner-
able ones. The component resilience index, R:™, identifies
these critical corridors by evaluating their potential impact on
system resilience:

Rcrr(z)” — RSYS _ VS (34)

Pw,m=0

where R®®| *_ represents the system resilience assuming
that the m-th transmission corridor does not fail under any
wildfire scenario. This index reflects the significance of a com-
ponent’s failure to overall system resilience. A higher R°*"
value indicates a more critical component, guiding targeted
enhancement measures to reduce the system’s vulnerability to

wildfires.

VI. ALGORITHM IMPLEMENTATION

This section outlines the framework used to evaluate trans-
mission system resilience against wildfires, as depicted in
Fig. 1. The framework integrates two key methodologies: the
Combinatorial Enumeration Method and the IISE Method,
providing a comprehensive and efficient approach to resilience
analysis.

A. Combinatorial Enumeration Method

The Combinatorial Enumeration Method generates various
wildfire scenarios using probabilistic parameters such as wind
speed, wind direction, ambient temperature, and initial ignition
point coordinates. These parameters follow specific probability
distributions: Rayleigh for wind speed, Mises for wind direc-
tion [13], and normal for ambient temperature. The probability
distribution of ignition point coordinates is determined based
on regional wildfire risk data [40].

The parameters are discretized into segments, and wildfire
scenarios are generated by enumerating combinations within
each segment [28]. For example, the probability of wind speed
Vwind in segment cy is calculated as:

wind
P <Vwind> — ‘/Vw ten/2 f (vwind) deind
« Vu‘jvind,CH/Q

(35)

where P() denotes the probability, and ¢ represents the
segment length.

Similar probabilistic calculations are applied to wind di-
rection #¥"4 ambient temperature 72™P, and initial wildfire
ignition coordinates (:EXfO, y¥)). The overall occurrence prob-
ability of wildfire w in a speéiﬁc area is computed as:

Py =P (V) P(0) P (alloylh) P (T5™)  G6)

These parameters are then input into the wildfire model
to compute heat sources ®5°°® and sinks ®*"¥ using the
thermal balance model (Eq. 15) across the affected region. The
Cumulative Failure Probability (CFP) for each transmission
corridor during a wildfire event is derived from the spatiotem-
poral fragility model.

B. Incorporating Environmental Characteristics

Environmental data layers, such as Annual Probability of
Wildfire Ignition, Flame Length, and Canopy Bulk Density,
are collected and integrated to assess their intersection with
power lines. The region of interest is divided into equal cells
with a specified resolution (here, that is 2 km), as shown in
Fig. 3. These non-utility data layers are scaled and aggregated
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Fig. 3. Integration layers of environmental characteristics with the power grid
and landscape.

to match the rasterized map of the region, with each cell
represented by its central point.

A buffer zone is defined to identify cells that could po-
tentially affect transmission lines if a wildfire ignites within
them, excluding cells outside this zone from the analysis. This
ensures that only relevant areas are considered when evaluating
the impact of wildfires on power transmission networks, as
illustrated in the accompanying figure.

C. IISE Method

To optimize computational efficiency and accuracy in re-
silience assessment, the IISE Method [28] is employed. This
method evaluates system resilience indices by iterating through
failure scenarios and considering the impact of transmission
corridor failures under wildfire conditions:

NvE J

RS — Z vadvf Z
w=1

J=lscqs

H Pw,m A-Tw,s-

mes

(37

Here, Q{A represents the j-th order subset A, s denotes
a failure scenario involving a set of transmission corridor
failures, J is the default order of enumerated failure scenarios,
Dw,m 18 the corridor failure probability under wildfire w
(obtained using the proposed spatiotemporal fragility model),
and AI, ¢ denotes the impact increment due to load shedding
in scenario s under wildfire w, as per the methodology in
[33]. The impact of transmission corridor cuts is determined
through contingency analysis proposed in [32], which involves
calculating line flows and bus voltages following one or more
component failures and identifying any overloading, voltage
violation, isolated bus, or split island. AC power flow is
employed in this work.

Similarly, component resilience indices (Eq. 38) are cal-
culated to assess the resilience of individual transmission
corridors:

Nt J
Rfr?rr: P:)v pw,m H pw,m AIw,sm )
w=1 j=1 smeﬂf mesm
MESm

(38)
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Fig. 4. (a) The network layout of the RTS-GMLC attached on the geographic
map of three regions (southern California, Nevada, and Arizona) with steady-
state Power Flow through each corridor/power line demonstration (generated
using ArcGIS Pro [43]), (b) The schematic diagram for RTS-GMLC.

The results from this assessment inform targeted resilience
enhancement measures, such as adding redundant transmission
routes or reinforcing vulnerable corridors with more robust
materials.

VII. NUMERICAL RESULTS

To validate the proposed framework, the RTS-GMLC sys-
tem [41], an updated version of the RTS-96 system [42], was
used. It has 73 buses across Southern California, Nevada, and
Arizona, covering approximately 402 x 402 km, see Fig. 4a.
This figure also provides details on load demand per bus,
power flow across the branches, and the system’s schematic
diagrams. The RTS-GMLC includes 120 branches, with circuit
lengths of 1128 km for 138 kV and 2125 km for 230 kV, as
well as 16 transformers with a total rating capacity of 6400
MVA. The system’s total load capacity is 2850 MW. Further
details can be found in [41].

In this analysis, only transmission line damage is consid-
ered, with transformers assigned a risk value of zero. Trans-
mission towers are assumed to be spaced every 50 meters,
effectively dividing the lines into 50-meter segments. The cell
resolution is set at 2 km. According to [44], the locations of all
line segments and towers can be estimated. Historical weather
data, including wind speed, direction, and ambient tempera-
ture, are sourced from the National Centers for Environmental
Information [45]. Additional data on weather, conductors, and
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Fig. 5. (a) Wind speed distribution fitted to the Rayleigh distribution, (b) Wind
direction represented with a Von Mises distribution fit (c) Ambient temperature
distribution fitted to a Normal distribution, (d) Spatial distribution of wildfire
ignition probability across the study area

wildfire front properties are provided in [13], [15], [36], [37],
with conductors assumed to be aluminum conductor steel
reinforced (ACSR) [13]. Flame length (in meters) and canopy
bulk density (in kg/m3) are obtained from the LANDFIRE
Project [46], while the annual wildfire likelihood for the region
is derived from [40].

Using historical weather data, the probability density func-
tions (PDFs) for key parameters are generated, as shown in
Fig. 5. These PDFs, which include wind speed, direction,
and ambient temperature, are verified against synthetically
generated data. The red line in Fig. 5 represents the fitted
distribution based on actual historical data, which closely
aligns with the assumed distribution.

The probability of wildfire ignition does not adhere to a
specific distribution. Instead, wildfire likelihood is mapped to
cells, with probabilities scaled to a range between 0 and 1
to define bands for ignition probability. These bands classify
cells, which are then used in the Combinatorial Enumeration
Method. By dividing the PDF of each key parameter into ten
equal portions and defining ten equal bands for ignition prob-
ability, approximately 8000 wildfire scenarios, each with its
associated probability, are generated. Each unique combination
of key parameters results in a distinct wildfire scenario.

The simulation is conducted over a 72-hour period, with a
time step of 30 minutes. It is assumed that affected lines will
remain out of service for the entire duration. The numerical
analysis is performed using MATLAB R2021a on a standard
PC equipped with a 2nd Gen Intel Core i9-12900KF 3.19 GHz
processor and 128 GB RAM.

A. Spatial-Temporal Impact of Wildfire on Transmission Cor-
ridor

This subsection illustrates the importance of spatial-
temporal wildfire characteristics and their effects on transmis-
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Fig. 6. Analysis of the spatio-temporal fragility model in a specific wildfire
scenario. (a) Line temperature distribution; (b) Dynamic thermal rating of
conductors; (c) Distances to fire sources; (d) Cumulative failure probability
(CFP) due to thermal aging; (e) CFP for line tripping; (f) Aggregated CFP.
Corridor-46 (bus 202 to 206), Corridor-53 (bus 208 to 209), and Corridor-54
(bus 208 to 210).

sion line fragility. We begin by assessing resilience under a
single wildfire scenario, where a wildfire ignites at coordinates
35.8335° N, -113.8726° E. This location is approximately 400
meters from branch 54 and 1500 meters from branch 53-54.
The initial flame length and bulk density are chosen based on
the specific cell where the wildfire occurs, and the wildfire
spreads in a south-to-north direction with an average wind
speed of 5 m/s.

Fig. 6(a)—(c) show how the line segment most affected by
the wildfire is impacted as it approaches. These figures present
the conductor failure probability (CFP) for the corridors in
Fig. 6(d)—(f). As the wildfire moves through the system,
the temperatures of the corridors fluctuate. In Corridor-54,
for example, the conductor temperature steadily increases,
peaking at approximately 400 °C as the wildfire center nears,
resulting in a 98% reduction in conductor capacity. As the
wildfire moves farther away, the distance increases, allowing
the conductor’s ampacity to recover.

Fig. 6(d)—(f) illustrate the cumulative failure probabilities
(CFP) for the affected corridors over time. As the wildfire
approaches Corridor-54, the rising temperatures cause cumu-
lative tensile strength loss to reach a critical threshold, leading
to transmission line failure when the thermal aging proba-
bility equals 1 (Fig. 6(d)). Simultaneously, the CFP due to
line tripping approaches approximately 0.78. The aggregated
failure probability, which includes both thermal aging and line
tripping effects, is displayed in Fig. 6(f).

B. Traditional Resilience Assessment Under Comprehensive
Wildfire Risk

Traditional resilience assessments often focus on compre-
hensive wildfire risk, which includes several key factors to
varying extents [5]: (i) the probability of ignition, (ii) the
likelihood that an ignition will escalate into a wildfire, (iii)
the size and intensity of the resulting wildfire, and (iv) the
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Fig. 7. Resilience assessment under comprehensive wildfire risk.

potential damage caused. Recent studies have adjusted these
risk factors to consider the threats posed by electric grid
infrastructure, with the goal of reducing ignition risks from
these components [5], [8].

In this study, we define aggregated wildfire risk along
transmission corridors[7]. By integrating geographical data
from annual wildfire likelihood maps with the specific paths
of these corridors, we calculate a cumulative risk metric
normalized by corridor length as follows:

Nline
1 Im 1 N
WR,, = —/ wr(x)de = — E wr; -l (39)
L Jo Lm =

where W R,,, represents the aggregated wildfire risk for corri-
dor m, wr(z) denotes the wildfire risk (ignition probability)
at point x along the corridor, L,, is the total length of corridor
m, Nlne is the number of line segments along the corridor,
wr; is the wildfire risk at the i-th segment, and ; is the length
of the ¢-th segment.

By calculating the cumulative failure probability of the
corridors using the derived equation, we generate a corre-
sponding set of failure scenarios for resilience assessment.
For illustration, we default to an order of three enumerated
failure scenarios. A component-level evaluation is performed
to identify corridors most susceptible to wildfire impacts. The
cumulative failure probability for each corridor, along with
the impact increment of each scenario, enables us to directly
derive the component resilience indices without additional
optimal power flow calculations.

The results, including only the seven most vulnerable cor-
ridors, are presented in Table I and illustrated in Fig. 7.
This figure provides a comprehensive perspective on how the
resilience indices related to the wildfire risk, as visualized
on the raster map. Vulnerable corridors are highlighted based
on their width; wider lines indicate greater fragility. Notably,
Corridor-92 has the highest resilience index, suggesting that
its failure would result in the most severe consequences under
wildfire conditions.

TABLE I
OBTAINED RESILIENCE INDICES UNDER COMPREHENSIVE WILDFIRE RISK.

Resiliency Indices

Ry (Bus 308 to 310)

R (Bus 308 to 309) 7.1957
RS (Bus 208 to 209) 7.0352
RS0 (Bus 312 to 323) 6.8903
)
)
)

Result (MWh/occ.)
9.6711

R (Bus 208 to 210 5.8076
R (Bus 313 to 323 4.8325
R (Bus 312 to 313 3.8806

C. Resilience Assessment Under All Potential Wildfire Scenar-
ios

Resilience indices were calculated across 8,000 potential
wildfire scenarios by iteratively applying the proposed method
to each generated scenario. The overall system resilience index
results are presented in Table II and visualized in Figure 8.
Throughout the process, the proposed component resilience
indices, wildfire occurrence probabilities, cumulative failure
probabilities for each transmission corridor, and impact incre-
ments for each failure scenario were determined.

Table II details the component resilience indices, focusing
on the seven most vulnerable corridors. The data clearly
indicates that Corridor-101 is the most susceptible to wild-
fire events followed by Corridor-90. In particular, Corridor-
101 contributes about half of the system resilience index,
dominating other corridors. The Corridor-190 and Corridor-
153 have similar resilience indices. Fig. 8 visualizes the
risks of different transmission lines from spatial perspectives.
This allows the planners and operators to quickly locate the
geographic locations of the assets for better preparedness and
response. In summary, the ranked resilience indices show the
vulnerabilities of each corridor and provide critical insights
for developing strategies to enhance the system’s resilience
against wildfires.

D. Comparison Results with Traditional Approach

Traditional resilience assessments often do not account for
the full range of potential wildfire scenarios and their spatio-
temporal characteristics. Our proposed method addresses these
limitations by incorporating these variables within a proba-
bilistic and dynamic framework. Traditional approaches may
overlook critical risk factors, leading to an underestimation of
risks and insufficient preparedness for extreme wildfire events.

Fig. 9 compares the component resilience indices for critical
corridors derived from both traditional and proposed methods,
revealing notable discrepancies. For instance, Corridors-91 and
-92, identified as the most vulnerable corridor by traditional
methods, are ranked among the least vulnerable in our ap-
proach. Similar inconsistencies are observed for Corridors-90
and -101. Moreover, while traditional methods indicate that
Corridor-53 is more vulnerable than Corridor-54, our proposed
method shows nearly identical resilience indices for both.

These findings highlight the advantages of our approach,
which captures a broader spectrum of potential risks, thereby
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TABLE II
OBTAINED RESILIENCE INDICES UNDER ALL POTENTIAL WILDFIRE
SCENARIOS.

Resiliency Indices
RS
RSy (Bus 313 to 323)
Rgy" (Bus 307 to 308)
RS (Bus 208 to 209) 0.0355
RY™ (Bus 302 to 306) 0.0273
R (Bus 208 to 210) 0.0233
)
)

Result (MWh)
0.1538
0.0876
0.0361

(
R (Bus 304 to 309 0.0180
Rgy" (Bus 312 to 313 0.0168
10 e e s s s s s o o — 0.1
I Traditional Resilience Assessment
gl I Proposed Resilience Assessment

Indices (MWh/occ.)
(o))
Indices (MWh)

I R0 12 1 P PPUPH PP E PSP AR
Corridors

Fig. 9. Comparison of Traditional vs. Proposed Resilience Assessments.

providing a more robust and comprehensive resilience assess-
ment.

VIII. CONCLUSION

This paper introduces a probabilistic resilience-oriented
assessment approach to evaluate the resilience of power trans-
mission networks against wildfires. Traditional methods often
fail to capture the full range of wildfire scenarios and their
spatio-temporal dynamics. Our approach addresses these gaps
by incorporating these variables into a dynamic probabilistic
framework.

Analyzing 8,000 wildfire scenarios, the proposed method
reveals significant differences in vulnerability rankings of
transmission corridors compared to traditional assessments.
For instance, Corridor-92, previously considered highly vul-
nerable, is shown to be less susceptible, while Corridor-101 is
identified as more critical.

The results highlight the importance of adopting a prob-
abilistic, scenario-based approach for resilience assessments,
especially as wildfire risks increase due to climate change.
This method provides a more comprehensive evaluation, aiding
in the development of strategies to enhance power system
resilience. Future research could expand this approach to other
natural hazards, further strengthening resilience assessments.

The methodology not only offers a more accurate depiction
of transmission network resilience but also serves as a valuable
tool for utility operators, policymakers, and researchers in
mitigating wildfire impacts on critical infrastructure.
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