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Abstract—Electric power infrastructure has ignited several of
the most destructive wildfires in recent history. Preemptive power
shutoffs are an effective tool to mitigate the risk of ignitions
from power lines, but at the same time can cause widespread
power outages. This work proposes a mathematical optimization
problem to help utilities decide where and when to implement
these shutoffs, as well as how to most efficiently restore power
once the wildfire risk is lower. Specifically, our model co-optimizes
the power shutoff (considering both wildfire risk reduction and
power outages) as well as the post-event restoration efforts given
constraints related to inspection and energization of lines, and is
implemented as a rolling horizon optimization problem that is
resolved whenever new forecasts of load and wildfire risk become
available. We demonstrate our method on the IEEE RTS-GMLC
test case using real wildfire risk data and forecasts from US
Geological Survey, and investigate the sensitivity of the results
to the forecast quality, decision horizon and system restoration
budget. The software implementation is available in the open
source software package PowerModels Wildfire.jl.

Index Terms—Wildfire risk mitigation, preemptive power shut-
offs, grid restoration, mixed-integer optimization.

I. INTRODUCTION

Wildfire ignitions caused by electrical equipment are an
increasing concern for power grid operators. In Australia,
electrical infrastructure accounts for 30% of bushfire ignitions
during droughts and heat-waves [1]. The state firefighting
organization in California reports that between 2015-2020,
wildfires ignited by electrical equipment were responsible
for more than 70% of damages ($17.5 billion) despite ac-
counting for only 10% of ignitions [2]. Given these insights,
focus on wildfire-grid interactions has expanded from almost
exclusively considering how the grid is impacted by fires
(discussed in e.g. [3]-[7]) to also consider how to reduce the
risk of wildfire ignitions. Refs. [8]-[11] review approaches to
reduce the risk of ignitions, many of which are already being
implemented or planned by utilities. For example, Pacific
Gas & Electric (PG&E) in California plans to underground
10,000 miles of distribution lines over the course of more
than a decade at a cost of $20 billion [12], along with
other measures such as more frequent vegetation clearing.
Unfortunately, the significant cost and need for qualified crews
and equipment means that these risk reduction approaches take
time to implement.

Meanwhile, power system operators rely on short-term
measures to reduce risk, including changes to the protection
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system settings [3] or Public Safety Power Shutoffs (PSPS),
which de-energize grid equipment during high wildfire risk
events. While highly effective in reducing wildfire risk [13],
PSPS also cause large scale power outages that may last
for days [14] with significant economic and health impacts.
To address the question of how to balance the benefits of
wildfire risk reduction with the impacts of power outages,
[15] proposed a framework to optimally balance wildfire risk
reduction and power outage sizes when deciding which lines to
shut off. Other approaches focus on accelerating the solution
time to enable efficient planning of optimal PSPS on large
networks in real time, including data-driven methods to plan
PSPS by training machine learning models with optimization
problems results [16]-[18], or using a dynamic programming
approach to optimize a PSPS [19]. Studies on how to reduce
the impact of and need for PSPS include [20], which proposes
an optimal investment model for installation of batteries and
under-grounding power lines, and [21], which studies how
microgrids can improve resilience against unplanned outages
due to events like wildfires, and [22], which expands on time-
varying risk and operational factors such as energy storage
for temporal load-shifting. Other related research considers
extensions to distribution grids [23], consideration of fairness
of repeated PSPS events [24], and improved forecasting of
wildfire ignition risk [18], [25].

Although the above methods may help identify locations
where de-energization is needed, they do not consider the post-
event restoration process. Before a line can be re-energized,
it must be inspected by utility crews to ensure that no
damage that could cause ignitions has occurred. Thus, while
de-energization of a line can happen instantaneously, the
restoration process can take hours or days [26]. To balance
power outages and ignition risk, we therefore need to consider
the size and duration of power outages both during the initial
shut-down and throughout the restoration process.

In this paper, we aim to address this gap. Our first and
main contribution is to develop the multi-period optimal power
shutoff and re-energization (MOPSAR) problem, a mixed-
integer optimization model which co-optimizes power shutoffs
and re-energization. The formulation leverages prior work on
balancing wildfire risk and power outages for a single time
period [15] and post-disaster restoration planning [27], but
significantly extends these (and other) existing formulations
in several ways. First, our model is the first to integrate both
power shutoffs and re-energization in one model. Second, we



solve the MOPSAR problem as a rolling horizon problem
which is re-run daily with updated wildfire risk forecasts,
which allows us to consider evolving wildfire risk over a
prolonged time horizon and mitigate the impact of forecast
errors. Third, we include a new penalty on shutoffs of low-
risk lines, as such power shutoffs may increase the operational
vulnerability of the network during a shutoff.

Our second contribution is to use our improved problem
formulation to investigate important aspects of the problem.
We assess how line inspection constraints impact both wildfire
risk and power outage sizes, how using a longer forecast
horizon impacts the solution quality and computational time,
and how the choice of power shutoff penalty impacts the trade-
off between grid vulnerability and wildfire risk.

The remainder of the paper is organized as follows. Section
IT introduces the problem formulation. Section III presents
the case study and problem setup, and analysis of the results.
Section IV concludes the work.

II. MODELING AND PROBLEM FORMULATION

In this section, we formulate the Multi-period Optimal
Power Shutoff And Restoration (MOPSAR) problem that pro-
vides an optimized schedule for both power line shutoffs and
restoration. It is solved daily in a rolling horizon framework
as new risk forecast data is made available each day.

A. Rolling Horizon Formulation

We consider a power grid with a set of buses B, lines L,
generators G and loads D. This grid has elevated wildfire risk,
and the operator is planning a public safety power shutoff to
mitigate the wildfire threat. The operator must make decisions
on the power lines they may shutdown, customers they may
disconnect, and how to re-energize the grid. Their goal is to
reduce wildfire risk while minimizing the size and duration of
customer power outages and maintaining grid reliability.

Wildfire risk depends on ambient conditions such as veg-
etation cover, humidity and wind speed. The Wildland Fire
Potential Index (WFPI) [28] provides wildfire risk data for
the contiguous United States, is released daily and includes
current data along with 7-day forecasts. Because it takes
time to restore a power line after it has been shut off, we
need to take the forecasted risk into account when deciding
on an optimal schedule for power shutoffs and restoration.
Furthermore, because the wildfire risk forecasts evolve and
become more accurate with time, it makes sense to update
the schedule daily as new information becomes available. We
therefore formulate our problem as a rolling horizon problem.

For a given day 7', a Multi-period Optimal Power Shutoff
And Restoration (MOPSAR) problem, shown in Model 1, is
solved. This problem considers the status of the power lines
at the beginning of day T (i.e. whether a line is energized
or not) as well as grid constraints, and current and forecasted
wildfire risk for all timesteps ¢t € 7 where T = {T,...,T+H?}
includes the current day and all days in the forecast horizon H.
Once a solution is obtained, the power shutoff and restoration
actions for the first day ¢ = 7' are then implemented on the
power grid. The next day, we repeat the optimization process

with T' <— T'+1, incorporating the updated power line statuses
based on the solution from the previous day and updated
wildfire risk information. We next present the mathematical
formulation of the MOPSAR problem.

B. Objective function

The system operator is pursuing three different objectives,
namely maximizing load, minimizing wildfire risk and main-
taining grid reliability. We describe each of these below.

1) Load served: The load Dgeryeq 1S calculated as

Dserved = Z Z ‘rdtwdtpcﬁ' (1)

teT deD

Here, PF is a parameter expressing the total demand for
electricity from load d at time period ¢ and wgy; is a weight
used to express increased priority for certain loads (e.g. a
hospital may have a higher weight). We assume that load can
be continuously shed, with the continuous decision variable
x4 representing the percentage of load that is served. The
total demand served Dge,yeq is Obtained by summing over all
loads d € D and all time periods ¢t € T .

2) Wildfire risk: We express the total risk of wildfire
ignitions based on the wildfire risk associated with each
transmission line in the network, i.e.

Rrire = Z Z zije Rt 2
teT ijeL

Here, R;;; represents the risk of a wildfire ignition from line ij
at time ¢ if the line is energized (we discuss how to obtain these
risk values in the case study). The binary decision variable z; ¢
represents the status of the line, with z;;; = 1 indicating that
it is on and z;;; = 0 indicating that it is off. This formulation
assumes that by choosing to de-energize the line, i.e. z;;; = 0,
we reduce the wildfire risk of line 7 at time ¢ to zero.

3) Grid Vulnerability: Because grid operational security
benefits from redundant transmission paths, we would like to
keep low risk lines in operation even if they do not contribute
to serving more load. To incorporate the effect of power
shutoff on grid operational security, we introduce a penalty
on power shutoffs,

Vagstem = 3 > (1= 2i;0)V 3)

teT ijeL
Here, V' represents the increased vulnerability of the grid
associated with turning off an individual line and Vgysiem
represents the total vulnerability of the network.
Next, we combine R, and Vgystem in a single term,

RFire - VSystem = |£HT|V + Z Z Zijt(Rijt - V) (4)
teT ijel

This expression highlights that V' represents the minimum

wildfire risk for which it is beneficial to disable a line, and we

will hence refer to V' as the risk threshold'. When Rijt >V,

'We recognize that expressing grid vulnerability on a line-by-line basis
is less comprehensive and meaningful than using other metrics such as N-1
security. However, it does allow us to express a preference for keeping low
risk lines in operation. A more in-depth modeling and investigation of grid
vulnerability and operational security in the context of high wildfire risk is
left for future work.



it is beneficial to turn of line (,5) to reduce wildfire risk in
the system. When R;;; < V, the wildfire risk of line (i, 5) is
not high enough to have a benefit of disabling the line.
Given the above modeling considerations, we formulate the
objective function (7a). The objective function uses the total
load D7, and the total wildfire risk before a power shutoff
Rr,; as normalization factors, with Dr,;, R, defined as

Drot=Y»_ Y P, Rro=)» > Riji (5

teT deD teT ijel

With this normalization, the objective expresses the percentage
of load and wildfire risk after implementation of the PSPS,
with 0 < DServed/DTot < land 0 < RFire/RTot < 1.

The trade-off parameter ov € [0, 1] allows us to express
a preference for serving load or mitigating wildfire risk.
The preference for mitigating wildfire risk vs limiting grid
vulnerability is given by our choice of the risk threshold V.

C. Restoration Constraints

An important and novel aspect of our formulation is the
consideration of a limited restoration budget, i.e. a limited
capacity to inspect and restore power lines. The limits on
how many miles of lines can be restored in each time period
is described by constraints (7e)-(7g). Constraints (7e) set the
indicator variable for restoration yith to 1 if a line is off in
the previous period Zith—l = 0 and on in the current period
zith = 1. These logical constraints are implemented in the
optimization problem by (6), where the three inequalites form
the logical negation of Zith—l as well as the and operation,

yith <(1- Zith—l) (6a)
yith < zfjt (6b)
yith >(1- Zith—l) + Z7th -1 (6¢)

Constraint (7f) implements the same constraint for the initial
condition parameter ziLjO of the line in the first period. Con-
straint (7g) limits the amount of restoration that can occur in
a single period according to the restoration budget Y;. The
effort required to restore a line scales with length £;;, and the
parameter Y; thus represents the total length of lines that the
utility is able to inspect in time step t. Finally, (7h) enforces
that 2[5, and y;, take on binary values.

D. Power Flow Constraints

To model how de-energization and restoration of lines
impact the amount of electricity served to customers, we need
to model the power flows in the system. Equations (7i)-(7n)
represents the DC power flow in each time period, while
accounting for load shedding and energization status of lines.

Nodal power balance is enforced by (7i) where total gen-
eration ch,f, transmission line power Pl-?t, and load served
2 PP must sum to zero at each bus. The sets G;, £;, D;
represent the sets of generators, lines and load demands at
bus <. Eq. (7)) ensures that the fraction of load served for each
load x(lft is constrained to be within 0 and 1. Eq. (7k) ensures
that the power ch,f from each generator g is non-negative and

below the upper limit PG

gt » Which may vary with the time

Model 1 Multi-period Optimal Power Shutoff And Restoration
(MOPSAR)

variables: (Vt € T)
PSNgeG, PLN(i, j)EL, 0:ViEB,

- Dserve Rrpire—Vsystem
maximize: (1 — a)%—a (FRT:”> (7a)
subject to Vt € T :

Dserved = Y et Yoqep TdtWar Py} (7b)
Rrire = 11 2ijer #ijtFijt (7¢)
Viystem = EtET Zije[:(l — 2ijt)V (7d)
yhy = (zh_q) A2k, V(i,j) e L, fort #T  (Te)
yhy = (mzho) A 2k, V(i,j) €L, fort =T (7
> yhi <Y (72)
(ij)eL
zie €401}, vy € {01} ¥(i,j) €L (Th)
STPG+ Y PE-S B PR =0 vieB (7i)
9€Gi (i,5)€EL; deD;
0<azh <1 vd € D 7
0<P§ <P§ Ygeg (7K)
— PEzf, < P}, < PE2], V(i,j)e L (T
Piﬁt < —b;;j(0i — 1) + @(1 - zlet) V(i,7) € L (7m)
Pk, > —bij(0 — 0;0) + 051 —25,) V(i) e L (Tn)

period ¢ for renewable energy sources, based on the forecasted
maximum output. While the problem formulation can support
non-zero lower bounds on generation by including additional
binary variables for generator on/off status, we remove the unit
commitment aspect in this paper for simplicity.

Constraint (71) keeps the power flow Pl-éft on the line from ¢

to j between the power limits —PL 2l and PL2[, when the
line is energized, i.e. z{;, = 1. When a line is de-energized,
zith = 0, the power flow across the line is 0. Equations (7m),
(7n) define the line power flow, while accounting for line
energization status. When a line is energized, zf;f =1, these

constraints reduce to the ordinary linearized DC power flow,
P, = —bij (01 — 0;0), (®)

it
where b;; is the line suseptance, and 6;; and 6;; is the bus
voltage angle for bus 7 at time ¢. When the line is de-energized,
235t = 0, the power flow is decoupled from the voltage angle
difference through the big-M values 67 and 6}, which can
be calculated as in [29]. This allows the power flow to be set
to 0 in (71) without constraining the voltage angle differences.

III. CASE STUDY

We next demonstrate the efficacy of our proposed model and
study the impact of the forecast horizon, restoration budget,



and the risk threshold on solutions.

A. Case study setup

We first describe our implementation and the data used.

1) Implementation: The optimization model is available in
the open source package PowerModelsWildfire.jl [15], imple-
mented in the Julia language [30]. We use the Gurobi v9.1
optimization solver [31] with an optimality gap of 0.01%.

2) Test System: We base our case study on the RTS-
GMLC [32] system. This synthetic test system has geographic
coordinates located in southern California, a region which has
been affected by Public Safety Power Shutoffs. The system
has one year of hourly load and renewable energy profiles,
and we use the data from the wildfire season in October and
November. Because we use wildfire risk data with one daily
value, we select the hour with highest level of system load
from each day, where the demand is the most difficult to
serve, to represent the power flows. The RTS-GMLC system
has relatively high power limits on the transmission lines. To
obtain a more interesting case with more realistic congestion,
we increased the active power demand using the API method
in [33], which finds the maximum amount all loads can be
scaled to assuming generation is unconstrained. This method
scaled each load in the network by a factor of 2.14, and we
scaled the capacity of each generator by the same amount. We
use a uniform load priority weight wg, = 1.

3) Wildfire risk data: Wildfire risk data was obtained from
the United States Geological Survey’s (USGS) Wildland Fire
Potential Index (WFPI) [28]. The WFPI incorporates fuel
models and forecasts for precipitation, dry bulb temperature
and wind speeds to create a daily forecast of the WFPI for
up to 7 days. For each line and each day, we calculate the
wildfire risk as the highest WFPI value along the line [34].

Figure la shows a histogram of all the realized wildfire risk
values (i.e. not including forecasted data) for all lines from Oct
20th to Nov 10th 2021. During the study period many lines
have either zero risk or risk in the range between 70-120, while
a small number of lines have extreme risk > 160.

Figure 1b shows the total system risk before any power
shutoffs (i.e., the sum of all wildfire risk values for all lines,
assuming all lines are energized) based on the forecasted (in
orange) and realized (in black) wildfire risk values. There are
substantial forecast errors, demonstrating the importance of
resolving the problem as new data becomes available.

4) Baseline Parameters: We set o = 0.7 as we found this to
provide a trade-off with significant risk reduction and minimal
load shed under this specific loading and wildfire risk scenario,
and allows us to analyse the impact of new parameters in the
MOPSAR problem. For analysis on the impact of changing «,
refer to [15]. Unless otherwise specified, we set the restoration
budget to Y; = 75 miles/day, the forecast horizon to 4 days
and the risk threshold to V' = 100 WFPL

B. Baseline Solution

We first test our method on the RTS-GMLC system using
the baseline parameter settings.
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Fig. 1: System Wildfire Risk Data. Top: Histogram of the wildfire
risk of individual transmission lines, based on all realized wildfire
risk observed from Oct 20th to Nov 10th. Bottom: Realized (black)
and forecasted (orange lines) wildfire risk for the overall system,
calculated as the sum of all wildfire risk values across all lines.
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Fig. 2: Baseline MOPSAR solutions. Top: Comparison of wildfire
risk with and without power shutoffs. Bottom: Total system load
served with and without power shutoffs.

1) Total system risk and load shed: We first analyze the
impact on total system risk and total load served for the
baseline case. Fig. 2 (top) shows the total system risk value
without (orange) and with (blue) power shutoffs, while Fig. 2
(bottom) shows the total load without (orange) and with (blue)
power shutoffs. In the first few days, the grid risk is moderate.
A small number of lines are de-energized to reduce the risk,
but no load shed occurs. On Oct 29th, a large spike in risk
occurs, leading to a significant grid shutoff, and resulting in
around 5% load shed for this day. On Oct 30th, the wildfire risk
values return to moderate levels, and many lines are restored
to avoid significant load shed. However, the total system risk
is still reduced because many lines remain de-energized.

2) Geographical allocation of risk and load shed: Next, we
analyze the geographical locations of load shed and wildfire
risk in the system during the high risk days. Figure 3 shows
the state of the grid (top) and the wildfire risk values for each
line (bottom) on Oct 28, 29 and 30 (left to right).

We observe that on Oct 28 (left), there are several lines
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Fig. 3: Power grid status and risk levels from Oct 28-30. Figs.
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3a-3c show the transmission lines status and Figs. 3d-3f show the

transmission line risk values for Oct 28 (left), 29 (middle) and 30 (right).

with risk values I%;;; > V that are de-energized, but no load
shed. On Oct 29 (middle), there is very high wildfire risk in
the southern region of the grid, causing many of the lines in
this region to be turned off and resulting in partial load shed
at 2 buses and total load shed at 3 buses. Interestingly, we can
see that some high risk lines remain energized to avoid further
load shed. On Oct 30, the risk is reduced and many lines have
been restored, but there is still partial load shed at 2 buses.

3) Solution time: The baseline experiment involved solving
the rolling horizon MOPSAR problem with a 4 day forecast
horizon 22 times (for each of the 22 days), and solves in 29
seconds. However, the solve time is highly dependent on the
problem parameters, in particular to the risk threshold V' and
«. In some instances (such as V = 0, a = 0.2) it can take
more than 14 hours to solve the problem.

C. Impact of Forecast Horizon

We next investigate how the forecast horizon impacts solu-
tion time and solution quality by solving the rolling horizon
problem with forecast horizons ranging from 1 to 7 days.

1) Solution time: The solution time increases from 1.93s
for the 1-day horizon to 213.63s for the 7-day horizon (more
than a 100 times increase). This indicates that the solve time
may become prohibitively large for larger systems and long
horizons, and highlights why it is important to understand how
long the horizon needs to be to provide good solutions.

2) Objective function: We calculate the total load served,
total system risk and total system vulnerability using the
realized decisions and true wildfire risk for each time step and
summing the values across the entire decision horizon. From
these calculations, we found that the total objective function
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Fig. 4: Objective value components for different forecast horizons.

value improves by approximately 4.2% as the forecast horizon
increases from 1 to 7 days, with 3.2% achieved already with
a 3 day horizon. Figure 4 shows the different components of
the objective function. The forecast horizon has a very small
impact on the load shed, but the system risk increases and grid
vulnerability decreases with a longer horizon.

3) Line status: We next assess how the forecast horizon
changes line energization decisions.Table I(a) shows the total
number of line energization and de-energization events that oc-
cur during the 21 day period. The number of de-energizations
decreases from 93 de-energizations with a 1-day horizon to
74 de-energizations when using a 7-day horizon. The number
and length of the restored lines show a less clear trend, with
the number of re-energized lines remaining in the range from
61 to 54 across all horizons and the medium length horizon
problems using a larger share of the restoration budget. Next,
we consider the average, maximum and minimum risk level
of energized and de-energized lines, shown in Table I(b).
All solutions keep some high risk lines (risk greater than
the threshold V' = 100) in operation to serve load. Further,



TABLE I: Results for varying forecast horizons.

(a) De-energization and Re-energization Decisions

TABLE II: Results for different restoration budgets.

(a) Objective Function Values

Horizon (days) [ 1 2 3 4 5 6 7 Restoration Budget [ 25 50 75 100 125
De-energization Objective value | -0402 -0395  -0.391  -0.388  -0.385
# Lines 93 85 84 85 79 78 74 % Change | 0%  +1.74% +177% +3.48%  +4.23%
Re-energization
# Lines 61 58 61 60 57 58 54 De-energization and Re-energization Decisions
# Miles 1316 1346 1436 1381 1385 1373 1307 (®) cre d cre cisions
Restoration Budget 25 75 100 125
(b) Wildfire risk of Energized and De-energized Lines Total Budget 550 1100 1650 2200 2750
= De-energization
Horizon (days) [ 1 2 3 4 5 6 7 # Lines 66 35 95 99
Energized hx}[vg 500 502 5(;‘ 505 506 507 507 Re-energization
Line Risk mn # Lines 28 60 75 83
Max | 198 208 206 206 208 208 208 # Miles 308 890 1381 1907 2325
. Avg | 100 102 104 104 106 107 107 Avg. length (Miles) | 11  19.8 230 254 280
De-energized .
Line Risk Min | 1 1 17 8 40 40 40
Max | 215 215 215 215 215 215 215 (c) Wildfire risk of Energized and De-energized Lines

some low-risk lines (risk below the threshold V' = 100) are
de-energized, as the restoration budget does not allow for
restoration of all these lines. However, both the average and
minimum line risk for de-energized lines is smaller for shorter
forecast horizons, indicating that more low-risk lines (with risk
below the threshold) remain de-energized due to an inadequate
restoration budget and inability to plan further into the future.

Overall, we conclude that a longer time horizon results in
fewer de-energized lines because it better accounts for the
slow restoration process, which may cause lines to remain de-
energized after the risk has decreased, thus incurring future
load shed and high vulnerability penalties.

D. Impact of Restoration Budget

We next investigate the impact of the restoration budget Y;.

1) Objective value: Table Il(a) shows that the objective
function value improves as the restoration budget increases.
This as expected, as a higher budget relaxes the problem. We
further found that the load shed remains similar across all
restoration budgets, while the wildfire risk increases and the
vulnerability decreases with higher budgets.

2) Line status: Table II(b) shows the number of lines that
were de-energized and re-energized, along with the total and
average length of the restored lines. We observe that a larger
restoration budget significantly increases both the number of
de-energized and re-energized lines. Further, solutions with
a small restoration budget de-energize many more lines than
they re-energize, leaving a large number of lines still de-
energized at the end of the study period. The average length
of the restored lines increases from 11 miles/line with the
lowest restoration to 28 miles/line with the highest restoration
budget. This shows that the system operator is able to re-
energize longer lines if more restoration capacity is available.

Table II(c) shows that the average, minimum and maximum
wildfire risk of transmission lines change as we increase the
restoration budget. The maximum risk of energized lines de-
creases and the minimum risk of de-energized lines increases
as the restoration budget becomes higher. This is because the
operator is able to react faster to changes in the wildfire risk
when we have a higher restoration budget.

Restoration Budget [ 25 50 75 100 125
. Avg | 54 54 55 55 56
E:r:gl;f:g Min| 0 0 0 o0 0

Max | 208 208 206 206 206

Deencreized  AYE | 100 103 104 107 108
Line Risgk Min | 1 8 8 40 48

Max | 215 215 215 215 215
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Fig. 5: System status on Oct 29th for two values of V' = 0 (top)
and V' = 100 (bottom).

E. Impact of Risk Threshold

To demonstrate the benefit of including a risk threshold
that penalizes the shutoff of low-risk lines, we compare the
solutions for two different risk thresholds V' = 0 (no penalty
for shutoff of low-risk lines) and V' = 100 (baseline). Figure
5(a) and (b) show the network status on October 29th, the
highest risk day, for each of the two thresholds, respectively.
The solution with risk threshold V' = 0 turns off even low risk
lines, leading to many de-energized lines and significant load
shed. In comparison, the solution with V' = 100 only disables



a few lines and maintains some redundancy in the network.
The two solutions serve 1413 MW and 2038 MW of load and
have a wildfire risk of 4,920 and 114,220, respectively. We
thus conclude that a non-zero risk threshold promotes more
system redundancy and higher load served for a given value
of a, but also has significantly higher wildfire risk.

IV. CONCLUSION

This paper proposes the Multi-period Optimal Power Shut-
off And Restoration (MOPSAR) problem, which co-optimizes
preemptive power shutoffs and restoration efforts in power
systems with high wildfire risk. The MOPSAR problem is
implemented in a rolling horizon framework where the sched-
ules are re-optimized on a daily basis as new information about
wildfire risk become available. We apply the proposed method
to the RTS-GMLC system and find that (i) a longer forecast
horizon better accounts for the impact of de-energization on
load shed, (ii) a larger restoration budget reduces risk by
allowing for disabling and restoring more lines, and (iii) a
higher risk threshold incentivizes more system redundancy,
thus increasing operational security but also wildfire risk.

The proposed framework provide several avenues for future
work. For example, there is a need to extend the model to
consider N-1 security constraints and investigate the impact of
using the full AC power flow model. Further, more efficient
solution techniques are necessary to plan power shutoffs on a
realistic scale power network.
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