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Abstract

Incorporating energy storage systems (ESS) into power systems has been studied in many
recent works, where binary variables are often introduced to model the complementary nature of
battery charging and discharging. A conventional approach for these ESS optimization problems
is to relax binary variables and convert the problem into a linear program. However, such linear
programming relaxation models can yield unrealistic fractional solutions, such as simultaneous
charging and discharging. In this paper, we develop a regularized Mixed-Integer Programming
(MIP) model for the ESS optimal power flow (OPF) problem. We prove that under mild condi-
tions, the proposed regularized model admits a zero integrality gap with its linear programming
relaxation; hence, it can be solved efficiently. By studying the properties of the regularized MIP
model, we show that its optimal solution is also near-optimal to the original ESS OPF problem,
thereby providing a valid and tight upper bound for the ESS OPF problem. The use of the
regularized MIP model allows us to solve a trilevel min-max-min network contingency problem
which is otherwise intractable to solve.

1 Introduction

Modern electrical grids have undergone significant transformations in the past few decades with in-
creased integration of renewable energy resources and distributed energy resources. In spite of many
benefits brought by these new entrants, power grids are also experiencing increased uncertainties
due to inherent dependency on weather and short-term demand forecasts, which are challenging
to accurately predict. To mitigate these challenges, many Independent System Operators (ISOs)
are turning their attention to energy storage systems (ESS), also referred to as batteries for conve-
nience in this paper. In their most recent annual study, the U.S. Energy Information Administration
(2023) predicted 160 gigawatts of total installed battery storage capacity in the U.S. by the year
2050.

The introduction of ESS naturally leads us to revisit existing optimization problems in light
of this new market entrant. Some previous studies include unit commitment problems with hydro
storage (see, e.g., Jiang et al. 2012), economic dispatch problems (see, e.g., Yan et al. 2016), optimal
bidding strategy for battery operators (see, e.g., Jiang and Powell 2015), planning problems for wind
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farm and battery siting (see, e.g., Qi et al. 2015), and control policy problems for optimizing the
revenue of battery operators (see, e.g., Salas and Powell 2018).

In this paper, we study the problem of incorporating ESS in the optimal power flow (OPF)
problem. Incorporating batteries into the OPF problem adds a unique complexity since a battery
can act as both a demand and a generator depending on whether it is charging or discharging.
This introduces binary variables, making it a mixed-integer program (MIP) and difficult to solve
planning problems of multi-level optimization. Here, we propose a new MIP model for the DC
OPF problem with ESS that has a zero-integrality gap under certain conditions and we apply the
model to a long-term planning problem to show the efficacy of the model.

1.1 Relevant Literature

Modeling the DCOPF problem with ESS has been of interest for more than a decade. Chandy et al.
(2010) proposed a simple OPF model incorporating ESS, demonstrating a pattern for the state-of-
charge of a battery under the assumption of it being lossless for the case with a single generator
and a single demand load. However, this model oversimplifies the reality that batteries do incur
losses. Sioshansi et al. (2022) summarized several essential constraints for energy storage models
including the energy loss factors with a round-trip efficiency of less than 1. These constraints form
the basis of many works that embed ESS in their corresponding optimization models (see the details
in Lohndorf and Wozabal 2023, Wu et al. 2023). Yet the model admits a computationally simple
structure and fails to account for the complementary nature of charging and discharging.

A more accurate model of battery operations formulates the problem with binary variables to
represent the complementary nature of charging and discharging for a battery. Although binary
variables represent more realistic battery operations, mixed-integer models are more challenging to
solve due to the nonconvex nature of the resulting formulations. To avoid this complexity, many
papers use convex constraints to model the battery operations (see, e.g., Pozo et al. 2014, Lorca
and Sun 2016, Kody et al. 2022). Specifically, Pozo (2022) summarized various linear programming
(LP) formulations that are valid relaxations of the MIP. However, these simple convex models may
yield unrealistic solutions for the sake of simplicity. This issue has been discussed in Arroyo et al.
(2020), where counterexamples demonstrate that a battery charges and discharges simultaneously
despite satisfying all conditions presented for strong convex relaxation models.

The scarcity of long-term planning studies that include ESS could be attributed to the lack of
realistic yet efficient models for DCOPF with batteries, despite its potential to enhance reliability
in the smart grid. The N — k contingency problem is one of these critical long-term planning
problems that addresses disruptions or attacks within a system. Power grids face contingencies
stemming from cyber-security attacks (see U.S. Department of Energy 2021) as well as unforeseen
transmission line failures due to various physical threats, including an increasing frequency of
wildfire incidents over the years. While Yang and Nagarajan (2022) studied optimal power flow
under N —1 contingency in power systems, to the best of our knowledge, no prior work has studied
the battery placement problem under N — k contingency.

1.2 Summary of Contributions

In this paper, we propose a regularized MIP model for battery operations in the DC optimal power
flow problem. The main benefits of the regularized MIP model are summarized below.

o Regularized MIP model with zero integrality gap. In the exact battery model, one must
enforce p{p = 0, where p§ and p¢ are the amount of power being used to charge and discharge
a battery at time ¢, respectively. One can view this as enforcing a very specific sparsity



condition. Often, sparsity is achieved by the addition of an ¢; regularizer penalty (see, e.g.,
Tibshirani 1996, Dey et al. 2022). In the same spirit, we perturb the original objective
function of DCOPF with batteries by adding #; regularizers with respect to p{ and p{ for
all times t. We prove that under mild conditions that are standard in most of the literature
(see, e.g., Pozo 2022, Kody et al. 2022) and for a sufficiently large penalty, where the penalty
value depends only on the efficiency of the battery (see details in Section 3), the regularized
MIP has zero integrality gap with its LP relaxation. This regularized MIP model achieves the
goal of being simple to solve yet produces feasible solutions for the actual battery operations.
Moreover, the required penalty value is quite small for standard battery efficiencies, thus
yielding near-optimal solutions in all our studies.

o High-quality upper bound. The optimal solution to the regularized MIP model is a feasible
solution to the original MIP and provides a valid and tight upper bound. We formally study
the structural difference between the optimal solution to the regularized problem and the
original battery problem, provide an exactness condition, that is a condition under which we
obtain the same solution, and prove a worst-case bound on the gap between their optimal
objective values. We also evaluate our regularized MIP with a specific choice of regularizer
parameter and empirically show that in practice the relative gap is small.

e Application to a long-term planning problem. Leveraging the benefit of having no integrality
gap for the regularized MIP, we examine the challenging application of trilevel min-max-min
problem involving binary decision variables at each level. At the outermost level, a network
designer is planning the locations of the batteries. The middle level is an interdictor allowed
to attack a budgeted amount of the network. The innermost minimization problem is the
system operator solving a DCOPF problem with batteries. Using our regularized model in
the third level allows us to replace an integer program with its LP relaxation. We can then
take the dual of this LP relaxation, thus allowing the problem to be reduced to a bilevel
problem with bounded dual variables (see details in Section 4). The resulting bilevel problem
can now be solved more efficiently with existing combinatorial algorithms (see Bienstock and
Ozbay 2008 and Yang and Nagarajan 2022). We empirically test on instances with up to 2000
nodes and are able to solve this class of challenging trilevel instances in less than 6 hours.
To the best of our knowledge, this is the first time that the N — k contingency problem for
battery operations has been studied. This model may be of independent interest to the power
systems research community.

Organization. The remainder of the paper is organized as follows. Section 2 provides a detailed
mathematical formulation of the DCOPF with ESS. Section 3 introduces the regularized MIP
model, presents its structural properties, and provides a comparison against the original MIP
model. Section 4 introduces the trilevel N — k contingency problem with ESS siting. Section 5
details the experimental settings and shows the computational results that demonstrate the power
of using regularized formulation. Section 6 concludes the paper.

Notation. The following notation is used throughout the paper. We use bold letters (e.g., x,y)
to denote vectors and matrices and use corresponding non-bold letters to denote their components.
Given an integer n, we let [n] := {1,2,...,n}, and use R?} := {x € R" : 2; > 0,Vi € [n]}. We
let e be the vector or matrix of all ones and let e; be the i-th standard basis vector. Additional
notations are introduced as needed.



2 OPF Formulation with Energy Storage Systems

In this section, we present the mathematical model for the DCOPF problem with batteries placed
at a subset of network buses. Consider a network with a set of buses denoted as N and a set
of transmission lines denoted as £. The batteries are placed at a subset of buses N, C N. For
simplicity, we assume that all batteries within the network have the same initial state-of-charge
and configuration of efficiency level, lower and upper bounds on state-of-charge, charging rate,
and discharging rate. Moreover, we assume these parameters remain unchanged over time. Our
results on the regularized formulation in the next section do not require these assumptions. Let set
T ={1,...,T} represent the finite time horizon with equal time intervals. At each time t € T, we
decide the power output of each generator pf’i at bus i € NV, taking into account the minimum and
maximum generation limits, denoted by G;"** and Glr-nin, respectively, i.e.,

G <, <GP, VET, ieN. (1)

Notice that if there is no generator at a certain bus i € N, we set G?ﬁ“ = G;"™ = 0. We also decide
the power flow f;;; through transmission line (i, j) € £ subject to the limit for both directions
Fi]’, i.e.,

— Fi; < fiij < Fij, vteT, (i,j) € L. (1b)

The flow on a transmission line is proportional to the difference in phase angles of the corresponding
buses:

ftij = Bij(0ri — 6:5), vteT, (i,j) € L, (1c)

where B;; is the susceptance of the transmission lines (i, j) € L.

For batteries placed at certain nodes ¢ € N}, we determine the operations of the batteries. Since
a battery can only charge or discharge at a given time point, we use a binary variable u;; € {0,1}
to denote charging (u;; = 1) and discharging (u;; = 0) states. When a battery is charging, we
decide the charging amount p;; subject to its upper and lower limits, denoted as E;*** and Emin
respectively. Similarly, when the battery is discharging, we decide the discharging amount pgi

subject to its upper limit E'** and lower limit Eg‘in, ie.,

Ef:mnut,i < pii < B, Vte T, ieN,, (1d)
E;lnin(l —up;) < pgi < EF*(1 — ugy), Vte T, ieN,. (le)
We use 7. € (0,1] to denote the charging efficiency and 1/n4 € [1,00) to represent the discharging
efficiency, accounting for energy losses incurred during imperfect round-trip energy conversions,
which may result from factors such as friction. The state-of-charge, represented by p;,;, evolves

based on the amount of battery charging and discharging. We assume an initial state-of-charge to
be Eo, i.e.,

Py =Di 1+ e P — 1/na- pi, Vte T, i€ N, (1f)
po.i = Eo, Vi € Np. (1g)

Note that we have 1. < 1/n4, since otherwise, (1f) may result in arbitrage power.
The state-of-charge of batteries is subject to upper and lower bounds for reliable operations,
ie.,

Emin < pii < Emax’ YVt € T, 1€ Nb. (1h)



In case there are no batteries at certain nodes i € N\ N, all battery-related variables are set to
Zero, i.e.,

P = Db =5 =i = wi =0, VteT, i€ N\ N, (1i)

These operational decisions may lead to load shedding pffl if available power at bus i € N is
insufficient to meet the demand D;;. Conversely, the system may experience excess power pgy
if available power exceeds demand. Excess power can be interpreted as the counterpart of load
shedding. At a specific node, load shedding occurs when the available power is insufficient to meet
the demand, while excess power arises when there is more power than needed. This surplus power
can threaten grid stability and may result in curtailment (see e.g., National Renewable Energy
Laboratory 2024, Novacheck et al. 2024). With the increasing penetration of renewable energy,
which is highly variable, managing excess power is as important as managing load shedding. In
recent years, California has seen a surge in solar power being a challenge to their power grid (Osaka
2024). These variables act as slack variables and are always nonnegative:

p'®, p > 0. (1j)

It is important to note that in an optimal solution, only one of load shedding or excess power can
occur at a given time at each bus, ensuring that pffslpff =0forallie NandteT.
Altogether, these decisions must satisfy the power balance equation:

Z Jtij — Z Jtji = ptg,i — Dy —pi; +p§l,z‘ +pi,si - Diis VteT,ieN, (1k)
jest j€s;
where 6 = {j € N': (i,j) € L} and §; = {j € N : (j,i) € L}. The objective is to minimize
the system cost including generator costs as well as load shedding and excess power over the entire
network buses ¢ € N and the time horizon ¢ € 7. Since load shedding and excess power can
be detrimental to the system, usually large constant M is multiplied to estimate the cost. We
normalize the cost of load shedding and excess power to 1. We let ¢9(-) denote the normalized
generator cost function, which is usually linear or convex quadratic.
For the rest of the paper, for simplicity, we use p = (p?, p*, p°, p?, p'*, p°®), the system-wide

cost c(p) = I(P9) + D ieT 2ien (pf;(”Z +pff’;7), T = |T|, N = |N|, and N, = |[Np|. Using these
notations, we are now ready to introduce the DCOPF problem with the battery, that is,

2o = gr}ain {c(p): (1a) — (1k), u € {0, 1}TXN}. (Battery)
b ?p?u

Without loss of generality, we assume that 0 < F;; for all (i,7) € £, 0 < G» < G for each
1eN,0< Emin < Emex 0 < E(I:nin < EP** and 0 < E&“in < B}, Hence, it follows immediately
p’, p°, p°, p* > 0.

3 Regularized MIP Model

In this section, we first introduce a regularized MIP model and provide conditions such that this
regularized MIP has the same optimal objective function value as its LP relaxation. To sim-
plify the notation, we employ the function g(-) to map p to a two-dimensional vector: g(p) =

(ZtET DieN Phis DoteT 2uieN pg l) . Now, we introduce a regularization function aimed at penal-
izing p® and p? with a given A = (X, \g)" € Ri, that is,

Z'(A) = 071}17%?711‘ {c(p) +ATg(p): (1a) — (1k), u € {0, 1}TXN} . (Reg-Battery)



Note that A and )\ are the penalty terms with respect to the normalized cost of load shedding p**
and the excess power p®*. In (Reg-Battery) problem, the only binary decision is u € {0, 1}7*¥,
By relaxing this binary variable w to be continuous, we have the following convex relaxation for
(Reg-Battery) problem:

2% ®B(A) = OI?i;lu {c(p) +ATg(p): (1a) — (1k), u € [0, 1]TXN} . (LP-Reg-Battery)

One of our main results in this section is to provide nontrivial sufficient conditions such that
(Reg-Battery) problem and (LP-Reg-Battery) problem have the same optimal objective function
value.

Theorem 1. Suppose that EP® = Eélnin = 0. If A\¢ + nengra > 1 — neng, then we have that
Z"8(X) = 2 ®(A).

Proof. (LP-Reg-Battery) problem is a relaxation of (Reg-Battery) problem, so it remains to show
that an optimal solution to (LP-Reg-Battery) problem is achieved with u;; € {0,1} for all t € T
and i € N, which is equivalent to showing that pf; = 0 or pgi =0forallt e 7 and i € N.

Let ((/9\, f,ﬁ, u) be an optimal solution to (LP-Reg-Battery) problem. Suppose that p. ;. > 0 and
Pl i+ > 0 for some ¢* € T and " € N. We show that we can always find another feasible solution
(0, f,p, ) such that at most one of Pis j+ and ﬁf*ﬂ-* is positive for this given t* € T and * € N and

the corresponding objective value is at least as good as that of (é, f, P, u). Such a solution can be
constructed as follows:

6=06, f=Ff p'=p% p°=p°,

B = max{p},; — pti/ (nena), 0}, VteT,ieN, (2a)
pYs = max{p}; — nenapy 0}, VieT,ieN, (2b)
ﬁffsz = max{—pj, +ﬁ?,i + ﬁtsz —Dpii t D — ﬁ?,m 0}, vteT,ieN, (2¢)
Pr; = max{py; — ﬁ;‘/iz - ﬁffsz +Phi — Pri t ﬁffi,ia 0}, vteT,ieN, (2d)
ar; = L{pf; >0}, VteT,ieN. (2e)

Obviously, (0, f,p, @) satisfies all the constraints of (LP-Reg-Battery) problem. In particular, for
each t € T,i € N, the following equality is satisfied from the power balance equation (1k):

~ A ~ d | =l ~
—Pi;+DPri +Di — Dii = —Di; + Pty + Py — Dii- (3)

We also note that ﬁf,iﬁg,i = 0. Suppose otherwise that p;, > 0 and ﬁgi > 0. The first inequality

implies that nenapy,; > ﬁfl whereas the second inequality implies the opposite, ﬁfl > NendPy s @

contradiction. Since the generator level is kept the same, that is p¢ = p9, the generator cost in

¢(p) do not change, hence we will only compare the portion in ¢(p) that corresponds to the load
ls ~ex

shedding and the excess power. Now, using the fact that p;pi7 = 0 and ﬁfﬂ-ﬁgi = 0 for each
teT,ieN, it is sufficient to consider the following four cases.

(Case 1) When ﬁgi = ﬁffl = 0, the objective function of (LP-Reg-Battery) problem excluding the
generator cost portion is:

i N - 4 - -
Pri + Dy + AeDri + NaPri = Drg + APy



(Case 2)

(Case 3)

From condition (3), we have pyi = py; — Afz — ﬁtsz +Pii — D+ ﬁgi + ﬁfg"’z Then, we

substitute it for the objective value of ZLP—Reg—Battery) problem, that is,

Pri + APt = Dii — ﬁgz - 135551 +Dyi — Py + AP
Based on the construction in (2a) and (2b), together with the presumption ﬁgi =0, we
obtain the following simplification:

~d
p .
~ A - . ~ A t,
Pti— Dii — Diy +Dii — Pri+ AeDi; = Dii — Pry — D +Pei + (Ae — 1) (5?1 o 7;d>
C

1— A —nena

= _ﬁf‘/sz +DiG + APt + — == ﬁfz
NeTd

< ﬁisz +Dii + ADi; + Adﬁgi-

The last inequality follows from the assumption A. + n:.ngAq > 1 — n.ng along with the
fact that n.ng > 0.

When 15105{1' = pii = 0, the objective function of (LP-Reg-Battery) problem excluding the
generator cost portion:

) - - - - -
P + D55 + AeBf s + APt = B + Al s
From condition (3), we have
P+ Ay = —Di + Dra + B — BEs + BYs + AP

Similarly, based on the construction in (2a) and (2b), together with the presumption
ﬁgi = 0, we obtain the following simplification:

~d
- - Py

—pii + ﬁ?z + ﬁffsz —Dii t Dt + APy = —Dhi ‘f'@iﬂ' +Z/)\ftsz —pri+ (e +1) (5& o 77;)
C

1 A

~s ~er fone] c ~d
t,1 t,1 CHFta NeNd NeNd t,e

< D%+ DYS A APE s + Aabi-

The last inequality follows from the assumption that A, +7n.ngAg > 1 —neng which implies

Ad 2 _1+ﬁ - ni\;d with 7cng > 0 and 7. < 1/n4 which implies —1+nc—1ﬁd >0>1— nclnd‘

When pf; = ﬁffl = 0, the objective function of (LP-Reg-Battery) problem excluding the
generator cost portion is:

- ~ ~ ~ ~ ~d
Pfesz + D + AcPi; + )‘dpg,i = Pii + NaD-
From condition (3), we have

- ~d ~d ~ ~d ~d
Pri + NPy = Dt — Pri — D +Pii + Dy + AdDs-



Based on the construction in (2a) and (2b), together with the presumption p;; = 0, we
obtain the following simplification:

Pti— ﬁgz - 155581 + pii ‘Hﬁi + Adﬁgz‘ =D — ﬁgz - 235551 +pii + (Aa + 1)(232{1' — NenNdPy ;)
= —@lf, +pii + (L= nengAa — nena) vr; + Adﬁ,‘ii
< I/’\isz +Dii + ADi; + /\dﬁ:ﬁi,i'

The last inequality follows immediately from the assumption that A. + nengAg > 1 — neng-

(Case 4) When p7; = pi% = 0, the objective function of (LP-Reg-Battery) problem excluding the
generator cost portion is:

PL + D55 + Aebf s + MaBis = B + Nl
From condition (3), we have
ﬁllfsz + )\dﬁf,i = —pi;+ ﬁgz + ﬁisz — Dy — ﬁf,i + )\dﬁgi-

Similarly, based on the construction in (2a) and (2b), together with the presumption
p;; = 0, we obtain the following simplification:

~ A d 4 ~ | A ~d
—Pii+ D+ DPei — D — Pri + MNPty = —Di; + Pri + D — Pri + (Aa — 1) (P — 1enabt i)
~ ~d
= pri — Di + (=nenard + nena — 1) Dy, + AaDy;
< ﬁii + ﬁfﬁ + )\cﬁ;i + )\dﬁgi.

The last inequality follows from the assumption that A, +7n.ngA\q > 1 —neng which implies
Ac = —NeNaAd + 1 — nena and ne < 1/ng which implies 1 —neng > 0 > neng — 1.

Since above four cases hold for each t € 7 and ¢ € N, we have

e(B) + A g(B) = ) + 303 (B + ) A DD Ha+ da DD bt

teT ieN teT ieN teT ieN
SRS S CIE RS ) B AP B) ;7
teT ieN teT ieN teT ieN

= c(B) + AT 9(D).

This completes the proof. O
Theorem 1 demonstrates the equivalence between the optimal objective function value of (Reg-Battery)
problem and (LP-Reg-Battery) problem under regularization (for sufficiently high penalty) and the
assumption that E™" = E;lnin = 0. Note that this assumption is standard and appears in many
recent works, such as Pozo (2022) and Kody et al. (2022). The technique to devise an integral
solution by perturbing the charge and discharge levels has been used in the context of optimizing
for a single solar-battery storage system in Singh and Knueven (2021).
Theorem 1 easily leads to the following Corollary.

Corollary 1. When n. = ng = 1 for any X > 0, (Reg-Battery) problem and (LP-Reg-Battery)
problem are equivalent. In particular, when X = 0, (Battery) problem, (Reg-Battery) problem, and

reg

(LP-Reg-Battery) problem are all equivalent, i.e., z° = 2*°8(0) = 2, °(0).



Therefore, when efficiencies for both charging and discharging are 1 (i.e., the battery is lossless
and 1. = ng = 1), relaxing the integrality of battery operations is exact. However, as such does not
occur in practice, most literature concerning battery operation bases numerical experiments with
NeyNd < 1. ) ]

Finally, we remark that the two assumptions of Theorem 1, (i.e., E'™ = EJ"™ = 0 and A. +
NeNdAd > 1 — neng are the best that we may expect for the equivalence of the optimal objective
function value of the regularized MIP model and its LP relaxation. The following two examples
illustrate that (Reg-Battery) problem and (LP-Reg-Battery) problem do not have the same optimal
objective function value if either of these two assumptions in Theorem 1 is violated.

Example 1. (2"8(X) # 2,°¢(X\) when E™", E™a > () Consider a simple network with N = {1,2},
T ={1,2}, £L = {(1,2)}. Suppose one battery is placed at node 2 (there is no battery placed at
node 1) with A, = {2} and EP" = EPin = 7 Emax — pmax — o pmin — () Fmax — 4
Ep =0, and 1. = ng = 1/2.  Assume each node has one generator with G{"" = GJ® = 2 and
G = G5 = 4 and generator cost ¢?(p9) = 0. We further assume —4 < fj2 < 4 and the demand
is Di1g =2, Dia =4, Dy =6, Dyo =4. Without loss of generality, we assume that the Ohm’s
law constraint (1c) is satisfied. When A = (3/5, 3/5) ", for any 7 € (0,1/2], an optimal solution to
(Reg-Battery) problem is

1333,1 =0, 13(1:,2 = 4, 13571 =0, 135,2 =0,
ﬁﬁll,l =0, ﬁilz =0, ﬁg,l =0, %,2 =T,
]’5l1‘f1:(]7 ]/SIIS:ZZQ 1/5125,1:07 ﬁl28,2:2_7—7
ﬁixl =0, ﬁ% =0, 1/73?1 =0, 133?2 =0,
U1 =0, u12=1, ug; =0, Uz =0,

with the optimal objective value v = 2 4 27.
While an optimal solution to the corresponding (LP-Reg-Battery) problem is

- . . . 37

Pi1=0,plo=7, P51 =0, Pso = 5
2T

~d ~d ~d ~d

P11 = 0, P12 = 0, D1 = 0, Pag = B

~ls

~l ~] ~] T
P11 =0, P’y =0, P31 =0, Py =2+ -,

)
ﬁiwl = 07 ﬁ?fZ = 07 ﬁg,ml = 01 ]55?;2 = 07

ur1 =0,u12 =111 = 0,u22 =

)

ot W

with the optimal objective value v = 2 + 77/5. Therefore, v < v for all 7 € (0,1/2]. Hence,
(Reg-Battery) problem and (LP-Reg-Battery) problem are not equivalent. o

Example 2. (2"8(X) # z,°¥(X) when Ac +nengAa < 1 —neng ) Consider the same network as that
in Example 1 but with different battery configurations and demands. One battery is placed at
node 2 (i.e., N = {2}) with EMM = pmin = (, pax = pmax — | pmin — () pmax — 6 F; = 6,
and 173 = 773 =1/3. Demand is D11 =1, D12 =2, Dy =4, Dy = 8. Other parameters remain
the same. We assume that the Ohm’s law constraint (1c) is satisfied. Let A = (7, 7)" for any



€ [0,1/2). An optimal solution to (Reg-Battery) problem is

ﬁil =0, ﬁi,Q =0, ]/55,1 =0, 1/55,2 =0,
ﬁil =0, ﬁﬂliﬁ =0, ﬁg,l =0, 2/9\(21,2 =1,
1/7\{1871 =0, 1/)\l15,2 =0, ﬁlQS,l =0, ﬁlés,z =3,
]/ﬁfl =1, ]/5??2 =0, ]/55?:1 =0, ]335762 =0,
U1 =0, u12 =0, U1 =0, Uzp =0,

with the optimal objective value v =4 + 7.
While an optimal solution to the corresponding (LP-Reg-Battery) problem is

P11 =0,p12=3/4,p5,=0,p55 =0,
P11—0P12 1/42721 0P22=1,

~[s ~[s

ﬁl181—0 P12—07P2,1:3 P22—07

~CT

P11 = Oapl,Q = 1/27ﬁ§ip1 =0, ]5512 =0,
1,1 = 0,012 = 3/4,121 = 0,022 = 0,

with the optimal objective value o = 7/2 4 27. Therefore, © < v for all 7 € [0,1/2). Hence,
(Reg-Battery) problem and (LP-Reg-Battery) problem are not equivalent. o

In this section, we have shown that (Reg-Battery) problem is easy to solve, since there is no
integrality gap between this problem and its linear programming relaxation. In the next two subsec-
tions, we begin to analyze the relationship between (Reg-Battery) problem and (Battery) problem.
We would like to understand the differences between the optimal solutions and corresponding ob-
jective function values of these two problems both qualitatively and quantitatively.

3.1 Structural Properties of the Regularized MIP Model

In this section, we provide some structural properties of (Reg-Battery) problem. First, we baseline
the value of A. Next, we present a two-part result on the structure of an optimal solution to
the (Reg-Battery) problem as a function of the penalty coefficients A that distinguishes (Battery)
problem and (Reg-Battery) problem.

3.1.1 Baselining the value of .

We begin with the following standard observation from linear programming applied to the convex
hull of the feasible region of the (Reg-Battery).

Remark 1. Function z8(\) is concave and monotone nondecreasing with respect to X € R%.

As X gets larger, (Reg-Battery) problem gets more-and-more “different” from (Battery) prob-
lem. In particular, we expect that the battery to be used less, since it now costs more to charge
or discharge. However, what is a “reasonable” value of A7 Our first result below allows us to
baseline the value of A, by showing that if both components of A are equal to 1 or higher, then
(Reg-Battery) problem effectively solves the problem with no batteries placed in the network.

Proposition 1. For any X > e, we have z"8(\) = 2" where

= ef}l,i;}u {C(P): (1a) — (1k), w € {0,137, p° =p” = 0} ' @
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Proof. Observe that the problem corresponding to 2™ is obtained by restricting the feasible region
of 2"°8(A) to p® = p? = 0. Thus, we have

2P > 28(N), VA >e.

To show the opposite inequality, it is sufficient to show that there is an optimal solution for z™2(e)
such that p¢ = p? = 0, since we have 2"8(\) > 2'&(e) for all A > e from Remark 1. We use the
power balance equation (1k) written in the following form

d 1 :
Z Jtij — Z frji = vl + Dri = —pi; + vty + i — Piss VteT,ieN.
jest jes;

To construct such a feasible solution from the current optimal solution. Let (é, f.p, u) be an
optimal solution to (Reg-Battery) problem. We can construct another feasible solution (8, f, p, @)
as follows:

=0, f=F p°=p p°=E%, p°=0, p’ =0,
ﬁisz = max{—pj, +I3gl,z' +ﬁtsz - piir 0}, VteT,iceN,
Py = max{py; _]3?,@' _ﬁisz + ptis 0}, VteT,ieN.

ls ex

Then, using the fact that PP =0 and pfvipf’i =0 foreacht € T,i € N, we consider the following
four cases.

(Case 1) When @{Z = ﬁfz =0, ﬁffl = 0 and py; = py; + pi;- Hence, we have
~1 ~ ~ ~d
Piy + D = Di;+ Dii = D + Di + Dii + P
(Case 2) When ﬁfl = ﬁff =0, ﬁffl +pgi = |]3ffz — ﬁfz| and we have

~[s ~ex __ |ls ~c ~s ~ex -~
Pri+ D = DY — Pral < pe + Dii + Dii + Dry-

(Case 3) When Pii= 1/5%51 =0, ﬁfﬁz + pii = \@e‘f ﬁle and we have
~d
t7

IN

~s ~ex ~c
i| <P+ Dei + Diy+ D

bii—Pp

~ls ~ex |Aea:

Pt t P =
(Case 4) When p;; = pi5 =0, pii = 0and ﬁffz = ﬁfz —i—ﬁisl Hence, we have

Bl + Py = Dl + Py = Py + BEy + By + Pl
Since the above four cases hold for all t € 7,7 € N, we have

e(B) +9(p) = /() + 3 > (B +55%)

teT ieN

Therefore, (6, f,p, @) is an optimal solution to (Reg-Battery) problem. This completes the proof.
]
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We remark that for general values of X, the result of Proposition 1, that is 2™ = 2"8(A) may
not hold. The following example shows that the battery may always be used when X € (0,1)2.

Example 3. (2"8(\) # 2™ when X € (0,1)?) We consider the same network as that in Example 1
but with different battery configurations and demands. One battery is placed at node 2 (i.e.,
N, = {2}) with EMin = ERin = (o, pmax = pmax — 9 pmin — ( pmax = 20, F; = 20 and
Ne = Mg = 1. Demand is D11 = D12 = D21 = D22 = 5. Other parameters remain the same.
When X € (0,1)2, at optimality of (Reg-Battery) problem, we always have

d d
pi1 =Pz =2>0.

This demonstrates that when violating the condition in Proposition 1, i.e., X € (0,1)2, it is possible
that either p¢ or p? is always positive. o

3.1.2 Structural properties of optimal solutions of Regularized MIP.

The next two-part result on the structure of an optimal solution to (Reg-Battery) problem as
a function of the penalty coefficients A shows the distinction between (Battery) problem and
(Reg-Battery) problem as a function of A.

In the first part, we show that p§ Z-pisi =0forallt € T, i € N holds for optimal solutions for all
values of A, that is, this property is true for both (Battery) problem and (Reg-Battery) problem.
Intuitively, this property holds because when the system is incurring load shedding (pisz > 0), it
would not create additional load shedding by charging a battery (pgl > 0). Similar to the result
above, we may expect that when there is excess power (pff > 0), the amount of discharge would
not be positive (pﬁi = 0), as a positive discharge amount would further increase excess power. It
is reasonable to expect pg{ipfﬁ =0forallt € T, : € N. In the second part of our result, we
demonstrate that this condition only holds when A is sufficiently large. Indeed, it turns out that
when A = 0, specifically in considering the (Battery) problem, the aforementioned condition might
be violated, i.e., pgipfff- >0 forsometecT,icN.

Theorem 2. Suppose EP® = Ecrl“i][1 = 0. Let p be an optimal solution to (Reg-Battery) problem.
Then:

(i) For all A € R%, we have p§ pi¥; =0 for allt € T, i € N.
(i) If Ae + nenara > 1 — neng, then we have pgipfj’g =0 forallteT,ieN.

Proof. See Appendix A. O
Notice that the observations in Theorem 2 can be found in standard IEEE networks with
reasonable efficiency levels (n.,75 > 0.8), wherein batteries placed at specific nodes may discharge
while the system may incur excess power simultaneously. Below, we also present an example that
illustrates this phenomenon for a simpler network, thus establishing structural differences in the
optimal solutions of (Battery) problem and (Reg-Battery) problem for sufficiently large A.

Example 4. (Condition (ii) in Theorem 2) Consider a simple network with ' = {1,2}, T =
{1,2,3}, £ = {(1,2)}. Suppose one battery is placed at node 2 (there is no battery placed at
node 1) with A, = {2} and E®r = pRin — ( pmax — pmax — g pmin — () pmax — 4
Ey = 4, and n. = n4 = 0.1. Assume each node has one generator with G“lni]rl = Gglin = 2 and
G = GB** = 4 and generator costs ¢?(p9) = 0. We further assume —4 < fj5 < 4 and the
demand is D171 = 2, DLQ = 2, Dg,l =1, D272 =1, D31 =2, D372 = 1. Without loss of generality,
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we assume that the Ohm’s law constraint (1c) is satisfied. An optimal solution to (Battery) problem
(i.e., A = 0 in (Reg-Battery) problem), denoted as (p*, u*), is
pcil = 07 pCiZ = 07 pC§,1 = 0) pc;Z = 27 pC§,1 = 07 pc§,2 = ]-7
* * * * * *
P11 =0, p% =003, pl5, =0, ply, =0, p%y, =0, py, =0,
* * * * * *
plsl’1 _ O, plsL2 _ 0’ pls2’1 _ O, p15272 _ 07 pls?)’1 _ 0, p15372 _ 07
P =0, piy =003, p5, =0, p3, =0, p3, =0, p3, =0,
uil =0, UT,Q =0, u;,l =0, u;ﬂ =1, u§,1 =0, u§,2 =1
Clearly, in this example, pdbpe”{g > 0. However, we can avoid this situation after considering

regularization. When A = (0.99, 0.99)7, i.e., this particular choice of X satisfies Condition (ii) in
Theorem 2, an optimal solution to (Reg-Battery) problem, denoted as (p, u), is

ﬁil =0, ﬁfg =0, %,1 =0, ﬁgz =0, ﬁg,l =0, IA’§,2 =0,
ﬁil,l =0, ﬁff,z =0, ﬁg,l =0, ﬁg,z =0, ﬁg,l =0, %,2 =0,
ﬁlfjl =0, 23l182 =0, ﬁ2s1 =0, IA7I282 =0, ﬁésl =0, 15%82 =0,
ﬁfcl =0, ;ﬁ% =0, ﬁ%ﬁ =2, ﬁgxz =0, IA’gzl =0, 13?62 =1,
17,171 = 0, al’g = 0, ﬁ271 = O, 6272 = 0, ag’l = 0, ﬂ\g’g =0

In this example, Condition (i) in Theorem 2 is satisfied for both (Battery) problem and (Reg-Battery)
problem whereas Condition (ii) is only satisfied for (Reg-Battery) problem. o

To conclude the discussions in this subsection, we provide a summary of the choice of A in
Figure 1.

e228(A) = f;°¥(A) (Theorem 1)
3 2™8(X\) = 2" (Proposition 1)
M\ o ot = reg()\) (Corollary 1)

n? 1 Ac

Figure 1: Model comparisons with different choices of A, and Ay.

3.2 Error Quantification of the Solution from the Regularized MIP Model

As we have seen in Theorem 1, in (Reg-Battery) problem, the penalty required to have zero inte-
grality gap with the LP relaxation decreases when efficiency 7 gets closer to 1. Nevertheless, we
still aim for a better understanding of the quality of objective function change when we adjust the
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regularizer A. Hence, the goal of this subsection is to discuss analytical differences in comparison
to the original model with respect to the solution quality.

First, we present a sufficient condition under which the optimal solution to (Reg-Battery) can
be used to recover the optimal battery operation schedule for the original problem.

Proposition 2. Let U* = {u : 3 0, f, p such that together (0, f,p,u) is an optimal solution to
(Battery) problem} and P* = {p: 36, f, u such that together (0, f,p,u) is an optimal solution
to (Battery) problem}. Define the second-best optimal objective value of (Battery) problem as
Z(U*) = ming 5 pu {c(p): (1a) — (1k), w € {0,1}7*N\U*} . Define the difference between the
best optimal objective value and the second best optimal objective value as 6 = |z°(U*) — z°"| > 0.
Suppose (é\,f,ﬁ, @) is an optimal solution to (Reg-Battery) problem. If XTg(p*) < & for some
p* € P*, then u € U*.

PIO(/)f. We prove this by contradiction. Suppose that the presumptions hold and u ¢ U*. Then,
(0, f,p,4) is a feasible but not an optimal solution to (Battery) problem. Since @ € {0, 1}7>N\f*,
we have ¢(p) > z°"(U*). Let (8%, f*,p*, u*) be an optimal solution to (Battery) problem such that
ATg(p*) = minpep- ATg(p). Then by the definition of §, we have:

e(B) — e(p*) = [ (U) — 27| = 4.
According to the optimality condition from (Reg-Battery) problem, we have
c(P) +ATg(P) < c(p*) + ATg(p").
Rearranging the terms, we have
c(P) - e(p*) < ATg(p*) = ATg(B) < ATg(p") <&

Clearly, ¢(p) — ¢(p*) > 0 and ¢(p) — ¢(p*) < ¢ cannot hold simultaneously. Hence, this is a
contradiction. g

Notice that when A is small (when 7 is close to 1), the sufficient condition of Propostion 2
is easy to satisfy. In our computational experiments, we often see this behavior. We provide an
example to illustrate the exactness condition in Proposition 2.

Example 5. (Ezactness Condition of Proposition 2) Consider a simple network with A" = {1, 2},
T ={1,2}, £ = {(1,2)}. Suppose one battery is placed at node 2 (there is no battery placed
at node 1) with M, = {2} and EM" = EJin = (, Fmax = pmax — 2 pmin — () pmax — 4
Eo = 2, and 7. = ng = 0.9. Assume each node has one generator with G = G¥" = 2 and
G"™ = G5 = 4 and generator costs ¢?(p) = 0. We further assume —4 < fj2 < 4 and the
demand is D11 = 10, D12 =4, D1 = 4, Dy = 4. Without loss of generality, we assume that
the Ohm’s law constraint (1c) is satisfied. The optimal objective value of the (Battery) problem
fo = 4.2. We enumerate all optimal solutions u that achieve this value and find that U* = {u, u}
with

u11 =0, u12 =0, ug1 =0, ug2 =0,

u11 =0, u12=0, ug1 =0, ugp = 1.

Excluding the solutions in &*, the second-best optimal objective value 2°"'({*) = 6. Hence, the dif-
ference § = 1.8. When A = (1 —n?/1+7%1—1n?/1+ 772)T = (19/181,19/181) ", argmin{g(p*) :
p* € P*} =[0,1.8]". Notice that AT g(p*) < 8. Therefore, the optimal solution to (Reg-Battery)
problem should be exactly the (Battery) problem. We check this condition by solving (Reg-Battery)
problem and we confirm that the solution from (Reg-Battery) problem is indeed exact. o
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In general, we may not be able to show that the solution of (Reg-Battery) problem recovers a
solution to (Battery) problem as verifying the condition AT g(p*) in Proposition 2 is challenging
and would almost imply that we can solve the original problem directly. Instead, we next provide
a bound that quantifies the difference between the objective function value ¢(p) obtained from the
optimal solution to (Battery) problem and that obtained from the optimal solution to (Reg-Battery)
problem.

Theorem 3. Let (0%, f*,p*,u*) be the optimal solution to (Battery) problem and (5, f, D, u) the
optimal solution to (Reg-Battery) problem with regularizer (M., A\g). The gap between (Battery)
problem and (Reg-Battery) problem is

c(p) — c(p”) < TNy max{EI™ A, Ej**Aa}. (5)

Proof.  Notice that the feasible regions are the same in (Battery) problem and (Reg-Battery)
problem. Hence, (0, f,p,u) is a feasible solution to (Battery) problem and (8%, f*, p*,u*) is a
feasible solution to (Reg-Battery) problem. By optimality, we have

c(D) + X" g(B) < c(p*) + ATg(p"),

which implies that
c(p) —c(P") < ATg(p*) = ATg(P) < ATg(P").

Recall that ATg(p*) = 3 crSicn [Acpfj';- + Aapfs | Since pfipdt = 0 for all t € T,i € N, it
follows Acpf; + /\dpg’;- < max{EP N, E7**\g} for all t € T,i € N. From (1i), P = pf; =0 for all

X3
t €T, i ¢ Ny, we obtain the result in (5). O
Our next goal is then to minimize the worst-case bound predicted by Theorem 3 by selecting

specific values for A.

B —n?Ege E?‘""‘*nQEé“‘”‘) i

Proposition 3. The best worst-case bound is achieved at A = (Eg.amezEgm, B B

Proof. Since T and N, are fixed, minimizing the worst-case bound in Theorem 3 reduces to the
following minimization problem:

. Emax Emax . > 1 _
ACZIBI,&I;ZO {max{EX** X\, E7*™ X a}: Ae + nenara > NeNd}

where the optimal objective value is achieved when E***\. = EJ'**)\;. Hence, an optimal solution
(A, AG) is

(A, A% = (Eé“a" i ncndEé“a")
(o} - .

B3+ neng EQT B + nena 5

This concludes the proof. ]
We remark that when E'** = E7'** an optimal choice of (A., Ag) reduces to

1— 1—
(o M) = ( el 77077d>’
L+nena 1+ necna

which implies that for this specific case, the best worst-case bound in (5) is achieved when A, = A4.

Theorem 3 and Proposition 3 provide the worst-case analysis of ¢(p) — ¢(p*), where p* is an
optimal solution to (Battery) problem and p is an optimal solution to (Reg-Battery) problem.
However, we expect the actual difference between the objective function value of the problem to
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be much smaller due to the following reasons: (i) In the proof of Theorem 3, we drop the charging
and discharging values of the regularized MIP solution by taking the minimum level of zero for all
times considered. Even though we expect that the amounts of charging and discharging become
smaller when A increases, assuming them to be completely not charging or discharging may be
an underestimation (Proposition 1). Indeed for high-efficiency values, we expect the amount of
charging and discharging in the regularized MIP model to be close to the amount of charging
and discharging in the original MIP model; and (ii) Also note that we upper bound amount of
charging and discharging by EZ"** and E5***, respectively, which in many cases can be a significant
overestimation. Clearly, as shown in Theorem 3, the worst-case bound depends on the values of
E* and B

To summarize the results of this section, we show that when the efficiency level increases, in
the following example, the optimal solution from (Reg-Battery) problem is an optimal solution to
(Battery) problem, and the empirical gap is much smaller than the theoretical gap. Our empirical
results in Section 5 further demonstrate that the true difference is much less than the theoretical
worst-case bound in the above result.

Example 6. (Gap between solutions) Consider a simple network with N' = {1,2}, T = {1,2},
£ = {(1,2)}. Suppose one battery is placed at node 2 (ie., N} = {2}) with EMn = ERin =
B = EPe* =1, Emin — 0, E™® = 6, and Ey = 0. Assume each node has one generator with
GPin = Gt = 2 and G = G5 = 4 and generator costs ¢/(p?) = 0. We further assume
-1 < fi2 <1, the demand is D13 = 5, D12 =1, Doy = 8, Dy = 4, and the values of the
regularizers A\, and \g are the same, i.e., A = A = Ag. In Figures 2(a)-2(c), we numerically
illustrate how the values of the regularizer affect the objective function values ¢(p), where the
vertical axis represents the objective function values ¢(p), and the horizontal axis represents the
regularize values A\. Three small incremental efficiency levels € {1/v/2.1,1/v/2,1/4/1.9} are
considered where 1. = 1y = 1. Based on Proposition 3, we also plot the objective function values
with A = 1 —n2/1+ 7% From Figure 2(a), we see that when n = 1/v/2.1 ~ 0.69, the optimal
solution from the regularized MIP, with the choice of (\., Ag) such that . 4+ n?\g > 1 — 2, is
indeed not an optimal solution to the original MIP. In Figure 2(c), we observe that, with a higher
efficiency level n = 1/4/1.9 & 0.72, the optimal solution from the regularized MIP is the optimal
solution to the original MIP, while the choice of (A., Ay4) satisfying the condition that the LP
relaxation of the regularized MIP model is without the integrality gap. In Figure 2(d), we show
how the actual difference is much less than the theoretical worst-case bound for this example. ¢

4 Trilevel N — k Contingency Problem with ESS Siting

We apply the regularized MIP model to the long-term planning with N — k contingency problem to
improve transmission reliability by strategically siting batteries. Battery placement problem under
N — k contingency is modeled as a min-max-min problem with binary variables in all three levels.
To the best of our knowledge, there is no known efficient algorithm to solve such a trilevel problem
with binary variables at all three levels. We show that (Reg-Battery) problem provides provably
high-quality solutions.

4.1 Formulation

The trilevel min-max-min problem can be also understood as a defender-attacker-defender problem.
A network designer makes a long-term decision on whether to install an energy storage system for
node ¢ € N, represented by variable x;, to enhance the robustness of the power system. The system
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Figure 2: Change in the objective value with respect to A, where A\, = Ay = A in Proposition 3.
The point denotes the value with A = (1 — 5?)/(1 + 7?) for Figures (a), (b), and (c). For Figure
(d), the orange dashed line represents the theoretical worst-case bound where the blue solid line
shows the empirical difference.

operator has a budget of b batteries to add. The second level is an interdictor who can disrupt
up to k transmission lines with the goal of maximizing load shedding or excess power. The lowest
level is a system operator solving DCOPF. The overall trilevel problem is presented in Figure 3.
For simplicity, following the theoretical and computational results in Johnson and Dey (2022), we
remove the Ohm’s law constraint from the DCOPF in the third level. Furthermore, we assume that
the generator cost ¢?(p9) = 0, since the primary focus of this long-term planning problem under
contingency is to meet the demand exactly. The detailed formulation is provided in Appendix B.

Attacker disrupts

first level (x) k transmission lines third level (0, f, p, u)
I in the battery-placed grid I
I : *— Time
Planner places battery Operator optimizes the
in certain nodes to limit second level (y) power dispatch and battery
the scope of attacker after observing the attack

Figure 3: Long-term planning under N — k contingency problem is a trilevel min-max-min problem
with binary decision variables in each level.
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4.2 Solution Methodology

There are a few algorithms proposed to solve bilevel or trilevel problems (see, e.g., Johnson et al.
2023, Zeng and An 2014, Bienstock and Ozbay 2008). However, for this particular trilevel problem
with binary variables in all three stages, applying existing methods is computationally intractable.
Even for the smallest instance of the IEEE 14-bus system and with the first-stage decision x fixed,
solving the bilevel max - min problem using the state-of-the-art algorithm proposed by Zeng and An
(2014) does not converge in 6 hours. Hence, applying the existing bilevel algorithms to the original
trilevel problem is intractable using the (Battery) formulation. However, using the (Reg-Battery)
in the third level has the advantage that the third level becomes an LP per Theorem 1. Moreover,
we make the following remark.

Remark 2. Ezplicit bounds can be found for all dual variables of the third-level problem that appear
in bilinear terms together with the second-level variables.

The above remark allows the exact linearization for bilinear terms that appear in the objective
function using McCormick inequalities. We then apply the algorithm by Bienstock and Ozbay
(2008) to solve the resulting bilevel optimization problem. The details of the boundedness result
(Proposition 5) and the algorithm are presented in Appendix B.

Using the regularized MIP model in the third level has another crucial advantage in that it
can provide a feasible solution with an upper bound, along with the optimality-gap derived using
the LP relaxation of the third level to obtain lower bounds. In particular, the general form of our
trilevel problem is the following:

OPT : i
= a. . 6
& peX {glej}; {G,f,pglél}(m,y) C(p)}} ¥

The set Y is finite as there are a finite number of edges and only finite possible attack strategies
are available. Let Y = {y',---,y®}. Then (6) can be equivalently reformulated as the following:

20T — min &,
xreX & (7)

st. &€ >min{c(p): 0, f,p,uc F(x,y")} Vic[K].

Then, due to Theorem 1, using the regularized MIP model in the third level is equivalent to solving
the following:

ZPEG — min &,
xreX & (8)

st. € >min{c(p)+ATg(p): 0, f,p,uc Flzx,y")} VielK]

Similarly, using the LP relaxation of the original MIP formulation in the third level can be formu-

lated as:
LP

z"" = min £,
xreEX & (9)
s.t. &€>min{c(p): 0, f,p,uc Rz, y")} Vie K],

)
where R(z, y) is a linear relaxation of F(zx,y). It is then easy to verify that 257 < 20PT < JREG,

For example, let n(z,y) = min{c(p) : 0, f,p,u € F(x,y)} and y(z,y) = min{c(p) + AT g(p) :
0,f,p,uc F(x,y)}. Let (£, x*, y*) and (é\, z,y) be optimal solutions corresponding to 29PT and
2REG respectively. Let § € arg max,cy7(Z,y). Then we have REC — ¢ = (2, 9) > ~(Z,9) >
n(Z,9) > n(x*,y*) = € = 29PT, where the first inequality follows from (8) and the optimality

)
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of y for the second-level max optimization problem when x is fixed to &, the second inequality
follows from the definition of n(-) and ~(-), and the last inequality follows from the optimality
of x* for (7). A similar proof can be used to verify that 2z < 29T, Also note that if Z is
the optimal solution of 2P then using the notation from the previous paragraph, we have that
maxyey{ming ¢ p uer@.y) (@)} = 1, 9) < ¥(Z,Y) = 2REG  Thus, we arrive at the following
conclusion.

Proposition 4. Let & be an optimal solution of (8). Then this solution is a solution for the trilevel
problem (7) with an optimality-gap of at most (27FG — ZLP) |, REG,

Lastly, we consider one of the tightened LP relaxations from Pozo (2023), which is referred to
as vertex-representation convex hull (VCH):

2VOH — min &,
xeX £ (10)

st. €>min{e(p): 0, f,p,u € Hz,y')} Vie K,

where H(x,y) is the tightened linear relaxation of F(z,y) using the vertex-representation. Follow-
ing the same rationale above, we have ZVOH < OPT

5 Numerical Experiment

In this section, we demonstrate the strength of the regularized MIP model by (i) testing the quality
of the solution from the regularized MIP model against the original MIP model; and (ii) applying
the regularized MIP model to solve the long-term planning N — k contingency problem to improve
transmission reliability by strategically sitting batteries. The rest of this section is organized as
follows. In Section 5.1, we provide the experimental setting including the description of the networks
being used, load scenarios, and relevant battery parameters. Sections 5.2 and 5.3 present results
on the performance of the regularized MIP model to solve DCOPF and trilevel N — k contingency
problem respectively.

5.1 Experimental Setting

We use standard IEEE instances available from MATPOWER (Zimmerman et al. 2010) and use
the PowerModels package to read the network data (Coffrin et al. 2018). All numerical instances
are implemented on Julia version 1.7 (Bezanson et al. 2017) using Gurobi version 10.0 as the opti-
mization solver (Gurobi Optimization, LLC 2021) on a Linux x86 machine with a 64-bit operating

system with 2.3GHz processor on 64GB RAM.

5.1.1 Networks.

The network instance contains generator information, demand load information, and branch infor-
mation, which is sufficient to model the DCOPF problem with batteries except for the multi-period
demand load profiles and battery parameters. In PEGASE and RTE networks, the minimum out-
put of a generator is nonnegative, whereas the minimum output is 0 in IEEE networks. For IEEE
networks, the generator minimum output is scaled to be 1/3 of the maximum output, which is
similar to the level of minimum output in PEGASE and RTE networks.
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5.1.2 Hourly Load Scenarios.

Since network information provides a single nominal load demand, we expand the given load demand
to the time horizon considered on an hourly basis for one day, i.e., T' = 24. We benchmark the
hourly demand load of power in the U.S. lower region reported from the U.S. Energy Information
Administration (2022) and shape the demand load in each network data to create one 7" = 24
hourly demand load at each demand bus for a demand load profile in one day. Specifically, suppose
that the benchmark demand is denoted as DY € ]RJTF. Let D; € Ry denote the nominal load
demand at a demand node ¢ € N. In order to have the optimal solutions with nontrivial battery
operations, we rescale D; so that D; ~ 0.8G{***. Then, the demand at time ¢ € 7 for node i € N
is given by Dy ; = D;DY/DY. When running multiple simulations, we add a Gaussian noise with a
standard deviation, which is a certain fraction ¢ of the demand, to obtain different demand profiles
for each simulation. Formally, that is, with some finite number of demand scenarios considered,
f)il = Dy + 1,5 where ry ;5 ~ N(0, Ufﬂ-) and oy; = 0 - Dy; for simulation j.

er (TWh)

Pow

0 13
Time (hour)

Figure 4: Benchmark Load Demand D°.

5.1.3 Battery Parameters.

Battery parameters are largely adopted from Kody et al. (2022) and modified to account for the size
of the network. Table 1 summarizes the battery parameters used for networks including IEEE 73,
PEGASE 89, IEEE 118, and IEEE 162-bus systems. For smaller networks, the maximum storage
limit, charge rate, and discharge rate are divided by 5 for the IEEE 14-bus system. For a slightly
larger network IEEE 300-bus system, maximum limit/rates are multiplied by 2.5. Similarly, for
large networks including PEGASE 1354 and RTE 1888, multiplication is by 5. Unless otherwise
stated, these standard battery parameters are used for all numerical experiments in the paper.

Table 1: Battery Parameters for a Medium-Size Network

Parameter Value
Minimum storage limit Emin 0.00 p.u.
Maximum storage limit Emax 1.00 p.u.
Efficiency n 0.95
Minimum charge rate Emin 0.00 p.u./hour
Maximum charge rate Emex 0.95 p.u./hour
Minimum discharge rate Eg‘i” 0.00 p.u./hour
Maximum discharge rate Epax 0.95 p.u./hour

5.2 Testing the Regularized MIP Model on DCOPF with ESS

In this section, we show the computational results of applying the regularized MIP model to the
DCOPF problem with ESS. We solve (Battery) to find the true optimal solution and evaluate the
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solution from the regularized MIP model, i.e., (Reg-Battery). Table 2 shows the average optimality
gap computed as (z—z*)/z* where Z is the objective value of the feasible solution from (Reg-Battery)
and z* is the optimal objective value of (Battery). The problem is solved with 40 random demand
scenarios on networks. In this setting, b number of batteries are placed on selected buses with the
largest power outputs. Since the actual efficiencies of grid-scale batteries are known to be higher
than 80%, we consider different efficiency levels n € {0.85,0.9,0.95}. This computational result
demonstrates that the regularized MIP yields solutions close to the optimal solution. The average
gap across networks is limited to less than 0.5% for different efficiency levels considered.

Table 2: The average optimality gap with respect to the optimal objective value

Efficiency Level

Network b n=08 7n=090 n=0.95
IEEE 14 2 0.00% 0.00% 0.00%
IEEE 73 2 0.33% 0.23% 0.11%
PEGASE 89 2 0.00% 0.00% 0.00%
IEEE 118 2 0.00% 0.00% 0.00%
IEEE 162 3 0.00% 0.00% 0.00%
IEEE 300 3 0.08% 0.05% 0.02%
PEGASE 1354 5 0.00% 0.00% 0.00%
RTE 1888 5 0.05% 0.02% 0.03%
Average 0.06% 0.04% 0.02%

5.3 Computational Results on N — k Contingency Problem with ESS Siting

We note that the solution methodology from Section 4.2 to solve trilevel min-max-min problems
(8) — (9) may not return the optimal solutions within a specified time limit. In such cases, we use
the maximum of: (i) lower bound of z"F; or (ii) lower bound of zV“H and the upper bound of
2REG to estimate the optimality-gap as the algorithm returns the upper bound and lower bound
at each iteration. Specifically, let 2L and 2% be the upper and lower bounds of z/* respectively,
2VCOH and zVCH be the upper and lower bounds of 2V respectively, and zBFG and 27 be the

upper and lower bounds of z/*F¢ respectively. Then, we have the following inequality:
) ) ‘ZUB o ZLB| |ZREG _ maX{ZLP ZVCH}’
optimality-gap = UB] < ZREG| : (11)
REG LpP _VCH
z —max{z™", 2z
< | 7{ d i =: solution-gap (12)
|2 REG|

where 2UB and z%B are the upper and lower bounds of the optimal objective value zOF7 respectively.

The first inequality follows from Proposition 4. Let us define the right-hand side in (11) as a
solution-gap. The criteria for the solution algorithm to terminate is either when the gap between
the upper bound (e.g., 2BEC) and the lower bound (e.g., 2#F%) is less than the specified limit of
0.5% or the algorithm runs for a time limit of 6 hours (i.e., 21600 seconds). In Table 3, we report
the minimum, maximum, and average of the solution-gap from 10 simulations for each network
instance and different combinations of the maximum number of batteries placed and the maximum
number of contingencies.

We observe that for smaller network systems, the regularized MIP generates provably near-
optimal solutions. The fact that the solution-gap is 0.00% implies that the optimality-gap is 0.00%
REG — max{zIP, zVCHY = 2OPT implying that both solving with the regularized MIP model

and z
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Table 3: Solution-Gap for N — k Contingency Problem

Optimality-Gap

b=2k=3 b=2k=5 b=3,k=5 b=5k=10
Network Min Max Avg Min Max Avg Min Max  Avg Min Max  Avg
IEEE 14 0.62% 0.63% 0.62% 0.57% 0.58% 0.57% 0.57% 0.58% 0.57% 0.57% 0.58% 0.57%
IEEE 73 0.00% 0.07% 0.03% 0.00% 0.04% 0.01% 0.00% 0.03% 0.01% 0.00% 0.02% 0.01%
PEGASE 89 0.12% 0.12% 0.12% 0.10% 0.10% 0.10% 0.10% 0.18% 0.16% 0.27% 1.16% 1.04%
IEEE 118 0.88% 1.07% 0.95% 1.12% 1.73% 1.42% 1.81% 2.88% 2.33% 2.07% 4.78% 3.38%
IEEE 162 0.20% 0.20% 0.20% 0.18% 0.18% 0.18% 0.12% 2.77% 1.32% 0.34% 2.79% 2.22%
IEEE 300 3.69% 4.08% 3.81% 3.41% 3.61% 3.48% 3.69% 4.03% 3.82% 6.21% 8.19% 6.96%
PEGASE 1354 9.81% 10.15% 10.06% 7.83% 8.44% 8.03% 15.00% 16.10% 15.53% 16.98% 20.04% 18.21%

RTE 1888 6.73%

7.21% 6.95% 6.32% 7.14% 6.69% 12.11%

14.48% 12.90% 17.66% 26.72% 22.83%

and solving with one of the LP relaxation models yield the true optimal solution to the trilevel
problem. For PEGASE 1354 and RTE 1888-bus systems, the solution-gap is larger, but this is most
likely due to having a poor lower bound on either 22 or 2V¢H as 2P and 2" do not converge in
(9) or 2VCH and 2YCH do not converge in (10) within the given time limit of 6 hours. Generally,
the VCH model was found to perform better than the LP relaxation especially for larger networks.
For most of the instances when we see VCH has larger gap than LP, both VCH and LP have relative
gaps less than 0.5%, which is one of the termination criteria of the bilevel algorithm.

Let us define another measure, trilevel-gap, to indicate the gap we obtain from the algorithm

in solving the trilevel problem of the form (8), (9), or (10). For example, the trilevel-gap of (8) is:

. ‘ZRTG _ ZREG’
trilevel-gap of (8) = ————.

| REC|
These trilevel-gaps in solving (8) — (10) are reported in Tables 4-7 where we see that the averages
of trilevel-gaps of (9) and (10) for PEGASE 1354-bus system can reach beyond 18% and for RTE
1888-bus system 22%.

There are also cases where both algorithms using the regularized MIP model and the LP relax-
ation model achieve 0.00% trilevel-gaps but result in the solution-gap that is greater than 0.00%,
which implies that there is a true gap in approximating the true model with either the regularized
MIP model or the LP relaxation model. This is the case for some of the smaller network systems
like the PEGASE 89-bus system. Nevertheless, for these smaller systems, the solution-gap remains
relatively limited. For example, for the PEGASE 89-bus system with b = 2 and k = 3 case, the
average solution-gap is 0.16% which implies that the optimal objective value of the regularized MIP
overestimates the optimal objective value of the original MIP model by no more than 0.16%.

We observe that solving the trilevel problem with the regularized formulation is efficient. For
most of the instances, (8) is solved to optimality well within the time limit so that the trilevel-gap is
0.00%. Only the larger network instances take the entire 6-hour time limit with a small trilevel-gap.
Hence, using the regularized formulation not only gives a quality upper bound but can be used to
solve such trilevel problems efficiently.

6 Conclusion

In this paper, we proposed a new model to solve the DCOPF problem with battery operations.
We regularized the objective function by penalizing the charge and discharge of batteries. In
Theorem 1, we present a sufficient condition on the regularizers so that there is no integrality gap
between the regularized MIP problem and its LP relaxation. When the efficiency of the battery is
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Table 4: Average Solution Time and Trilevel-Gap (b =2 and k = 3)

LREG LLP LVCH
Network Time (sec) Trilevel-Gap Time (sec) Trilevel-Gap Time (sec) Trilevel-Gap
IEEE 14 8 0.00% 7 0.00% 7 0.00%
IEEE 73 479 0.00% 522 0.00% 763 0.05%
PEGASE 89 12 0.00% 70 0.02% 171 0.00%
IEEE 118 9970 0.00% 7817 0.19% 15852 0.07%
IEEE 162 14 0.00% 137 0.00% 394 0.00%
IEEE 300 63 0.13% 3238 3.33% 5564 3.52%
PEGASE 1354 20272 2.21% 19388 13.25% 21600 9.06%
RTE 1888 8961 0.14% 22304 7.46% 22517 6.77%
Table 5: Average Solution Time and Trilevel-Gap (b =2 and k = 5)
LREG LLP LVCH
Network Time (sec) Trilevel-Gap Time (sec) Trilevel-Gap Time (sec) Trilevel-Gap
IEEE 14 8 0.00% 7 0.00% 8 0.00%
IEEE 73 601 0.00% 697 0.05% 843 0.12%
PEGASE 89 16 0.00% 113 0.00% 273 0.00%
IEEE 118 3752 0.67% 2804 0.25% 5005 0.37%
IEEE 162 34 0.00% 550 0.00% 473 0.33%
TEEE 300 92 0.07% 3618 3.11% 5113 3.25%
PEGASE 1354 14453 1.83% 21600 13.04% 21600 7.32%
RTE 1888 12267 0.67% 21600 7.65% 21600 6.63%
Table 6: Average Solution Time and Trilevel-Gap (b =3 and k = 5)
LREG LLP LVCH
Network Time (sec) Trilevel-Gap Time (sec) Trilevel-Gap Time (sec) Trilevel-Gap
IEEE 14 7 0.00% 8 0.00% 6 0.00%
IEEE 73 993 0.00% 730 0.05% 1006 0.20%
PEGASE 89 16 0.00% 245 0.00% 669 0.06%
IEEE 118 4441 0.98% 2205 0.22% 8857 0.75%
IEEE 162 32 0.04% 1325 2.24% 1384 1.29%
IEEE 300 192 0.12% 3356 3.53% 7749 3.51%
PEGASE 1354 21600 3.89% 21600 17.70% 21600 14.82%
RTE 1888 14262 0.24% 21600 14.19% 21600 12.84%
Table 7: Average Solution Time and Trilevel-Gap (b =5 and k = 10)
LREG LLP LVCH
Network Time (sec) Trilevel-Gap Time (sec) Trilevel-Gap Time (sec) Trilevel-Gap
IEEE 14 9 0.00% 9 0.00% 10 0.00%
IEEE 73 1155 0.00% 1010 0.00% 1410 0.35%
PEGASE 89 21 0.01% 374 0.80% 1354 0.96%
IEEE 118 16742 0.25% 19982 1.22% 22267 4.67%
IEEE 162 16 0.21% 523 1.94% 2032 1.63%
IEEE 300 22 0.09% 1241 6.96% 4121 6.53%
PEGASE 1354 12653 1.54% 21600 18.14% 21600 18.46%
RTE 1888 21600 1.29% 21600 24.97% 21600 22.70%

relatively high, this penalty is very small. Empirical results show that the optimal solution from
this regularized model is often a true optimal solution to the original model or close to the optimal
solution, performing much better than the theoretical guarantees verified in Theorem 3. Moreover,

23



we prove in Theorem 2 that the optimal solution from the regularized model is more reasonable in
that the battery operation does not contribute to further load-shedding or excess power depending
on the state of the system at the time. This property may be of interest to the system operator.
We note that these properties depend on the structure of the objective function and the constraint.
It will be interesting to study the structure with respect to different objective functions, which we
leave to future works.

For a simpler problem that only considers the battery operation with n. = ny = 1, a polynomial
algorithm has been proposed in Bakhshi and Ostrowski (2023). However, only a few studies have
focused on the complexity associated with the general efficiency level with 0 < 7,74 < 1. Bansal
and Giinliikk (2023) proved an NP-hardness for a similar problem where the storage level varies
over time based on two complementary variables. The proof of NP-hardness relies on time-varying
bounds and their result shows that (Battery) problem with time-varying bounds on p¢ and p? is
NP-hard to solve. However, it remains an open problem that for a fixed bound on charge and
discharge levels with a loss-incurring battery system (0 < 1., 7mg < 1), the problem is NP-hard.

We introduce a long-term planning problem that includes the battery siting problem with N —k
contingency. This problem is intractable to solve using the exact battery formulation. We use the
main benefit of the regularized formulation model to reformulate this challenging problem and show
that the regularized formulation solves large-scale instances of these problems efficiently and yields
near-optimal solutions in most cases.
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Appendix A Proof of Theorem 2

Theorem 2. Suppose EP® = Ecrlnin = 0. Let p be an optimal solution to (Reg-Battery) problem.
Then:

(i) For all X € R%, we have p§ pi¥; =0 for allt € T, i € N.

(1) If e + nenarg > 1 — neng, then we have pgipfj’g =0 forallteT,iecN.
The proof of Theorem 2 is divided into two parts via Lemma 1 and Lemma 2.

Lemma 1. Suppose Eéni“ = Ecrlnirl = 0. For any X\ € Ri, let p be an optimal solution to
(Reg-Battery) problem. Then, pfzpésl =0 foralteT,iecN.

Proof. By contradiction, suppose there exists an optimal solution (5, f, p,u) of (Reg-Battery)
problem such that pf, > 0 and ﬁffz > 0 for at least one (¢,i) € T x N.

Without loss of generality, we show the proof for one such ¢ € N as the proof can be extended
for any multiple nodes. Let 79 € T be the first time period such that ]3?072- > 0 and ﬁfoﬂ > 0. Let

Tly-. Tk € {70+ 1,...,T} such that p“sz > 0 for j € [k] and p¢, = 0 for t € {0+ 1,...,T}\
{71,...,7k}. We define adjustments to the state-of-charge as the following:

PPN B min{pS, ;. 7%} j=0,
7 5Tj_1,i+maX{Emin—ﬁi i—(sTj_l,i,o}, v € [K].
Note that dr,; < 0 and d,,; <0 for all j € [k]. We proceed to construct a solution 0, f,p, ) from

the current optimal solution (5, f, D, u), where 0=0,f=7F a=u p“ = p=, pJ = pY, and
changing values only corresponding to node ¢ as follows:

ﬁCA — { ﬁzia Vit S T\ {T()},
b 2/570—0,1' - min{f)\_cm’i, ﬁr‘?),i}ﬁ t = 7o,
- ﬁf,i? VtET\{Tl,...,Tk},
p [p— . .
bt ]/5%—nd-maX{Emm—f?\f-j’i—(srj,l,ho}, t:Tja vj € [k]v
]’5%;-, Vte T\ A{r, 11, 7k},
o — 4 B~ min, 75, t=m,
Bl + ng - max {Emm — B~ O o} . t=rj, Vje[k]
.= { ﬁ;iﬂ vVt € [To—l],
12 ﬁf,i—i_(siji’ VtE{Tj,...,Tj+1—1}, Vje{O,...,k},

where 741 — 1 =1T.

The new solution p above is created in the following fashion: We first reduce both pf, ; and
ﬁ% 4i» which causes ﬁfl to reduce in time periods following 7. In particular, it may fall below E™®,
In order to fix this, we need to modify the discharging levels (and loss values of corresponding
time periods) to ensure that the storage levels meet the minimum requirement E™". We carefully
decrease the values of ﬁfl so that the minimum discharge level is satisfied and the state-of-charge
level is never below E™™ at the same time.

Claim 1. (é,f,ﬁ, w) is a feasible solution to (Reg-Battery) with given X.
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Proof. Tt suffices to show that p satisfies (1d) — (1f), (1h) and (1j) — (1k).
e (1d): It is straightforward to verify that pf, > 0 = EXn for all t € T.

e (le): We want to show that ﬁgi >0 = ET" for all t € T. It is sufficient to prove this for
t ={71,...,7%}. There are two cases:

(i) If pmin — ]’ﬁﬂ — 07,_,; < 0: This case is straightforward as ﬁrj,i = ;5?2 > 0.
s

(ii) If pmin 74— Or;_1i > 0: In this case, note that Bl = maB_ 1 — B5a) > na(Bi_y; +
Or;_yi — E™) =na(pj_y; — E™") > 0, where the first equality comes from (1f).

o (1f): It is straightforward to verify that Dii =D{_1,; TN Pi;— 1/nq -ﬁ'gi forallt € T.

e (1h): We want to show that p;, > E™n for all t € 7. Clearly Pii =Dl > E™in for all
t € [1o — 1]. For t > 79, we show this in three parts:

(i) For t = 79, from (1f) and the constructions above, we have p3 ; = ps ;; + e - Do
E™ + e - min{py ﬁ%ﬂ} Therefore, p3, ; = Py, ; — e - min{py, ;, ﬁi‘fm} > prn,
(ii) Fort = 7; for aI.l Jj € [k], we have P = ﬁ-j,i + 05, = @j,i + 67, i + max{ E™n _ﬁf—j,i —
Or; 14,0} > E™T.
(iii) Finally, for any t € {r; +1,...,7j41 — 1} for j € {0,...,k}, observe that since ﬁﬂj“’i =
cee = Z/)\gj+1—1,i =0, we have ﬁts,z = i)\;i + 6Tj,i > ﬁf’jﬂ' + 6Tj,i = ]57.],71' > o where the last
inequality follows from the above.

e (1j): It is straightforward to verify that ﬁffz >0forallteT.

S
N2

e (1k): It is straightforward to verify that pf, + pf§ — ﬁfz - ﬁész =pi; + D5 — ﬁf,i — P, for all

teT.
O
Observe that Dryi ﬁle) i = 0. Next, we claim that the total additional adjustment made to )
over time is upper bounded.

Claim 2. Z?:l max{ E™0 — p% . — Or;_1,i> 0} < 0rg.il-

g
Proof. Suppose that S C [k] such that max{E™" — P~ Orjvis 0} = pmin — Pri = Orj_y- Let

]s
S ={j1,J2,---,Jm}- If S =0, then there is nothing to verify. Otherwise, it is straightforward to
verify that:

k
ZmaX{Emm = D7 — 0r—1,, 0}
j=1

— (Emin _ =8 _ 57_0’1,) + (Emin _ ﬁf—h,i _ 57']'

Py, i p—La) o (B == )
= (Emln - ﬁ\f_jhi - 57—0)i) + (ﬁ\f_jlvi B Z/)\:srj27i) + T + (Z/)\f_ ) _Z/)\f—jm7i>

Im—1
__ 7 min =5 . .
=K —Pr T 00,0 < [0rgil-

The second equality is due to the fact that 5le i = Emin _ ﬁf’jl»i and 577”1,171- = 6le 4 for all

l=1...m. ]
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Finally, we are ready to compute the difference in objective function value of the two solutions:

c(B)+ A" g(P) — c(P) — A g(P)
= Z Z (ﬁész - ﬁfﬁsz + Pyi — Drg + Ae(Pr; — Dii) + Ad(ﬁﬁi - ﬁfz))

teT ieN
= — min{ﬁf—ow pTO 7,} + Z Nq - Max {Emln _Z/)\f'j,i — 67—]'7172" 0}
JE[k]
— )\C . min{ﬁo,i’ ﬂr‘i,z} — )\d . Z 74 - max {Emin _ ﬁf’jﬂ‘ — 57']‘71,7:70}
JE[K]

079, min
—(14+X) - M +(1=Xg) ng- Z maX{E _ﬁ-ﬂ-l,i — 573.71,7;,0}

Me JElk]
57' 7 (57 i
< | 0, ’ _)\c’ 0, ‘ —|—(1—Ad)'77d"57'07i|
Ne Ne
57 7
:‘770:| (_1 + NeNg — Ae — ncnd)\d) <0
where the last inequality is from Claim 2. Therefore, ¢(p) + AT g(p) < ¢(p) + AT g(p), hence a
contradiction. .

Lemma 2. Suppose E™" = Eglin = 0. For any (A¢, Ag) such that Ae + neng - Ag > 1 — neng with

a given ne,ng € (0,1], let p be an optimal solution to (Reg-Battery) problem. Then, pﬁipfj’g =0 for
alteT,ieN.

Proof. By contradiction, suppose there exists an optimal solution (5, f.D, u) of (Reg-Battery)
problem such that ﬁfl > 0 and py§ > 0 for at least one (¢,7) € T x N.

Without loss of generality, we show the proof for one such i € N as the proof can be extended
for any multiple nodes. Let 79 € T be the first time period such that f)ﬁw« > 0 and p¢ Pr, i > 0. Let
71,57k € {70+ 1,..., T} such that p7_; > 0 for j € [k] and pf; = 0 for t € {Tg—l-l L THN

{m1,...,7k}. We define adjustments to the state-of-charge as the following;:
5 — 1/ - min{ﬁig,iv 5??;",1'}7 J=0,
it = 0rj_y i — max {]’ﬁ,l 4 0r,_1i — Ema",o} 7 V) € [K].

Note that dr,; < 0 and d,, ; <0 for all j € [k]. We proceed to construct a solution (0 f.p.a ) from

the current optimal solution (§, j?, D, u), where 0 = 0 f = f, u = u, p = p*, pY = pY, and
changing values only corresponding to node ¢ as follows:

50 :{ Pii vt e T\ {o},
be pTo,i - min{ﬁo,i’ ﬁf’ii}7 = 70,
. Piis Vte T\{r,..., 7},
Pt = Z’)\;i _ 771( - max {ﬁsrj,i + (57—]._171' — Emax’O} 7 t=1, Vj€ [kL
]/Q\f’gf, VtGT\{TQ,Tl,...,Tk},
Py =1 Pii —mm{me it t =1,
ptz + 7o - Dax {pT l+5T] 15t ; — B O} t =Ty, v] € [k]a
5= ]/7\;1-, Vit € [7‘0—1],
t,i j)\isi—i_(s'rjvi’ VtE{Tj,...,Tj_H—l}, VjE{O,...,k},
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where 7,41 —1="1T.

The new solution p above is created in the following fashion: We first reduce both ﬁgo,i and ﬁ%&,i’
which causes 1/?\?1 to increase in time periods following 7g. In particular, it may increase beyond
E™2*_In order to fix this, we need to modify the charging levels (and excess values of corresponding
time periods) to ensure that the storage levels meet the maximum requirement E™*. We carefully
decrease the values of j)\fl so that the minimum charge level is satisfied and the state-of-charge level
is never beyond E™?* at the same time.

Claim 3. (0, f,p, @) is a feasible solution to (Reg-Battery) with given .

Proof. 1t suffices to show that p satisfies (1d) — (1f), (1h) and (1j) — (1k).

e (1d): We want to show that pf, > 0 = Emin for all ¢ € T. It is sufficient to prove this for
t ={m,...,7k}. There are two cases:

(i) I p7 ; + 0r_y s — E™* < 0: This case is straightforward as pf; = pf; > 0.
(ii) If p7. ; + 07,y — E™* > 0: In this case, note that pf; = n—lc(ﬁfl —Pi14) > n—lc(Emax -
Pi—1;— 0r;_44) = 0, where the first equality comes from (1f).
e (le): It is straightforward to verify that ﬁﬁi >0=EPnforallteT.
o (1f): It is straightforward to verify that Pii=DPi1;+ e Di; — 1/nq -ﬁgi forallt e T.

e (1h): We want to show that pj; < E™* for all t € T. Clearly p;; = p;;, < E™* for all
t € [1o — 1]. For t > 79, we show this in three parts:

(i) For t = 79, from (1f) and the constructions above, we have p; ;, =Dy 1, —1/ma ﬁﬂoz <
Emax —1/ng - min{ﬁfo’i, Poe i} Therefore, p ;= p5 ; +1/n4 - min{ﬁﬁoji, Poe i} < EmeX

(ii) For ¢ = 7; for all j € [k], we have p7 ; =P} ;+0ri = D7 ;+0r,_ i —max{p] ;+0r_,i—
Emax70} S Jmax.

(ili) Finally, for any t € {7; +1,...,7j41 — 1} for j € {0,..., k}, observe that since 7, ; =
e = }3%_“_171- = 0, we have that p;;, = pj; + dr,,; < g’ﬁjl +0ri = Pryi < BT, where
the last inequality follows from the above.

e (1j): It is straightforward to verify that py > 0 for all t € T

e (1k): It is straightforward to verify that pf, + pf§ — ﬁfl - ﬁisl =pi; + D5 — ﬁf,i - ]5%51 for all
teT.

O
Observe that ﬁﬁw : ﬁiii = 0. Next, we claim that the total additional adjustment made to
over time is upper bounded.

Claim 4. Z?Zl max{py ; + 0r,_ i — E™™,0} < |67y 4.

Proof.  Suppose that S C [k] such that max{p;_; + 0r,_,; — E™*,0} = ; + 0r,_,; — E™*. Let
S ={5n,J2,---,Jm}- If S =0, then there is nothing to verify. Otherwise, it is straightforward to
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verify that:

k
Z max{p7 ; + 0r,—1, — E™, 0}

14 — Emax)

Tim — 5

1

= (ﬁ’ijl it 0mi — B + (ﬁf’jz,i + 0rj 16 — EP) - (ﬁijmvi +0

= @\Sm,i + 5T0,i - Emax) + (ﬁf’h’i o ﬁijzvi) Tt (@S’jmqvi o ﬁsﬁ'mvi)
i T 0mi — B < {07 4.

G‘cz

The second equality is due to the fact that (5le i = Em —p° . and 5le 1

w = 5le,i for all
l=1,...m.

O
Finally, we are ready to compute the difference in objective function value of the two solutions:

() + A g(P) — c(P) — A g(P)

=3 (B = b+ 585 = 55 Aol — BEa) + MalB — BL))
teT ieN
. 1
== mm{PAio,i’ Proat T E — - max {]’ﬁ]l +0ry_y i — BT 0}

jel) e

70,

1
— A E — -maxp; ;+ 0 i — B 00— Ag- min{ﬁﬁo i D}
176 g9 J )
Jelk]

k
1- A .
= — NalOro,i| — Aanaldryi| + - Zmax {Z/ﬁj,i + 573‘7171' - B ’O}
C ]:1
11—
< = Nal67gi| — Aanaldr il + SR [
C
_|6T0,i|
. (1 = nenag — Ae — NeNadd)-
C

When 1 — neng — Ae — nenara < 0 (i.e., under the assumption that A + nengAa > 1 — neng),
c(P) +ATg(p) < c¢(P) + AT g(p), hence a contradiction. O
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Appendix B Detailed Formulation for Trilevel N — k Contingency
Problem
B.1 Problem Formulation

We formally give a mathematical formulation of this problem. The first decision by a planner,
denoted as x, is to place batteries in the grid subject to the given budget b € Z .

x e {0, 1}V, (13a)
> i <b (13b)
ieEN

Then a network interdictor decides whether or not to destroy a transmission line (i,7) € £ by a
binary variable y;;. The interruption can happen to at most k transmission lines in the system and
impacts the performance of transmission lines throughout the time period considered:

y € {0, 1}*, (13c)
> e <k, (13d)
ecl

— Fij(1 —vyij) < frij < Fij (1 — yij), vteT, (i,j) € L. (13e)

Initial state-of-charge as well as upper and lower bounds of state-of-charge of a battery depends on
whether a battery is sited or not:

P, = Eoi, Vie N, (13f)
E™g; < pfi < E™a, VteT,icN. (13g)

When there is no battery at node i € NV, pi; =0 for all t € T, so we can expand the state-of-charge
over time to the entire N:

Pri=Di_1;+n P, —1/n" pil,ia VteT,ieN. (13h)

The bounds on charging and discharging, similarly, depend on whether a battery exists at a node
and whether the battery is charging or discharging, represented by w; ;:

we {0,1}7%N, (13i)
EXfuy; < pfy < BPugg, vieT,ieN, (13))
B (s — ueq) < ply < BP™(mi — urg), vieT,ieN. (13k)

Finally, a battery can only operate when there is a battery installed at the node:
Ut ; < z;, YVt € T,i eN. (131)

Bounds on generator output (1a), limits on transmission lines (1b), nonnegativity constraint
on load shedding and excess power (1j), and power balance equation (1k) do not change from the
optimal power flow with the battery problem. Operational constraints for battery (13f) - (131) are
also the same as two-stage stochastic programming studied in the previous section. For purposes
of this problem, we omit Ohm’s law constraint (see, e.g., Johnson and Dey 2022), and therefore the
third-level problem becomes a network flow problem. Throughout the time period considered, the
network operator then aims to generate power and send power flows to minimize the load shedding
and lost power. We now provide the formulation below:

minm;x;nin {c(p): (1a), (1b), (1j), (13a)-(131)}. (14)

) g}
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B.2 Solution Methodology

Computationally, a min-max-min problem is not an easy problem to solve. In literature, two-stage
robust programs, a special case of the min-max-min problem, have been discussed extensively in
the literature (see, e.g., Atamtiirk and Zhang 2007, Jiang et al. 2014, van Hulst et al. 2017, Mattia
et al. 2017). Jeroslow (1985) showed NP-hardness and Ben-Ayed and Blair (1990) also discussed the
computational difficulties of bilevel linear problems. Problem (14) is a trilevel problem with binary
variables at each level resulting in a particularly challenging optimization problem, which forbids
the classical approach to formulating the trilevel problem into a bilevel problem and applying
techniques to solve bilevel optimization problems. Using the regularized MIP model, however,
enables us to linearize the third-level problem and convert it to a bilevel problem by taking the
dual of the third-level problem.

It is often undesirable to have unbounded dual variables. A popular heuristic is to use the
big-M method to bound such unbounded variables to a reasonable number. We prove that in our
formulation the dual variables are bounded. This allows the exact reformulation for bilinear terms
that appear in the objective function.

Once we obtain the bilevel formulation, we apply a generic iterative algorithm to solve the
bilevel optimization problem. In particular, we use the algorithm outlined in Bienstock and Ozbay
2008. The stopping criterion was either: (i) the iteration reaches maximum iteration of 1000; (ii)
the iteration has run more than 6 hours; or (iii) the upper bound and lower bound gap is less than
0.5%.

B.3 Detailed Bilevel Formulation

We present here the reformulation to the bilevel min-max problem. Since variables associated
with the third level are linear, we dualize the third level. For notational simplicity, let 8 =
(a,B%,8,~%, 7,70 u* v*, w* pu*, ¢). The primal variable associated with a constraint for the
third level is provided on the left.

minmax — Z Z Dt,iat,i - Z Fij(l - yzg)(ﬁz,r” + B;,zj)

T b= teT ieN teT,(i,j)eL

PR T A - Y Y e+ X et
teT ieN teT ieN iEN

IS 3 e e
teT ieN teT ieN

D) DI LT 5D DT 3 e (153
teT ieN teT ieN teT ieN

s.t.

P 55 — 1< <1, VteT,ieN, (15b)
foag oo ari — i+ B — B =0, VteT,(i,7) € £, (15¢)
Pl — i + v =7, =0, VteT,ieN, (15d)
pii e Oét,i—n-Tt,z‘-i-V:i—VEi =\, Vte T,i €N, (15e)
Phi e — i+ 1/ T+ el —wp =2 Vte T, ie N,  (15f)
PLi Tri = Tevri + g — by = 0, Vie T\{T},ieN,

(15g)
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Pri e 1+ pig; — by = 0, VieN, (15h)
Po; e 7 =71 =0, VieN, (151)
Ug; e EMtyt — E;“ax o — EPtwt + EPwr 4+ ¢ >0, VEeT,ieN, (15)
BT v Wt ,¢20, (15k)
> i <b, (151)
ieN
du <k (15m)
lel
xz < {0,1}V, y € {0,1}~. (15n)

Proposition 5. Independent of the values of A\° and A%, there exists an optimal solution of (15)
for which the following inequalities are valid:

0<ﬁm]§2 Vte T, (i,7) € L.

Proof. In the objective function (15a), we focus on optimizing 8 and 8~. Notice that Fj; > 0
for all (i,7) € £ and t € T. Then, for a given (i,7) € L and ¢t € T and the associated ﬁ;rij, By ij» we
optimize

max = f; - Bl

51& ,ij = 7Bt ,ij = >0
s.t. IBt,ij =0y — Qg+ Bf,z'j,
which is equivalent to optimizing
8 — gt
Vyij = mm Brij + Brijs
/Bt ,iJ = ’Bt i = 20

s.t. Bt,ij - Bt_,ij = Q5 — Qg

where the optimal value is vtﬁ;j = |ay; — ay;|. From constraint (15b), we know —1 < ay; < 1 and
—1 < o4 <1, then we have 0 < vf:j < 2, which implies that

0< B+ B <2

Hence, we have the desired result. U
We can then use McCormick inequalities to exactly reformulate the bilinear terms of the form
Bty that appear in dualizing the third level of this trilevel problem.
In the objective function, the only bilinear terms are {yijﬁtfij HeT (igyec and {YiiB, e ijyec-
Since we show that all dual variables are bounded, especially 0 < B+ < 2, bilinear terms can be
reformulated exactly by applying the McCormick Envelopes (see, e.g., McCormick 1976):

th]ZO Zt1326t13+2yw 27 Ztljgﬁtlj7 Zt2j§2y1]’ VtET( )EE
2 2 0, Zpij 2 Bt’ij + 2y;5 — 2, 25 < ﬂtﬂ.j, Zpii < 2yij, VteT,(i,j) € L.

Note that this is an exact reformulation of the bilinear terms, not a relaxation. Hence, the objective
function can replaced with the reformulation and additional constraints from (16) are added to the
formulation. This completes converting the trilevel formulation to bilevel formulation.
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