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Mitigating the Impact of Uncertain Wildfire Risk on
Power Grids through Topology Control

Yuqi Zhou', Kaarthik Sundarf, Hao Zhu', and Deepjyoti Deka?

Abstract—Wildfires pose a significant threat to the safe and
reliable operations of the electric grid. To mitigate wildfire risk,
system operators resort to public safety power shutoffs, or PSPS,
that shed load for a subset of customers. As wildfire risk forecasts
are stochastic, such decision-making may often be sub-optimal.
This paper proposes a two-stage topology control problem that
jointly minimizes generation and load-shedding costs in the face
of uncertain fire risk. Compared to existing work, we include pre-
and post-event topology control actions and consider scenarios
where the wildfire risk is known with low and high confidence.
The effectiveness of the proposed approach is demonstrated using
a benchmark test system, artificially geo-located in Southern
California, and using stochastic wildfire risk data that exists in the
literature. Our work provides a crucial study of the comparative
benefits of pre-event versus post-event control and the effects of
wildfire risk accuracy on each control strategy.

Index Terms—Topology control, Wildfire, line failures, stochas-
tic optimization, Progressive Hedging

I. INTRODUCTION

Climate change has made effective wildfire mitigation a
pressing challenge for reliable power system operations. In
the United States in 2021, there were over 58,000 wildfires
that burned more than 7.13 million acres [1]. From 2019 to
2021, the number of wildfire cases increased by 16.9%, and the
number of acres burned increased by 51.1%. Wildfires can be
caused by lightning, arson, or power line faults termed high-
impedance faults [2], [3]. Additionally, a spreading wildfire’s
smoke can contaminate the insulating medium of transmission
lines, leading to line outages and additional power shutoffs [4].
A key distinguishing feature of wildfire-grid interaction is that,
unlike other disasters, the grid can cause wildfires (sparks from
line faults) and its effect (loss of load due to fire damage).
As such, both prevention and mitigation of wildfire-related
electricity disruption are crucial for grid resilience.

To prevent fires from originating and spreading from trans-
mission lines, system operators de-energize lines through a
practice known as Public Safety Power Shutoff (PSPS). As
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power shutoff can have an economic impact, several recent
research has focused on designing control plans that minimize
the risk of fire ignitions with a trade-off on load not served.
The cost associated with load served can be modeled as
maximizing load delivery [5]-[7], minimizing system risks
[8]-[11], and enhancing grid resilience [12], [13]. While these
approaches are well-suited for de-energizing lines under a
deterministic’known wildfire risk, they do not extend to the
setting of uncertain wildfire risk that evolves over several
days [14]. Designing control policies for stochastic fire risk
and associated PSPS policies will help quantify the effect that
the accuracy of wildfire risk forecast has on resulting load
shutoffs.
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Time
! | >
Days before fire Hours before fire

Fig. 1. Wildfire forecast timeline with control variables pre-event and post-
event control policies.

Contributions: This paper aims to present pre and post-
event topology control strategies to minimize average oper-
ating cost and load shed under uncertain wildfire risk. Each
realization of the uncertainty wildfire risk model corresponds
to a specific set of de-energized lines as mandated by the
fire/grid operator’s PSPS policy. The topology control design
is modeled as a two-stage stochastic mixed-integer linear
program for uncertain PSPS scenarios. It considers a linearized
DC-OPF (optimal power flow) formulation with generation
ramping, load shedding, and topology control as decision
variables. ‘Pre-event’ control seeks to find an optimal network
topology in advance to reduce the expected cost and load
shed for all PSPS scenarios. The ‘post-event control allows
for different network configurations in the second stage of the
stochastic program for each wildfire risk and corresponding
PSPS scenario. This is highlighted in Fig. 1. We solve both
versions of the stochastic optimization problem using the
Progressive Hedging (PH) algorithm [15]. We demonstrate its
scalability over alternate approaches through simulations on an
RTS-GMLC test system, artificially geo-located in Southern
California (see Fig. 2), over two settings: one where the
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Fig. 2. RTS-GMLC test system with geographic information

PSPS scenarios generated from the wildfire risk are more
dispersed (low confidence forecast), and the other where the
scenarios are concentrated in a smaller geographical region
(more accurate forecast). Our simulation results show that,
while less practical, post-event policies have lower system-
wide costs than pre-event policies. However, optimal pre-event
policies can perform similarly to optimal post-event actions
in high-confidence settings where the wildfire risk is more
concentrated.

The rest of the paper is organized as follows. Section II
presents the generation policy of scenarios for wildfires and
the pre-event topology control formulation. The post-event
control problem is formulated in Section IIl. Section IV
presents an overview of the PH algorithm applied to both
topology control formulations. Numerical experiments using
the RTS-GMLC systems are presented in Section V to
corroborate the effectiveness and efficiency of the proposed
algorithms. Conclusions and possible avenues for future work
of our work are presented in Section VI.

II. SYSTEM MODELING

We consider a power grid G with a set of buses A and a set
of lines £. We first discuss the uncertain model for wildfire
risk and corresponding PSPS scenarios.

A. Modeling scenarios using uncertain wildfire risk

We consider a scenario-based uncertainty set S for wildfire
risk, where each risk realization corresponds to a PSPS sce-
nario s of line-shutoffs &7;. Here &7, takes a value 1 or 0 if line
(i,4) € & is operational or shut-off, respectively, in scenario s.
We assume the maximum number of line shutoffs per scenario
is bounded above by m. We determine &; for each line
(i,j) in scenario s by sampling from a Bernoulli random
variable (on/off) with a mean equal to the current estimate
of the normalized risk of the line (i, ). ' To model differing
confidence in wildfire risk, we consider a risk-threshold R
(detailed in Section V-A) that restricts shutoffs in scenario s
to only lines, whose normalized risk value is greater than R,
where a higher R implies greater confidence in current risk.
Thus, our uncertainty model has three parameters, number
of scenarios |S|, number of shut-offs per scenario m, and

I'We use data in [8] for normalized risk estimates.

risk confidence/threshold R, that enable us to model fairly
general PSPS policies. Next, we present the pre-event topology
control problem to reduce cost and load-shed associated with
the uncertain PSPS scenarios.

B. Pre-event Topology Control Formulation

As described in the Introduction, pre-event control deter-
mines an optimal topology over all PSPS scenario set S,
generated using Section II-A. We formulate this as a two-stage
stochastic program. The first stage decisions, taken before the
uncertainty (PSPS scenario) is realized, include the generation
levels for each generator in the system and the topology
decisions on the transmission lines. The second stage/ recourse
decisions, made upon realization of PSPS, include ramping
at each generator, load shed at each bus, and associated bus
phase angles and line flows. The second stage decisions are a
function of the specific scenario s € S.

Let p? denote the real power generated at bus i € N.
Associated with each line in £, we introduce binary variables,
z;; to model topology switching status. z;; takes a value 1
when the line (i,7) € £ is closed and 0, otherwise. The first
stage decision variables are given by the set {(p?), (zi;)}-
Corresponding to each scenario s € S, we let 07, 7, and
¢; denote the voltage phase angle, the ramping, and the load
shed at the bus ¢ € A/. Without loss of generality, we assume
all generators can provide either up or down ramping. For
each PSPS scenario s € S, we let pj; and 6 £ 05 — 03
denote the active power flow and the phase angle difference
for each line (i,j) € £. The second stage decision variables
are summarized by the set {(07), (v7), (¢}), (p5;), (07;)}. We
assume that all the scenarios in the set S are equally likely, i.e.,
Pr(s) = ms = |S|~!. The pre-event topology control strategy
is formulated as follows:

min Zci -p! +E Z (cf 78+ et 65) (la)
ieN ieN
first stage variables & constraints:
pl €l pl"] VieN (1b)
zi; € 40,1} V(i,j) €€ (Io)
Z zij < B (1d)
(i.9)€€
second stage variables & constraints Vs € S:
0. =0 (le)
! s elpl',pl"] VieN (1)
¢ elo,pl] VieN (1g)
Pl — (=)= > py— > v VieN
(i,9)€Es (4,3)EEs

(1h)
Py € =365 (1= 2y, b€l (L= 5] Vi) €€ (li)
Pl + b {05+ 0 (1= &5(1 = 2)) } >0V, 5) €€ (1))
Pl +big {05 — 0 (1501 — 2)) } OV(i,5) € €

(1k)
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The optimization problem in (1) minimizes the sum of the
nominal generation costs, the expected ramping costs, and the
expected value of lost load over all PSPS scenarios. Under a
budget of switching at most 3 lines, constraints in (1b) — (1d)
represent the limits on the first stage variables. The constraints
in (le) — (1h) enforce the operating limits for the second-
stage variables and the post-PSPS DC power flow physics.
Specifically, line switching decisions z;; are coupled with the
line PSPS scenarios &;; to compute the topology status of line
(i,7) for scenario s € S. The thermal limits in (1i) and the
DC power flow constraints in (1j), (1k) for a line (i,5) € &
are enforced only under the following condition: &, = 1,
(1 — #z;) = 1. T trivial bounds using big M constraints
are enforced in all other cases. The next section describes
the extension of the pre-event to post-event topology control
problem.

III. POST-EVENT TOPOLOGY CONTROL FORMULATION

In contrast to the pre-event formulation, where topology
control is the first-stage decision, the post-event control de-
cides on the topology control actions in the recourse (or
second-stage) problem. Performing topology control once the
PSPS scenario is realized/known provides more flexibility. It
can aid in achieving reduced ramping and load shed, though it
might be less practical to implement. The formulation follows:

min Z ci-pl+E Z (cf 78+ et e5) (2a)
ieN 1N

first stage variables & constraints: (1b)
second stage variables & constraints Vs € S:
(1e), (1), (1g), (1h), and
z;; €40,1} V(i,j) €& (2b)

> < (2¢)
(i,5)€€
pij € [=ti&(1 — 255), ti;655(1 — 25)] V(i,5) € € (2d)
pij+bi {05 +0(1-¢,(1—25))} >0V(,j) €€

(2Ze)

Py +bii {05 —0(1—¢;1—25))} <0V, j) €€ o

The first-stage and second-stage decision variables for
the above formulation are given by the sets {(pY)},
and {(27;), (05), (r5), (£7), (pi;), (05;)}, respectively. For each
PSPS scenario s € S, the definitions of 2;; for (i, j) € £ are
similar to the corresponding ones in Section II-B. The only
difference between pre-event and post-event control is that the
former has binary decision variables for topology control in
the first stage. In contrast, the latter has them in the second
stage. Mathematically, solving the post-event control problem
to global optimality is a more challenging task, and thus, there
is a stronger need for heuristics. In the next section, we present
an overview of our approach using the PH algorithm [15], [16]
to solve these optimization formulations.

IV. PROGRESSIVE HEDGING (PH) ALGORITHM

For ease of exposition, we first present an abstract formu-
lation of a scenario-based two-stage stochastic program [17]
and use it to explain the different steps of the PH algorithm.
Consider a set S of n scenarios (s = 1,...,n, each of
probability 7y, ...,m,) for the uncertainty realization (PSPS
scenarios in our case). In the following problem,

n
TE+ Y moql i

fe)rfr}ziY?EY —1 Gy
AZ > b (3b)

T+ Wys = hs (3¢)
Z,ys 20 (3d)

X and Y, respectively, model the binary or continuous
restrictions on the first and second-stage decision variables, =
and . The main idea of the PH algorithm is to introduce first-
stage decision variables &; for each scenario s and force them
to be equal to Z. Using Lagrange variables and regularization,
(3) can be relaxed as:

L minCTE bl pa(E — ) + 5 |1E 2
(4a)
AZs > b (4b)
TsZs + Wy > hg (4c)
Ts, s 20 (4d)

The PH algorithm, in each iteration k, generates new solutions
Z* for every scenario s and an implementable solution Ty, by
aggregating 7* as @, = > ._, 7. The Lagrange multipliers
ps in (4) are updated scenario-wise at each iteration k£ using
a penalty parameter ~ as follows:

Pt = Pl + (T - T) )
(5) ensures that as the dual values converge, Z¥ become equal.
The PH algorithm is terminated when both the primal and the
dual gaps in (6) are below the pre-specified tolerances.

n
Primal gap:  ||Zx — Z_1|*, Dual gap: ZWSH;E”; — k||
s=1

(6a)

The PH algorithm, in comparison with alternatives like
Bender’s [18] or dual decomposition [19], is highly paral-
lelizable for both pre-event and post-event topology control.
It possesses theoretical convergence guarantees [20] and robust
heuristics [20]-[23]. A pseudo-code of the algorithm is shown
in Algorithm 1.

V. NUMERICAL RESULTS

In this section, we present extensive computational experi-
ments that corroborate the effectiveness of the proposed for-
mulations and algorithms. We first start with briefly describing
the test system and data used.
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Algorithm 1 Progressive Hedging: a pseudo-code
Initialization:
Ik« 0 > iteration count
2: For every s € S, initialize #¥ < solution of (4) without
tile pena}Lty teij ps(Ts — T) + 3|2 — 2|
3 T =, Tsly
4: pi < initial penalty parameter
Iteration update:
50 k+—k+1
Decomposition:
6: For every s € S, update &% <~ Solution of (4)
Aggregation:
7: fk = 22:1 71'5135
Lagrangian multiplier update:
8: For every s € S, phtl = pF + ~(3% — 7))
Termination criterion check:
9: €k & ||F — F_1]? b TN w||F — |l
10: if €f > ¢, or € > g4 then
11: Go to Step 5
12: else
13: Terminate with Z¥ as the first stage solution
14: end if
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Fig. 3. Heat map of line (branch) risk values for the RTS-GMLC system

A. Test System and Scenario Generation

We use the RTS-GMLC system [24], artificially geo-located
in the southwestern part of the United States. This synthetic
system consists of 73 buses and 120 transmission lines. We
consider both load factors of 1 (base case) and 1.05 (higher
loading). The linear cost coefficient for each generator in the
test case is directly used for ¢; in Problems (1), (2). The
ramping and value of lost load’s cost coefficients are set to
c] = 10% x ¢;, and c}’on = 10.0 x max;(c;), respectively.
In our formulation, when a generator ramps up, we cost
the excess generation using c; + ¢, whereas we cost down
ramping using only c¢]. This is because ramping generators
up should be more expensive than ramping them down. In
the PH Algorithm 1, the primal and dual tolerances for the
termination criteria are set to 1073 and 1072, respectively.
Finally, the number of lines that can be controlled (3) is set
to 5 for all the computational experiments.

For the PSPS scenario generation procedure described in
Section II-A, we utilize line failure risk values generated in [8]
and depicted in Fig. 3. These risk values are transformed into
probabilities of line failures using a combination of normal-
ization and thresholding. n PSPS scenarios are then generated
with a maximum of m line-shotoffs each, by sampling. In all
our computational experiments the value of m is set to 4. The
pseudo-code for generating scenarios is given in Algorithm 2.
Note that a higher risk threshold (higher confidence in current
risk) restricts the PSPS scenarios to fewer lines.

Algorithm 2 PSPS scenario generation

Given:

1: R < risk threshold

2: Wildfire risk for each line from [8] - risk;; V(4,j) € €

3: n ¢ no. of scenarios, m < max. no. of PSPS per scenario
Approach:

40 L {(i,j) € € :risk;; > R}, risk;; < 0V(4,5) € E\L

5: Normalize risk;; to sum to one over all (¢,j) € £

6: Sample with replacement, using risk;; as probabilities,
to generate at most m shutoffs. Repeat to generate n
scenarios.

7: § < the n shutoff scenarios

8: Probability 7, + + Vs € S

B. Computational Platform & Implementation Details

All the presented formulations were implemented in the
Julia Programming language [25] using JuMP [26] as the
mathematical programming layer and CPLEX as the MILP
solver. All computational experiments were run on a regular
laptop equipped with Intel® CPU @ 2.60 GHz and 12 GB
of RAM. PowerModels.jl [27] was used to parse the RTS-
GMLC’s MATPOWER case file.

Algorithm Performance: We first compare the computation
time taken for the pre-event and post-event control when the
sub-problems in Step 6 of PH Algorithm 1 are solved in serial
v/s in parallel. Table I and II show the computation time with
increasing scenario set S, for load scaling of 1 and 1.05,
respectively. For these runs, the risk threshold in Algorithm
2 was set to R = 0 (lowest confidence in the forecast), corre-
sponding to all lines being candidates for PSPS. The parallel
version of the PH algorithm is always preferable to the serial
version. Solving the post-event control formulation is three
to seven times faster than the pre-event control formulation,
as the former doesn’t have binary variables in the first stage.
The parallel version of the PH algorithm converged within 35
iterations for pre and post-event control for every size of S
considered. This outscored our simulation runs with Bender’s
[18] decomposition, which achieved an optimality gap of less
than 10% for only 2 runs within the 3-hour computation time
limit, for the pre-event setting.

Comparison of solutions: Fig. 4 compare the objective
value obtained using the pre-event and the post-event control
formulations for a varying number of scenarios. The objective
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TABLE I
COMPUTATION TIME IN SEC. AND NUMBER OF ITERATIONS (LOAD
SCALING - 1.0). HERE, “S-TIME” IS THE TIME TAKEN FOR THE SERIAL
RUN, “P-TIME” IS THE TIME TAKEN FOR THE PARALLEL RUN, AND “ITER”
IS THE NUMBER OF ITERATIONS FOR TERMINATION.

S| pre-event post-event

s-time p-time iter  s-time  p-time iter
40 461.81 304.87 11 25071  174.09 3
80 797.54  1274.08 11 77039  308.85 3
120 2589 1772.02 35 3944 43845 28
160  4080.08 293443 10 9824  737.85 4
200 4931.17 3659.57 10  689.13  719.57 3

TABLE II

COMPUTATION TIME IN SEC. AND NUMBER OF ITERATIONS (LOAD
SCALING - 1.05). HERE, “S-TIME” IS THE TIME TAKEN FOR THE SERIAL
RUN, “P-TIME” IS THE TIME TAKEN FOR THE PARALLEL RUN, AND “ITER”
IS THE NUMBER OF ITERATIONS FOR TERMINATION.

S| pre-event post-event

s-time p-time iter s-time p-time iter
40 7910.58 8014.49 13 916.99 780.86 9
80 8116.71 8389.74 12 1407.84 154147 10
120 9388.02 8586.4 35 1937.38 72036 28
160  11272.08  9025.12 11 2675.7 1355.26 7
200  12487.13  11076.21 11 2766.56 1919.78 7

values stabilize and converge to a limit with increasing scenar-
i0s. We also remark that, in the base case with no scenarios,
when the problem in Sec. II was solved optimally, the total
generation output was 85.5 p.u. and no load-shedding was
required.

Observe that the objective value of the pre-event control
problem is always higher than that of the post-event control
problem. Table III shows the expected load shed over all the
PSPS scenarios by the pre-event and the post-event control
formulations. These results indicate that it is always prudent
to choose the post-event control formulation to minimize the

Objective for different load scaling values
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Fig. 4. Objective value of the pre-event and post-event control problems with
varying scenarios for a load scaling of 1.0 and 1.05.

load shed; the pre-event switching policy is more practical as
it can be done ahead of time and incurs no real-time changes.
Finally, Fig. 5 shows the ratio of the number of times a line
was switched under the post-event control formulation to the
total number of scenarios, which in this case was 200. When
examined together with Fig. 3, it can be observed that the lines
that get switched have a geographical correlation to the lines
that have a wildfire risk.

AC feasibility: For each formulation (pre and post-event), the
optimal topology under each PSPS scenario was checked for
feasible AC power flow and was found to be feasible.

TABLE III
AVERAGE LOAD SHED (IN MW) OVER ALL THE SCENARIOS BY THE
SOLUTIONS OF THE PRE-EVENT AND POST-EVENT CONTROL
FORMULATIONS

S| load scaling - 1.0 load scaling - 1.05
pre-event  post-event  pre-event  post-event
40 33.48 29.72 52.01 41.63
80 22.48 18.93 37.19 28.64
120 20.43 17.32 37.78 28.44
160 23.44 20.74 37.96 32.21
200 22.39 19.98 36.49 31.15
Frequency
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Fig. 5. Frequency of switching for different lines under post-event control.

Impact of Risk Threshold: All results presented thus far
are on PSPS scenarios generated with R = 0 (low confidence
on risk), and keeping the value of m = 4 in Algorithm
2. The histogram in Fig. 6 presents the number of lines in
at least k& PSPS scenarios. It is clear that when R = 0,
PSPS scenarios are spread over most lines in the RTS-GMLC
network, leading to a higher cost, particularly for pre-event
control. To understand the impact of confident risk values,
we consider pre-and post-event formulations for a new set
of 200 PSPS scenarios limited to choosing shutoffs among
4 highest risk lines. In this case, the load shed under both
control formulations was observed to be relatively close to
each other (see Table IV). This is intuitive as the number
of possible scenarios has a high order of overlap. As such,
when the wildfire risk is known with high confidence, pre-
event control should be the right way forward as it is more
easily implementable and does not lead to any significant loss
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Fig. 6. Histogram of the PSPS scenarios generated using R = 0. The shutoffs
are spread over 54 lines, indicating low confidence in the PSPS scenarios. The
first bar in the histogram indicates that 54 unique lines are contained in at
least 1 PSPS scenario.

TABLE IV
AVERAGE LOAD SHED (IN MW) OVER ALL THE SCENARIOS FOR 200 HIGH
CONFIDENCE DAMAGE SCENARIOS

load scaling - 1.0 load scaling - 1.05

pre-event

43.79

post-event

40.79

pre-event

67.49

post-event

65.88

in cost. For low-risk confidence, our method quantifies the
optimality loss in pre-event (over post-event control).

VI. CONCLUSIONS

This paper considered the optimal topology control problem
under line shutoffs due to uncertain wildfires. We proposed a
scalable two-stage stochastic mixed-integer formulation that
minimizes cost and load shed. Numerical studies on the
practical RTS-GMLC system corroborate the performance of
the proposed topology control algorithms and demonstrate
that lower risk confidence can lead to a reduction in optimal
operation of pre-event over post-event control policies.

This work leads to several directions of work. We are cur-
rently analyzing methods to ensure fair control policies under
stochastic wildfires. Further, improved sampling strategies for
wildfire scenarios (including ones based on active/importance
sampling) will significantly enhance the current naive sam-
pling strategy.
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