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Abstract—With increasingly severe wildfire conditions driven
by climate change, utilities must manage the risk of wildfire
ignitions from electric power lines. During “public safety power
shutoff” events, utilities de-energize power lines to reduce wildfire
ignition risk, which may result in load shedding. Distributed
energy resources provide flexibility that can help support the
system to reduce load shedding when lines are de-energized. We
investigate a coordinated transmission-distribution optimization
problem that balances wildfire risk mitigation and load shedding.
We model distribution systems that include battery energy
storage systems which may support loads when transmission
lines are de-energized. This multi-period integrated transmission-
distribution optimal switching problem jointly optimizes line
switching, generator setpoints, load shedding, and battery states
of charge, posing significant computational challenges. To im-
prove scalability, we decompose the problem over both space
and time and apply a distributed optimization algorithm. Using a
large-scale synthetic California test case with realistic distribution
models and real wildfire risk data, we show that distributed
optimization can solve large-scale multi-period switching prob-
lems that are otherwise intractable for centralized solvers. We
also discuss challenges and future directions for improving the
distributed algorithm’s convergence performance as the number
of time periods increases.

Index Terms—Integrated transmission-distribution, distributed
optimization, wildfire mitigation, mixed-integer linear program

I. INTRODUCTION

Wildfires are expected to become more frequent and severe
as the climate changes. To reduce wildfire ignition risk from
electric power line faults, utilities may de-energize power
lines during high-risk periods, a practice known as “public
safety power shutoffs” [1]. De-energizing lines may cause
power outages, motivating solutions that balance wildfire risk
reduction while minimizing power outages.

This work was authored in part by NREL, operated by Alliance for
Sustainable Energy, LLC, for the U.S. Department of Energy (DOE) under
Contract No. DE-AC36-08GO28308. Funding provided by DOE Office of
Electricity, Advanced Grid Modeling Program, through agreement NO. 33652.
The views expressed in the article do not necessarily represent the views
of the DOE or the U.S. Government. The U.S. Government retains and the
publisher, by accepting the article for publication, acknowledges that the U.S.
Government retains a nonexclusive, paid-up, irrevocable, worldwide license
to publish or reproduce the published form of this work or allow others to do
so, for the U.S. Government purposes.

This work was supported by the NSF AI Institute for Advances in
Optimization (AI4OPT), #211253.

Prior work has explored optimal transmission switching for
wildfire risk reduction [2], and incorporating equity to make
power shutoffs more fair over time [3]. Recent work performed
distribution network reconfiguration and microgrid formation
to reduce wildfire risk [4], [5], and introduced formulations
which are robust to uncerainty [6].

To the best of our knowledge, this paper formulates the
first integrated transmission-distribution (ITD) co-optimization
for wildfire risk mitigation. Distributed energy resources
(DERs) provide flexibility to reduce outages during trans-
mission switching. We jointly optimize transmission line de-
energizations and distribution network operation over multi-
ple time periods. The problem is a large-scale, multi-time-
period mixed-integer linear program (MILP), which requires
prohibitive amounts of time and memory to solve. To improve
scalability, we decompose the problem over both space and
time and apply the alternating direction method of multipli-
ers (ADMM) distributed optimization algorithm to solve the
decomposed problem.

Previous distributed approaches to ITD optimization used
ADMM for multi-period economic dispatch [7], [8] and
transmission-distribution reserve scheduling [9]. Prior work
used small, balanced distribution networks. In contrast, we
use realistic unbalanced synthetic distribution networks with
thousands of buses each; our full test case contains over 10,000
buses. Although ADMM is not guaranteed to converge for
non-convex problems, it may be used as a heuristic to solve
mixed-integer programming problems [10]–[12]. ADMM may
provide significant computational advantages compared to
global solution methods like branch-and-bound, which suf-
fer from exponential worst-case time complexity. We find
that ADMM may solve the large optimal switching MILP
much more quickly than a state-of-the-art centralized solver.
However, when the number of time periods in our multi-
period problem is sufficiently large, ADMM suffers from slow
convergence or reaches consensus at a sub-optimal solution.
We provide associated discussion in Section IV.

Our contributions are as follows:
1) We formulate and solve a transmission-distribution

co-optimization problem to select transmission line de-
energizations which minimize wildfire risk and load
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shedding. This is the first work to coordinate transmis-
sion and distribution networks to optimize power shut-
offs under wildfire risk.

2) We develop a scalable solution by decomposing over
space and time and applying an ADMM-based dis-
tributed algorithm. To the best of our knowledge, this
paper is the first to use ADMM to solve optimal switch-
ing problems for wildfire risk mitigation.

3) We present numerical results from large-scale, realistic
systems. With a formulation that requires the transmis-
sion network to remain fully connected, our proposed
distributed approach solves this optimal switching prob-
lem much more quickly than a centralized solver when
considering up to eight time periods. We also show that
coordinated transmission-distribution optimization pro-
duces switching decisions that reduce wildfire ignition
risk compared to solving a transmission-level switching
problem alone. Removing connectivity constraints to
allow transmission islanding further reduces wildfire risk
but increases computation time.

We organize the remainder of the paper as follows: Sec-
tion II formulates the optimal switching problem, Section III
details the distributed solution method, Section IV presents
numerical results showing the improved performance from
transmission-distribution coordination and computational ad-
vantages of the distributed approach, and Section V concludes.

II. PROBLEM FORMULATION

We formulate the optimal switching problem to minimize a
weighted sum of wildfire ignition risk and load shedding over
multiple time periods. The constraints include standard power
flow physics and engineering limits, augmented to support
component shut-offs. The control variables are transmission
line energization statuses, transmission generator setpoints,
distribution bus load shed, and distribution storage system
charge/discharge setpoints. A full nonlinear AC formulation
with binary energization status variables yields a computa-
tionally intractable mixed-integer nonlinear program. The lin-
earized LinDistFlow power flow approximation [13] is widely
used to model power flow in distribution systems and, while
less common, can also be used to approximate transmission
system power flow models as well.

We use superscripts H and D to denote transmission and
distribution components, respectively. Time periods are in-
dexed by t ∈ T = {1, 2, ..., T}. Power flow in the transmission
network is modeled with a balanced single-phase LinDist-
Flow approximation, while we use an unbalanced three-phase
LinDistFlow model for the distribution network. Following
[14], we include constraints that balance the power flow
and match voltage magnitudes at the transmission-distribution
boundary.

A. Transmission Constraints

Consider a transmission network with a set of buses NH

and a set of lines LH. The active and reactive power flows
through line (i, k) at time t are pik,t and qik,t, respectively.

The binary variables ℓik,t represent the energization status at
time t ∈ T of the transmission line (i, k) ∈ LH connecting
bus i to bus k. Operational limits restrict the amount of power
flow across lines. The lower bounds on active and reactive
power flows are p

ik
and q

ik
, while the upper bounds on active

and reactive power flows are pik and qik, respectively. The line
flow is then defined as

p
ik
ℓik,t ≤ pik,t ≤ pikℓik,t ∀(i, k) ∈ LH, ∀t ∈ T

q
ik
ℓik,t ≤ qik,t ≤ qikℓik,t ∀(i, k) ∈ LH, ∀t ∈ T

(1)

so that the active and reactive power flows pik,t and qik,t must
be within their operational limits if line (i, k) is energized, and
must be 0 if line (i, k) is de-energized.

Next, we introduce the notation wi,t to represent the squared
voltage magnitude at bus i at time t. Also note that the line
resistance is rik and the line reactance is xik. For all (i, k) ∈
LH and t ∈ T , the voltage drop across line (i, k) is given as

2(rikpik,t + xikqik,t) + (1− ℓik,t)M ≤ wi,t − wk,t

wi,t − wk,t ≤ 2(rikpik,t + xikqik,t) + (1− ℓik,t)M
(2)

where M and M are big-M constants computed from voltage
magnitude limits. This constraint ensures that if line (i, k) is
energized, the voltage magnitude difference between buses i
and k follows the LinDistFlow equations, but if line (i, k)
is de-energized, the voltage magnitude difference is uncon-
strained. To see how to compute the big-M constants, note
that if the line is energized, i.e., ℓik,t = 1, then the terms with
big-M constants vanish from both inequalities and the volt-
age magnitude difference follows the LinDistFlow equations.
However, if the line is de-energized and thus ℓik,t = 0, then we
must allow wk,t − wi,t to take on any possible values. Since
voltage magnitudes at every bus are constrained by (5), we
can easily compute M = V 2

i − V
2

k and M = V
2

i − V 2
k. Note

that by (1) we know that if ℓik,t = 0 then pik,t = qik,t = 0,
so we need not consider the term 2(rikpik,t + xikqik,t) when
computing the big-M constants.

For all t ∈ T , we apply power balance constraints:

pik,t = −Pk,t +
∑

m:k→m

pkm,t ∀(i, k) ∈ LH

qik,t = −Qk,t +
∑

m:k→m

qkm,t ∀(i, k) ∈ LH
(3)

Here, Pi,t and Qi,t represent the active and reactive power
injections, respectively, at bus i.

At each bus i ∈ NH, the injected power is given by

Pi,t =
∑
m∈Gi

P g
m,t −

∑
m∈Di

P d
m,t

Qi,t =
∑
m∈Gi

Qg
m,t −

∑
k∈Di

Qd
m,t

(4)

where P g
m,t and Qg

m,t denote the active and reactive power
generated at generator m at time t, and P d

m,t and Qd
m,t denote

the active and reactive power consumed at load m at time t.
Also, Di denotes the set of loads at bus i and Gi denotes the
set of generators at bus i.
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We also bound the voltage magnitudes at all buses:

V 2
i ≤ wi,t ≤ V

2

i ∀i ∈ NH, ∀t ∈ T (5)

We may also want to ensure that the transmission network
remains connected after switching. To do so, we use a network
flow formulation that introduces an artificial commodity as
in [15]. The reference bus supplies NH − 1 units of the
commodity, and every other bus must consume one unit. Let
S denote the one-element set containing the reference bus.
We introduce artificial flow variables fik,t across each branch
(i, k). The constraint for artificial commodity flow balance at
each node other than the reference bus is∑

k:i→k

fik,t −
∑

k:k→i

fik,t = 1 ∀i ∈ NH \ S, ∀t ∈ T (6)

In addition, we ensure that no artificial commodity can flow
across a de-energized line:

∀t ∈ T :

− (|NH| − 1)ℓik,t ≤ fik,t ≤ (|NH| − 1)ℓik,t ∀(i, k) ∈ LH

(7)

By requiring each non-reference bus to consume one unit of
this artificial commodity and restricting flows of the artificial
commodity to the energized lines only, these constraints ensure
that there exists some path across energized lines from the
reference bus to every other bus in the network. Therefore,
the network will remain connected after switching if these
artificial flow constraints are imposed. Note that these artificial
flows are a simple way of ensuring connectivity, but more so-
phisticated methods which minimize the number of constraints
needed to maintain network connectedness during optimal
transmission switching have been explored in, e.g., [16] and
could be applied in our formulation.

B. Distribution Constraints

We model three-phase power flow in unbalanced distribution
networks with battery storage and load shedding. For simplic-
ity, we model ideal batteries with perfect efficiency, and we
model a continuous load shed at every load. Note that we use a
bold notation to indicate a vector of variables which contains
values for all phases of the bus or line. For example, for a
three-phase bus,

wi,t =
[
wa

i,t wb
i,t wc

i,t

]T
Using the same notation as in Section II-A, we denote the

squared voltage magnitudes at bus i at time t as wi,t. The
active and reactive power flows across line (i, k) are pik,t and
qik,t. The resistance is rik and the reactance is xik. When
modeling all phases in the distribution network, rik and xik

are matrices with terms that reflect self-impedance as well as
mutual impedances between phases. For all (i, k) ∈ LD and
t ∈ T , the difference in squared voltage magnitudes between
buses i and k is

wk,t = wi,t −MP
ik,tpik,t −MQqik,t (8)

where we have that

Γ =

 1 α2 α
α 1 α2

α2 α 1


for α = exp(−j 2π

3 ) and

MP = 2
(
ℜ(Γ)⊙ rik + ℑ(Γ)⊙ xik

)
MQ = 2

(
ℜ(Γ)⊙ xik −ℑ(Γ)⊙ rik

)
where we denote A ⊙ B as the element-wise product of A
and B. Also note that j =

√
−1, and ℜ and ℑ are the real

and imaginary part operators, respectively.
For all t ∈ T , power balance is given by

pik,t = −P k,t +
∑

m:k→m

pkm,t ∀(i, k) ∈ LD

qik,t = −Qk,t +
∑

m:k→m

qkm,t ∀(i, k) ∈ LD
(9)

where P k,t and Qk,t represent active and reactive power
injections at bus k.

The formulation also allows load shedding, which may be
necessary given transmission line de-energizations. Previous
papers on transmission line switching generally model a
continuous load shed at bulk transmission loads [2], [3]. We
model a continuous load shedding at individual distribution
loads. In practice, load shedding would be actuated by opening
switches in the distribution networks. Our future work includes
more accurately modeling load shedding by making binary
switching decisions to de-energize blocks of loads in the
distribution network. For the purposes of this paper, we use
a continuous variable si,t ∈ [0, 1] to denote the proportion of
load served at bus i at time t. For example, if si,t = 0.8, then
20% of the load at bus i is shed during time period t. The
power injections at each bus account for storage devices and
load shedding at that bus:

P i,t =
∑
m∈Si

P s
m,t − si,t

∑
m∈Di

P d
m,t

Qi,t =
∑
m∈Si

Qs
m,t − si,t

∑
m∈Di

Qd
m,t

(10)

Here, P s
m,t and Qs

m,t represent active and reactive power
injections from storage device m at time t. Similarly, P d

m,t

and Qd
m,t represent the active and reactive power demands

from load m at time t.
We also limit the voltage magnitudes at bus i as

V 2
i ≤ wi,t ≤ V

2

i ∀i ∈ ND, ∀t ∈ T (11)

where V 2
i , V

2

i are vectors of the lower and upper bounds,
respectively, on the squared voltage magnitudes at bus i.

Each distribution network may contain battery energy stor-
age systems. We use an ideal storage model with perfectly
efficient charging and discharging. The variable Ci is positive
when the storage system is charging and negative when it
is discharging. The state of charge Ei is bounded by its
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energy capacity Ei. There are also bounds on the charg-
ing/discharging power, where Ci denotes the lower bound that
limits discharging power and Ci is the upper bound which lim-
its charging power. We assume that the charging/discharging
power Ci is fixed during each time period t ∈ T :

Ei,t −Ei,t−1 = Ci ∀i ∈ ND (12)

0 ≤ Ei,t ≤ Ei ∀i ∈ ND (13)

Ci ≤ Ci ≤ Ci ∀i ∈ ND (14)

C. Transmission-Distribution Boundary

We collect the buses at transmission-distribution boundaries
into a set β containing tuples (bH, bD) ∈ β where bH is
the transmission bus and bD is the distribution bus. On the
transmission side, we have modeled single-phase equivalent
power flow from each transmission boundary bus bH to the
corresponding distribution boundary bus bD. On the distribu-
tion side, we have modeled three-phase power flow from the
distribution boundary bus to its corresponding transmission
bus. To ensure that these power flows are consistent, we
impose the following constraints:

∀(bH, bD) ∈ β, ∀t ∈ T :

pHbHbD,t +
∑

ϕ∈ΦbD

pD,ϕ
bDbH,t

= 0

qHbHbD,t +
∑

ϕ∈ΦbD

qD,ϕ
bDbH,t

= 0

(15)

where Φi is the set of phases at a given bus i. The constraints
in (15) ensure that the transmission model’s power flow across
the boundary toward the distribution side is equal and opposite
to the sum across all phases in Φi of the distribution model’s
power flow across the boundary toward the transmission side.
We also require that voltage magnitudes on either side of the
boundary bus are equal:

wH
bH,t = wD,ϕ

bD,t
, ∀ϕ ∈ ΦbD , ∀(bH, bD) ∈ β, ∀t ∈ T (16)

This formulation results in balanced voltage magnitudes at
distribution substations, an assumption made by the integrated
transmission-distribution software in our experiments [14].

D. Objective Function

To these constraints, we add an objective function inspired
by [2], [3], which balances wildfire risk with load shedding:

C(ℓ, s) =
∑
t∈T

[
γ

∑
(i,k)∈LH

ρik,tℓik,t

+ (1− γ)
(∑
i∈ND

si,t
∑
ϕ∈Φi

−P d,ϕ
i,t

)] (17)

Here, ρik is the wildfire ignition risk for line (i, k) at time t,
and P d,ϕ

i,t is the active power demand at phase ϕ of bus i
during time period t. Also, the parameter γ allows controlling
the tradeoff between load shedding and wildfire risk. The cost
function depends on both ℓ, the vector of all transmission line
energization statuses, and s, the vector of all bus load sheds.

To summarize, the optimal switching problem for wildfire
risk mitigation is the following mixed-integer linear program:

min
ℓH,pH,qH,wH,

sD,pD,qD,wD,CD,ED

(17)

s.t. (1) − (16)

(18)

III. DECOMPOSITION AND DISTRIBUTED OPTIMIZATION

We solve the large-scale optimal switching problem by de-
composing other space and time with ADMM. Figure 1 shows
how a small example system is decomposed, where each block
represents a separate subproblem. The dashed lines represent
coupling constraints between the central transmission network
and its attached distribution networks at each time period.
At the transmission level, we decompose across time periods
to manage complexity from binary switching variables. Dis-
tribution subproblems cover all time periods because energy
storage introduces many state-of-charge constraints that couple
time periods. Decomposing distribution networks over time
would result in thousands of coupling constraints between
subproblems, slowing convergence.

𝒕 = 𝟏

𝒕 = 𝟐
𝒕 = 𝟐

𝒕 = 𝟏

Transmission bus

Distribution bus

Energy storage system

State of charge time coupling Boundary variable coupling constraints

Decompose

Contains individual subproblem

Fig. 1: This figure shows the decomposition of the multi-period
problem. Dashed lines show the time coupling between energy
storage systems’ states of charge. After decomposition, each
transmission network at each time period forms a subproblem.
Each distribution network across all time periods forms a sub-
problem. Dotted lines show the coupling constraints between
subproblems’ copies of boundary variables.

Since transmission subproblems cover one time period,
there are |T | transmission subproblems, which take the form

min
ℓH,pH,qH,wH

pD,qD

γ
∑
t∈T

∑
(i,k)∈LH

ρik,tℓik,t

s.t. (1) − (7)

(19)

The number of distribution subproblems is equal to the number
of distinct distribution networks. These distribution subprob-
lems take the form

min
pH,qH,sD,

pD,qD,wD,CD,ED

(1− γ)
∑
t∈T

( ∑
i∈ND

si
∑
ϕ∈Φi

−P d,ϕ
i,t

)
s.t. (8) − (14)

(20)

This report is available at no cost from NREL at www.nrel.gov/publications.

4



To model the interaction between transmission and distribution
subproblems, we introduce virtual buses at their boundaries.
For transmission subproblems, the distribution network is
represented by a three-phase virtual bus with a generator that
can inject or consume unlimited active and reactive power.
Similarly, each distribution subproblem includes a copy of the
transmission boundary bus with a virtual generator.

The ADMM algorithm [17] solves the general problem

min
x∈X ,z∈Z

f(x) + g(z)

s.t. Ax+Bz = c
(21)

To write the decomposed optimal power shut-off problem
in ADMM form (21), we collect the variables belonging to
every subproblem in a vector x. That is, x contains variables
from transmission subproblems representing the lines’ power
flows pH, qH, the lines’ energization statuses ℓ, the buses’
squared voltages wH, the buses’ power injections PH,QH,
and artificial flows for connectivity f . From the distribution
subproblems, x also contains variables representing the lines’
power flows pD, qD, the buses’ squared voltages wD, the
buses’ power injections PD,QD, the buses’ load sheds sD,
the battery energy storage systems’ states of charge ED, and
the batteries’ charging/discharging power CD. Here we have
indexed variables with H and D to indicate whether they be-
long to the transmission or distribution systems, respectively.
We must also include in x the voltage magnitude and power
injection variables at virtual buses in the subproblems.

Next, we introduce a “central” copy of the variables at
the virtual buses, and gather these central variables into a
vector z. This formulation with “central” variables allows us
to use the ADMM algorithm, which is designed to optimize
over two sets of variables with simple coupling constraints, to
solve a problem with parallel subproblems over many regions
of the power system. Let the tilde notation indicate central
variables in the vector z, so that, for example, w̃m is the
central copy of the squared voltage magnitude at bus m. For
a transmission subproblem with boundary bus m and virtual
distribution boundary bus n′, the constraints are as follows:

wm = w̃m

wn′
ϕ
= w̃nϕ

∀ϕ ∈ Φn
(22)

pmn′ = p̃mn, qmn′ = q̃mn

pn′
ϕmϕ

= p̃nϕmϕ
, qn′

ϕmϕ
= q̃nϕmϕ

∀ϕ ∈ Φn
(23)

Similarly, for a distribution subproblem with boundary bus n
and virtual transmission boundary bus m′, the constraints are:

wm′ = w̃m

wnϕ
= w̃nϕ

∀ϕ ∈ Φn

(24)

pm′n = p̃mn, qm′n = q̃mn

pnϕm′
ϕ
= p̃nϕmϕ

, qnϕm′
ϕ
= q̃nϕmϕ

∀ϕ ∈ Φn
(25)

The constraints (22) and (24) ensure that the transmission
and distribution subproblems agree on voltage magnitudes at
the boundary, while the constraints (23) and (25) ensure that

the transmission and distribution subproblems agree on power
flows across the boundary.

The ADMM algorithm augments the Lagrangian function
for (21) with a penalty term. The augmented term typically
penalizes the squared ℓ2-norm of the coupling constraint
violations, ||Ax+Bz−c||22. However, quadratic programs may
experience more numerical problems compared to linear pro-
grams during execution of Gurobi’s simplex or interior-point
algorithms [18]. To improve subproblem numerics, we run the
ADMM algorithm on the ℓ1-norm augmented Lagrangian:

Lα(x, z,λ) = f(x) + g(z) + λT (Ax+Bz − c)

+ α||Ax+Bz − c||1
(26)

Here, λ contains the dual variables for each coupling con-
straint in (21). The penalty parameter α is user-selected.

At each iteration k, the ADMM algorithm minimizes over
the x and z variables separately, while holding all other
variables fixed, and then updates the dual variables. The
variable updates at iteration k are as follows:

xk+1 = arg min
x

Lα(x,z
k,λk) (27)

zk+1 = arg min
z

Lα(x
k+1, z,λk) (28)

λk+1 = λk + α(Ax+Bz − c) (29)

The x-update step corresponds to solving all transmission
and distribution subproblems in parallel. The transmission and
distribution subproblems are in (19) and (20), respectively, but
the relaxed coupling constraints augmented with the ℓ1-norm
penalty as shown in (26) are added to the objective. The trans-
mission subproblems are mixed-integer linear programs, while
the distribution subproblems are linear programs. Transmission
subproblems cover single time periods and scale according to
the number of buses and branches in the system. Distribution
subproblems cover all time periods and scale according to the
number of buses, lines, switches, and storage systems in the
system.

IV. CASE STUDY

We construct a test case using the CATS (California Test
System) [19] and SMART-DS synthetic distribution networks
[20]. We attach eight distribution networks from the SMART-
DS San Francisco dataset to a section of the CATS system
in the San Francisco region. We place battery energy storage
systems randomly at 30% of the low-voltage nodes in the
distribution networks, each with energy capacity randomly
selected between 45 and 100 kilowatt-hours. Next, we aggre-
gate distribution loads and the energy capacities of storage
devices at voltage levels below 7 kV. The full test case
contains buses and lines at voltage levels from 7 kV through
230 kV. The transmission system consists of 155 buses, 15
generators, and 171 branches. The distribution system, across
all networks, contains 15,083 buses, 15,496 lines and 1203
battery energy storage systems. Since optimizing over the
unbalanced distribution system requires modeling each phase
separately, we also note that there are 24,823 individual nodes
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across all buses. Wildfire ignition risk values are selected using
the “high-risk cumulative” metric described in [21], based on
the wind-enhanced fire potential index (WFPI) from the United
States Geological Survey [22].

All experiments ran on the Georgia Institute of Technology
PACE high-performance computing cluster. Each experiment
consisted of solving the optimal switching problem for wildfire
risk mitigation over some number of time periods T , using one
PACE CPU compute node equipped with two 12-core 2.7 GHz
processors and 192 GB RAM. Any algorithm that did not
converge within a 48-hour time period was terminated. We
first present results with the connectivity constraints (6)–(7)
included. We compare distributed and centralized computa-
tion times, evaluate the effect of coordinated transmission-
distribution switching, and discuss whether the distributed
method finds optimal solutions. Next, we present results
for the optimal switching problem without the connectivity
constraints. For our problem, this significantly reduces wildfire
risk but increases computation time.

A. Comparing Central and Distributed Computation Time

We compare a centralized solution method, which solves
the full MILP directly with Gurobi, to the distributed solution
method described in Section III. We terminate the central solu-
tion method when the MIP gap reaches 0.1%, and also solve
distributed subproblems to a 0.1% MIP gap. We terminate
the distributed algorithm when the norm of the mismatches
between subproblems’ shared variables falls below ϵ = 10−4.

Figure 2 shows the runtimes for each method as we increase
the number of periods in the multi-period problem. When
the problem is sufficiently large, we see that the distributed
method performs much better than the centralized method
(e.g., approximately an order-of-magnitude faster with eight
periods). In the future, we could potentially achieve further
computational speedups by distributing suproblems across
multiple computing nodes in addition to the parallelization
across computing cores as in this paper.

For nine or more time periods, the central method fails
to converge within 48 hours, at which point the MIP gap is
54.1% or higher. The distributed method also fails to find the
optimal solution for nine or more time periods, converging to
a sub-optimal solution which may be more costly than simply
solving a transmission switching problem without accounting
for distribution network flexibility. We discuss the problem of
sub-optimality further below in Section IV-C.

B. Effect of Coordinated Transmission-Distribution Switching

We show how solving an ITD optimal switching problem
produces transmission switching decisions that reduce wildfire
ignition risk more than solving only a transmission-level
problem. The “transmission-only” problem neglects energy
storage in distribution networks and places aggregate loads
at the distribution boundary buses. We present results for the
optimal switching problem solved over eight time periods, the
highest number of periods for which the distributed algorithm
reached the optimal solution. Figure 3a shows the total wildfire

Fig. 2: Comparing computation time for the central solution
method using the Gurobi solver vs. our distributed solution
method.

risk, i.e., the sum of the risk values on all energized lines, at
each period. Observe that the ITD problem selects different
switching decisions than the transmission-only problem, which
slightly reduces the wildfire ignition risk for the last two
time periods. Although risk reduction was relatively small for
this test case, it could be more significant for scenarios with
more high-risk transmission lines. Figure 3b shows the total
load shed in MW at each time period t. The ITD problem
leverages distribution energy storage systems to schedule less
load shedding compared to the transmission-only problem.

C. Discussion on Optimality

Although ADMM does not provide convergence guarantees
for non-convex problems, previous work suggests that ADMM
can find good solutions to mixed-integer problems [10]–[12].
For our problem, the centralized solver converged within
48 hours for the 2-, 3-, 4-, 5-, 6-, 7- and 8-period cases,
enabling a comparison between the centralized and distributed
solutions. Our metric is the cost percent difference between the
central objective cost f c and the distributed objective cost fd,
computed as (fd−f c)/f c. The cost percent difference is less
than 0.1% (the MIP gap tolerance) for all these cases.

However, over nine or more time periods, the distributed
approach converged to a sub-optimal solution. Lacking a
centralized solution for nine or more time periods, we used
the “transmission-only” solution described in Section IV-B
for comparison. The transmission-only problem models each
distribution network as an aggregate load, neglecting the
energy storage systems. Clearly, the optimal ITD solution,
which leverages energy storage to support loads, should be
no more costly than the optimal transmission-only solution.
For cases with nine or more periods, the distributed algorithm
converged to a sub-optimal solution with higher cost than the
“transmission-only” solution.

Our future work will investigate improvements to the dis-
tributed algorithm to achieve better solutions for large multi-
period problems. The authors of [12] suggest using ADMM as
a heuristic, running the distributed algorithm several times with
different penalty parameters and initializations and selecting
the best result. We may also explore better methods for
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(a) Comparing the total wildfire risk, i.e., the sum of risk values on
all energized lines, between the transmission-only problem and the
ITD problem.

(b) Comparing the total load shed in MW between the transmission-
only problem and the ITD problem.

Fig. 3: This figure compares results from the ITD optimal
switching problem to a transmission-only switching problem
that neglects the distribution network storage systems. The
ITD problem makes switching decisions which reduce wildfire
risk compared to the transmission-only problem, and schedules
less load shedding.

initializing the primal and dual variables associated with the
coupling constraints, perhaps by solving some transmission-
level problem with reduced models of the distribution net-
works. We may also leverage new machine learning techniques
to perform data-driven penalty parameter tuning, such as the
reinforcement learning approach in [23].

D. Removing Connectivity Constraints

In this section, we explore solving the optimal switching
problem without connectivity constraints (6)–(7) that require
the transmission network to remain fully connected after
switching. In Figure 4, we compare the computation time for
the centralized solver, Gurobi, with the computation time for
our distributed method. Without the connectivity constraints,
the optimal switching problem takes longer to solve, and
for six or more time periods the centralized solver fails to
converge within 48 hours. The distributed algorithm fails to
converge within 48 hours for seven or more time periods.
We also perform the comparison described in Section IV-B to
demonstrate the effect of solving an ITD problem rather than
a transmission-only problem. The effect is more significant

here than in Section IV-B because removing the connectivity
constraints increases the number of transmission lines which
may be de-energized. Figure 5a shows the total wildfire risk,
or the sum of risk values on all energized lines, and Figure 5b
shows the total load shed in MW. The ITD problem de-
energizes enough risky transmission lines that the total wildfire
risk is near zero across all time periods.

Fig. 4: Comparing computation time for the optimal switch-
ing problem without connectivity constraints for the central
solution method using the Gurobi solver vs. our distributed
solution method.

For this test case, when the transmission network is not
required to be fully connected, solving the ITD optimal switch-
ing problem significantly reduces wildfire risk and schedules
less load shedding compared to the transmission-only problem.
Although the distributed algorithm converges more quickly
than the centralized solver, it is still too slow to find a good
solution for more than seven time periods.

V. CONCLUSION

This paper presents a coordinated transmission-distribution
optimal switching problem to reduce wildfire ignition risk
while minimizing load shedding. To address the computational
challenges of solving the multi-period mixed-integer linear
program on a large-scale test case, we explore a distributed
solution method. We propose decomposing the problem over
space and time into smaller subproblems. Then, we use
an ADMM-based distributed algorithm to solve the decom-
posed problem. Given the same computing resources, our
distributed method significantly outperforms the centralized
solver on some problems. We also find that the coordinated
transmission-distribution problem, which leverages battery en-
ergy storage systems in the distribution networks to support
loads, selects different line de-energizations which reduce
wildfire risk compared to solving only a transmission-level
problem.

However, the distributed algorithm does not provide opti-
mality guarantees for mixed-integer programs, and reached
sub-optimal solutions for sufficiently large problems. When
attempting to solve the optimal switching problem over more
than eight time periods, the centralized solver failed to con-
verge and the distributed algorithm converged to a sub-optimal
solution. Our future work includes improving the distributed
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(a) Comparing the total wildfire risk, i.e., the sum of risk values on
all energized lines, between the transmission-only problem and the
ITD problem when solving without connectivity constraints.

(b) Comparing the total load shed in MW between the transmission-
only problem and the ITD problem when solving without connectivity
constraints.

Fig. 5: This figure performs the same comparison as Figure 3
between the wildfire risk and load shedding computed by the
ITD optimal switching problem and the transmission-only op-
timal switching problem. However, this figure presents results
for solving the problem without requiring the transmission
network to remain fully connected. In this case, the ITD
problem significantly reduces wildfire risk by de-energizing
more transmission lines than the transmission-only problem,
and using distribution network storage systems to support
loads.

algorithm’s convergence performance. Potential directions in-
clude finding better initializations and using machine learning
for data-driven penalty parameter tuning. We also intend to
make the load shed model more realistic by making switching
decisions at the distribution level to de-energize blocks of
loads.
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