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Abstract

The extensive deployment of power-electronics introduce spatial-temporal vari-
ability that can degrade voltage quality and operational reliability. Energy
storage systems (ESS) can mitigate these effects through fast active and reac-
tive power support, but their value is contingent on coordinated siting and
sizing. Integrated formulations that minimize voltage deviations, reduce sub-
station power-flow variability, and account for installation costs typically yield
in large-scale mixed-integer optimization problems that are computationally
burdensome for classical solvers and may yet not lead to the most optimum
solution. To address these challenges, this paper proposes a two-stage hybrid
quantum-—classical planning framework that separates binary siting from contin-
uous sizing and operation. In Stage I, the siting problem is reformulated as a
Quadratic Unconstrained Binary Optimization model and solved via a hybrid
quantum workflow. Acting as a “quantum sieve,” stochastic sampling generates
a diverse set of candidate site combinations that classical single-point methods
can overlook. In Stage II, selected site sets are evaluated using a classical convex
solver (SOCP) to compute optimal ESS capacities and operating setpoints sub-
ject to network constraints, ensuring physical feasibility. Experiments on IonQ
Forte hardware show grid-standard accuracy with industry-standard classical



solvers. Although current hardware latencies limit performance in the NISQ era,
the paper outlines scaling pathways and discusses key practical hurdles, including
state-preparation overlap and higher-order cost couplings.

Keywords: Energy storage systems, optimal siting and sizing, substation power-flow
deviation, hybrid quantum-—classical optimization, QUBO, convex optimization.

1 Introduction

Modern transmission—distribution networks are increasingly dominated by power-
electronics, which introduce fast, state-dependent dynamics and spatial-temporal
variability in net injections. Grid-connected energy storage systems (ESS) can mitigate
these effects by delivering fast active/reactive power support for voltage regulation,
congestion relief, and energy-flow smoothing [1, 2] by storing excess electricity gener-
ated by power electronic based generations and releasing it when needed [3]. However,
these benefits are highly contingent on the location and size of the storage units [4].
Poor siting can necessitate oversized devices to meet voltage/thermal constraints,
whereas “minimum-capacity” placements may still underperform in loss reduction or
voltage control, motivating multi-criteria planning (e.g., voltage deviation, feeder/sub-
station loading, and cost) rather than single-objective heuristics [5-8]. Consequently,
optimal ESS siting—sizing is now viewed as a core planning task for distribution
system operators (DSOs) and transmission system operators (TSOs), yet realistic
formulations remain challenging when jointly considering operational constraints,
investment, and energy costs over planning horizons, and multiple scenarios/uncertain-
ties—often leading to large-scale mixed-integer optimization problems with nontrivial
computational burden [8, 9].

Despite extensive literature on ESS planning, the combined siting—sizing prob-
lem is inherently challenging because it is a mixed-integer program: siting introduces
binary decision variables (install or not), while sizing and operation remain continu-
ous. Classical mixed-integer formulations can suffer from poor scalability, sensitivity
to relaxation gaps, and feasibility issues when network constraints, multi-objective
metrics, and operational coupling are modeled with high fidelity [9]. Quadratic uncon-
strained binary optimization (QUBO) is attractive here because it provides a standard
way to represent binary decisions using a quadratic objective with penalties that
absorb constraints, enabling direct mapping to Ising/QUBO solvers and annealing-
based hardware [10, 11]. This is precisely the computational “bridge” exploited in
recent power system studies that recast combinatorial network problems into QUBO
form and solve them using quantum or quantum-—classical hybrid approaches [12-14],
while broader reviews also emphasize QUBO-mapping and hybrid paradigms as practi-
cal near-term pathways for grid optimization under noisy intermediate-scale quantum
(NISQ) constraints [15]. In this context, separating (i) the binary siting stage as a
QUBO and (ii) the continuous sizing/dispatch stage as a convex classical program pro-
vides a principled route to reduce infeasibility /scaling issues, and improves tractability



while utilizing quantum hardware where it is naturally suited— discrete search over
large combinatorial spaces.

Most research has been conducted on determining the optimal location and siz-
ing of ESS in distribution networks to address key challenges, such as intermittency,
voltage deviations, and cost efficiency, are limited to classical optimization approach
[3, 16]. One of the early studies on optimal sizing and placement of ESS is presented
in [17] where the minimum required capacity and optimal location is determined by
optimizing the exchange of both active and reactive power between the ESS and its
grid-tied inverter (GTI), taking into account the network topology and the system’s
R/X ratios. However, the approach may face scalability challenges due to the required
inversion of the equivalent impedance matrix (Zeg, ;). In [18], ESS was optimally placed
in an IEEE 33-bus system to minimize the net present value of energy loss costs,
using the Grey Wolf Optimization (GWO) algorithm and comparing it with a genetic
algorithm (GA), particle swarm optimization (PSO), symbiotic organisms search algo-
rithm (SOS), and firefly algorithm (FA). Convex optimization was applied in [19] to
find the optimal size of ESS in an off-grid microgrid, aiming to minimize total costs
including fuel, installation, operation, and maintenance. A coyote optimization algo-
rithm was proposed in [20] for locating and sizing of one or two ESS units, respectively,
in a 48-bus system, with comparisons to PSO, and FA. In [21], ESS was integrated
in a 33-bus system to reduce power losses. ESS sizing optimization was presented in
[22], focusing on reactive power support and voltage profile improvement in a 36-bus
system using Genetic Algorithm (GA). In addition, [23] employed the Grasshopper
Optimization (GO) method to optimize ESS capacity and placement, reducing line
loss and voltage profile improvement. However, these approaches [17, 18, 20-23] are
heuristic and do not provide feasibility or optimality guarantees [24]. Moreover, the
computational burden implied by these approaches becomes impractical as we scale
to industrial problem sizes. In addition, these studies [17-23] focus on single-objective
optimization and fail to consider trade-offs amongst competing priorities.

Several studies have adopted multi-objective optimization approaches to determine
the optimal placement and sizing of ESS. In [2], a multi-objective framework was
proposed for shared ESS deployment in urban energy communities, aiming to balance
economic, technical, and environmental performance by minimizing the net present
value of installation and maximizing energy self-efficiency. However, this work did not
address voltage deviation. The study in [25] considered minimizing total costs and
voltage deviations, but did not look into substation power flow deviation. In [26],
a multi-objective model was developed to minimize bus voltage fluctuation, energy
storage capacity, and substation power deviation with a 24-hours 24-steps problem, but
it did not consider system cost. These studies also employed heuristic algorithms, such
as, GA, Peafowl Optimization Algorithm, and Particle Swamp Optimization to solve
their respective optimization problems. While heuristics are flexible and widely used,
they are typically problem-specific, computationally expensive, and fail to achieve
global optimality [24]. In contrast, convex and quadratic optimization methods are
generally preferred for their well defined mathematical structure, superior convergence
properties, and scalability across larger systems.



Recent literature has begun to demonstrate that quantum and quantum-inspired
optimization can address the combinatorial bottlenecks arising in power-system
operation and planning (e.g., OPF with discrete controls, unit commitment, switch-
ing/topology decisions, and related mixed-integer variants) [27]. Tutorial/review
articles targeting the power-systems community summarize three dominant directions:
gate-based algorithms (e.g., QAOA /VQE-style approaches), annealing-based methods
(quantum annealing / adiabatic optimization), and quantum-inspired solvers (digital
annealers and hybrid classical-quantum workflows), while also emphasizing practi-
cal near-term use cases and limitations under NISQ-era constraints [15]. A notable
example in grid optimization is the work on annealing-based quantum computing for
combinatorial OPF proposed in [12], which reformulates discrete OPF variants into
an annealer-suitable model to explore large binary decision spaces. Beyond OPF, a
QUBO/Ising-based power-flow analysis approach was evaluated on both quantum and
digital annealers, demonstrating that even foundational nonlinear grid computations
can be recast as discrete optimization problems [14]. For operations problems, recent
studies propose hybrid decomposition/coordination frameworks that embed quantum
annealing as a sub-solver for unit commitment, and benchmarking papers evaluate
hybrid quantum-annealing solvers on realistic UC instances, highlighting where quan-
tum/hybrid approaches may help and where classical methods remain superior [28, 29].
Collectively, these works motivate the use of QUBO/Ising formulations as a “common
language” that maps binary grid decisions to emerging quantum/hybrid solvers for
solving binary nonlinear optimization problem, thereby opening a pathway for early
deployments in planning problems such as ESS siting (binary) coupled with classical
sizing/dispatch (continuous).

Based on the preceding discussion, it is evident that existing research lacks a
comprehensive approach to the optimal sizing and placement of ESS that simultane-
ously considers cost minimization, reduction in voltage deviation, and minimization of
substation power flow. Furthermore, unlike prior works that either (a) rely on mixed-
integer solvers with limited scalability or (b) optimize a single operational metric, the
proposed framework produces multiple feasible ESS design candidates with explicit
trade-offs among voltage quality, substation power variability, and cost. The main
contributions of this paper are as follows:

® [ntegrated ESS planning objective with grid-operational relevance: A coordinated
ESS planning model is formulated that combines minimization of (i) network voltage
deviation, (ii) substation power-flow deviation, and (iii) installation and operational
energy costs, bridging technical performance and economic practicality in a single
planning workflow.

® Two-stage decomposition that resolves the mized-integer bottleneck: A two-stage
hybrid planning framework is developed that separates the binary siting decisions
from continuous sizing/operation. The ESS siting task is casted as a QUBO and
implement a hybrid quantum-—classical solver, enabling the discrete combinatorial
search to be performed on quantum hardware. Given the candidate sites from the
QUBO stage, the multi-objective function is relaxed with Taylor series expansion
and solved ESS sizing and operating setpoints using a convex optimization model



under network operating limits. This process avoids the infeasibility and scalability
challenges commonly encountered in monolithic mixed-integer formulations.

® Hardware-backed validation and solution: Experimental results are provided using
quantum hardware, showing that the quantum-enabled siting stage can provide
distinct candidate site sets (solution diversity) compared to conventional classical
approaches, which may return multiple equivalent optima or be sensitive to initial-
ization/relaxations. This highlights the potential of quantum hardware to broaden
the solution landscape for ESS planning. To the best of the authors’ knowledge, this
work represents one of the first practical demonstrations of quantum/hybrid opti-
mization applied to joint ESS location and sizing in power system planning with
explicit grid-performance and cost objectives.

The rest of the paper is organized as follows. Section 2 formally introduces the
ESS placement and sizing problem as a nonconvex mixed-integer program (MIP) with
non-linear constraints and how we relaxed it to form a fully convex problem. Section 3
details a two-step heuristic for solving ESS placement and sizing, and then Section 4
discusses optimization results. Section 5 addresses quantum scalability. Finally, we
conclude with a few avenues for further research in Section 6.

2 Design problem formulation

Consider a power network N = (B, £) where B denotes the set of buses and £ denotes
the set lines. We assume there is electric demand, also called load, at each bus. In
addition, we assume certain buses can supply power, either because they act as the
network’s substation, or because they are equipped with an ESS. Without loss of
generality, we label the busesin Bbyi = 1,..., M, and we label the network substation
i = 1. The aim of the ESS Design Problem (ESSDP) is to determine the optimal
placement and sizing of a number of ESS units to satisfy the power demanded at each
bus while minimizing voltage fluctuations across the buses, the active power drawn
from the substation, and the total installation cost of the ESS units.

2.1 Objective

We formulate this problem as a multi-objective program with three primary objectives.
Let P!, and Q} ; denote the real and reactive power generated at bus i during time
period t; correspondingly, Pé,i and Qﬁu denote the real and reactive power demanded
at bus ¢ during time period t. Furthermore, let U; denote the complex voltage at bus
i, and express it in polar form as U; = |U;|(cos 6; + isin6;). Here i = /—1.

We follow power system analysis conventions and normalize the voltage magnitude
against the initial substation voltage and express all voltage magnitudes in per unit
(p-u.). Thus the nominal value is unity.

The voltage deviation and substation power deviation objectives are given by:

Cy() =33 (lUf|-1)°, and (1)

teT ieB



CS(P):Z|P5,1*?|a (2)

teT

with P denoting the average substation power. We model the installation cost of the
ESS at bus ¢ as a quadratic function of the system’s energy storage capacity F;. Thus
the total installation cost is given by

Cp(E.s) =Y si(a,E] + biEi +¢), (3)
i€B

with s; € {0,1} denoting whether bus 7 is equipped with an ESS. The overall objective
is to minimize the linear combination

aCy + BCs +~Cp, (4)

for some «, 8,7y > 0.

Our multi-objective formulation reflects the complicated real-world trade-offs that
arise in the deployment of ESS units to commercial networks; the problem constraints
tie all the variables together, thereby creating complex Pareto fronts.

2.2 Constraints

For any given s € {0,1}™ the network A/ models a physical transmission network,
so every feasible solution to the ESSDP must satisfy the constraints of an Optimal
Power Flow (OPF) problem on A with the buses in {i € B | s; = 1} acting as
generators. Thus, we begin by recalling an alternative formulation to the OPF problem
in the so-called “rectangular form” [9, 30]. Let G;; and B;; denote the conductance
and susceptance of each line (i,7) € L. Define G;; = ¢4 — Zjﬂ G;j and By =
bii—>. ki B;;, with g;; and b;; denoting the shunt conductance and shunt susceptance
at bus i € B. The constraint set of the OPF problem at each time period t € T =
{1,...,T} is given as follows:

P!, — P, =GulU” + Z (Gi;Cl; — Bi;Sij) (5)
jea(i)
Lo— QY = —By|U? + Z (- Bi;Cl; — Gi;SL,) (6)
g,t d,i 1|~ 1]~ 1y=ig )
jes(d)
C’fj = \Uf||U;\ cos(; —6,), (i,j) € L, (7)
Si; = Ui ||U}|sin(0; — 0;), (i,5) € L, (8)
Ui <|U;| < Ui, i€B, 9
sl@SPg’fﬂgszm, 1> 1, (10)
S; - Qg,i < Q’;’l < S; - Qg,i; 7> 1. (11)



Constraints (5) and (6) represent the conservation of active and reactive power
flows at each bus, at each time period; here d(¢) denotes the set of buses adjacent
to bus i. The trigonometric terms in constraints (7) and (8) present a formidable
obstacle in the solution of large-scale OPF problem instances; the convex relaxation
used in this work serves as a workable alternative. Constraint (9) restricts the voltage
magnitudes to be close to the initial substation voltage at all times; in both test cases
considered here, U; = 0.95 and U; = 1.05 p.u. Constraints (10) and (11) limit the
real and reactive power output by each ESS unit according to its physical capacity at
every bus i for which s; = 1, and they ensure no power is generated at a bus that’s
not equipped with an ESS, i.e., at buses for which s; = 0.

The ESSDP imposes several additional constraints. For starters, the total power
generated is required to meet the demand at each time period. In addition, to ensure
practical feasibility, we require that each ESS unit installed has enough capacity to
cover peak power output over the time horizon. Moreover, there are minimum and
maximum capacity constraints for each ESS related to sunk costs and the physical
space available at each bus location. Finally, we consider the case where at most N
ESS units can be installed. In symbols, this means the ESSDP features the following
additional constraints:

P, >> P teT, (12)

ieB i€B
E; = Pt i € B 13
max | Py i1, i €8, (13)
E; <E; < E;, i €B, (14)
d s <N (15)
iEB
S1 = 0. (16)

All in all, we obtain the non-linear non-convex ESSDP MIP:

minimize (4)

st. (5) — (16).

2.3 Convex Relaxation

Now we convert the non-linear mixed integer optimization problem to a discplined
convex mixed integer optimization problem. As a stepping stone towards a convex
relaxation, we follow [9] to obtain a formulation that produces the optimal power
outputs for Problem (17) on a radial network. This reformulation results from the
change of variables defined by C%, = |U}|? together with (7) and (8). Under this change
of variables, constraint (9) becomes

Ul <Clh<T, ieB teT. (18)



Notice the new variables satisfy symmetry relations and a Pythagorean identity:

t _ ot

Jiv

St =-S! (i,j) €L, teT (19)

it

(Ch)? +(8)" = k-

i (i,j) e L, teT (20)
Thus the feasible set is now described by the linear and quadratic constraints (5)
and (6), together with (10)—(16) and (18)—(20). Note that constraint (13) is readily
enforced by the linear constraints £; > P;i and E; > _P;,m forieB,teT.

To obtain a bona fide quadratic program, we must produce a quadratic objective.
Under the change of variables, the voltage deviation term (1) becomes

>3 (er - 1)

teT ieB

which is clearly not quadratic in the problem variables.

Our main insight here is that the voltage magnitudes are restricted to a small
interval around 1 p.u., so we can leverage a Taylor expansion to recover a con-
vex objective without sacrificing much accuracy. Concretely, the second-order Taylor

polynomial approximating f(z) = (v& — 1)? around z = 1 is q(z) = ;(z — 1),
and Taylor’s theorem guarantees that the residual in [1 — e_,1 + e4] is bounded by
3 3
Y max{e_, €4 }°.

In the real-world power systems considered in this work, voltage magnitudes are
restricted within 5% of the reference value, so e_ = 0.0975 and €, = 0.1025, and the
maximum residual is less than 1.74 x 10~%. Thus we define the voltage deviation term
in the new variables as (22). The second-order Taylor approximation g(z) of f(z) =
(v —1)? around 2 = 1 and f(z) in a typical interval limiting voltage magnitude
deviations of 0.05 p.u. is compared in Fig. 1. The maximum absolute error is 1.27x 104
and the root-mean-square error is 4.73 x 107°.

Cver =1 33 (Ch—1) (22)

teT ieB

Together with (2) and (3), this approximation yields a (non-convex) quadratically
constrained quadratic program (QCQP) program in the real variables C, S, E, Py, Py,
for any given s:

minimize aCy,cp + 8Cp +vCpg

(23)

st (5), (6), (10) = (16), (18) — (20).

This QCQP can be solved with sequential quadratic programming (SQP) techniques.
Since the quadratic equalities (20) describe nonconvex sets, we take a cue from [9] to

obtain a convex relaxation using second-order cone programming (SOCP) constraints;
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Fig. 1 The second-order Taylor approximation q(x) of f(x) = (y/z — 1)? around z = 1 in a typical
interval limiting voltage magnitude deviations of 0.05 p.u. The maximum absolute error is 1.27 x 10~
and the root-mean-square error is 4.73 x 1072,

in particular, we relax (20) as:

(ij)2 + (Sfj)2 <Cl-Cs

Ji’

(i,j)e L, teT (24)

Then (24) can be rewritten as

2z, (ChimCLN?_ (Ch+ L2
syt (DY < (Grh)

which is nothing more than a rotated cone in R*. Note this SOCP constraint defines
the convex hull of (20).

Combining the SOCP constraint (24) with our quadratic objective yields a
disciplined convex program in the real variables C, S, F, Py, Py, for any given s:

minimize aCy,cp + BCp +vCp

s.t. (5), (6), (10) — (16), (18) — (19), (24). (25)

3 Two-stage solver: first place, then size

The ESSDP is a MIP because the ESS placement variables s; are binary. Its coupling
of binary decision variables to continuous parameters, together with its nonlinear con-
straints, is in large part responsible for the complexity of the ESSDP. We propose
a two-stage heuristic that decomposes the ESSDP into a binary siting problem fol-
lowed by a continuous (convex) sizing problem. Motivated by earlier developments
introduced in [27], our workflow leverages the best of both quantum and classical com-
puters: it uses a quantum processor to sieve the exponentially large solution space of
binary decision variables into a manageable subset of high quality candidate siting
vectors, and then hands off a fixed number of them to a fast convex solver running on
classical hardware. Figure 2 illustrates our decomposition.



QUBO Problem Classical Problem —
S1,S3eesSm

There will be multiple candidate location sets (multiple sets of s;). Each s, will have N
number of ESS at it" locations. The other M-N locations of each will have zeros. E; will
have the optimal size of N ESS.

Fig. 2 The solution approach to solve the optimal location and size of the ESS.

3.1 Quantum sieve

In the first stage of our decomposition, we approximately solve a binary decision
problem to determine candidate ESS location vectors; importantly, this siting problem
does not explicitly account for voltage deviation or substation power deviation; rather,
it focuses on the economic aspect of deployment. We begin with a binary Linear
Program (LP) designed to produce high-quality siting candidates. Next we follow some
of the co-authors’ earlier work in [27, 31] to interpret the LP as a Hamiltonian energy
minimization problem, and use a Variational Quantum Algorithm (VQA) to produce
the desired candidate vectors by repeatedly sampling the resulting optimized quantum
ansatz.

For the siting problem at this stage, we focus on the economic installation cost
objective and notice that feasible placement vectors can be filtered by verifying that
the maximum installed capacity exceeds the peak power demanded. Much like in
Section IIL.A in [27], we leverage two simple observations to construct an LP designed
to produce location vectors resulting in high-quality approximate solutions to the
ESSDP MIP.

Observation 1 The cost Cp,; of installing an ESS unit at bus i € B is
monotonically increasing, so Cp ;(E;) < Cp,;(E;) for every feasible E;.

This implies cmin(s) = >, 5: Cp,i(£;) is a lower bound for the cost of installing
ESS units at the buses specified by s. Thus we say s is a solution candidate if ciin(s) <
Cp(E*,s*), with E* and s* denoting the optimal energy storage capacity and ESS
location vector for the ESSDP Problem (17); notice that if s is not a solution candidate,
it cannot be an optimal ESS placement vector since

Cp(E",s") < cmin(s) < Y _ 5:Cpi(E*, 5). (26)

Observation 2 Location vectors satisfying sTE > ZieB Py, with Py; =
maxe7 Py, are feasible.

This follows immediately from the power generation constraints (12)—(14): the ESS
units installed must have enough storage capacity to cover peak power demanded
across the system.

10



Combined, the two observations imply that we can identify solution candidates as
location vectors with low minimum installation cost ¢y, whose corresponding maxi-
mum storage capacity profile satisfies peak power demanded. In other words, we seek
approximate solutions to the following binary LP:

minimize ZSiCB,i(Ei)
i€B
s.t. Z s By > Z P, (27)

ieB i€eB

i€B

In practice, we follow [27] to cast the binary LP (27) as a Hamiltonian energy
minimization problem and approximately solve it with a VQA. For starters, we encode
Problem (27) as an unconstrained program with objective function R given by a linear
combination of ¢y, and a penalty term that is a function of the constraint violation.

Whereas standard techniques introduce slack variables when converting a problem
with inequality constraints into a QUBO, we leverage the method introduced in [31],
which obviates the need for slack variables that typically translate into ancilla qubits in
quantum implementations. Instead, our method enforces problem constraints through
a penalty term. While our VQA may still sample infeasible states, the penalty terms
reduce the probability of sampling generator assignments that cannot satisfy the power
demand over the course of the optimization.

By replacing decision variables in the expression of ¢p,i, with corresponding Pauli
operators, we construct a Hamiltonian corresponding to our quadratic objective using
standard methods. Then we follow [31] to obtain an operator Hg on |B| qubits such
that Hg |s) = R(s) |s), whose eigenvalues can be lazily computed on a classical device
during the hybrid execution loop upon evaluating constraint violations associated with
sampled quantum states directly on the classical processor.

Concretely, our VQA solves approximately the following non-convex optimization
problem:

minimizeg ((0)| Hg [¢(0)) (28)

with |¢(0)) denoting the parametrized quantum state defined by our variational circuit
of choice.

In this case |¢)(0)) denotes the layered ansatz illustrated in Figure 1 in [27]. The
gate layout is inspired by the quantum alternating operator ansatz structure and it
leverages so-called warm-starting to define the initial quantum state, which sets the
qubit register in a superposition encoding the solution to the semi-definte relaxation
of Problem (27). The ansatz layers alternate between an entangling layer, consisting of
parametrized ZY gates in the Butterfly Ansatz layout [32], and a simple mixer layer,
consisting of parametrized single-qubit rotations. It is worth noting that the all-to-all
connectivity of qubits in TonQ systems enables a direct implementation of entangling

11



gates on non-adjaecent qubit pairs, with no overhead related associated with required
swap instructions and qubit rerouting.

Upon convergence of the VQA, we sample the optimized quantum state is sampled
to obtain a collection of feasible location vectors with low minimum installation costs—
these have the highest chance of being solution candidates. The samples are ranked
according to their cpi, value and we keep only a fixed number of samples, chosen
ahead of time. The remaining subset is returned as the set of solution candidates L*.

3.2 Classical refinement

With a set C* of candidate ESS location vectors in hand, we solve the convex siz-
ing Problem (25) a fixed number of times. At this stage we incorporate voltage and
substation power, along with total ESS installation cost objectives in the optimiza-
tion. For each candidate location, the optimal real power requirement is determined
for every time interval, and the optimal storage capacity of each ESS results from the
peak power requirements.

To conclude, we report the best ESS location vector as

arg min{aCy (U) + 8Cs(P) +vCp(E,s) | s € L*}, (29)

together with its corresponding U, P, and E values, as determined by the convex
solver.

4 Optimization and Result Analysis

To validate the proposed methodology, optimal placement of battery energy storage
in standard test cases (IEEE 13- and 33-bus distribution systems) using the proposed
quantum-classical solution framework was solved. The QUBO problem corresponding
to the test cases was solved using IonQ’s Forte quantum computer. In addition, we
solved the QUBO problem for Test Case I using IonQ’s cloud simulator.

For both cases, the average bus voltage (U), sub-station voltage, and the average
substation power (P) were considered as 1.0 p.u., 1.0 p.u., and 0.5 MW, respectively.
The installation costs were assumed to be identical across all possible locations, and
the cost function C; is considered{a,b,c} = {0.01,460,1} for a quadratic function,
C; = az? + bx + ¢ [33] apart from the sub-station and substation cost is kept higher.
The 24-hour load profile is taken from the EPRI US load factors: {0.677, 0.6256,
0.6087, 0.5833, 0.58028, 0.6025, 0.657, 0.7477, 0.832, 0.88, 0.94, 0.989, 0.985, 0.98,
0.9898, 0.999, 1, 0.958, 0.936, 0.913, 0.876, 0.876, 0.828, 0.756} [34].

4.1 Test case I: 12-Bus Distribution System

The 12-bus distribution system is derived from the IEEE 13-bus distribution system.
For clarity in presentation, we removed bus-680 and relabeled the remaining buses as
in Section 2. Fig. 3 illustrates the one-line diagram of Test System I. A single-phase
equivalent representation of the multi-phase IEEE 13 bus system was considered for
the evaluation of the solution methods proposed in this paper. The system’s data are
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taken from [35]. In the modified system, the switch between bus-671 and bus-692 is
assumed closed. All network parameters were converted into per-unit (p.u.) system for
consistency. The on-load tap changer (OLTC) transformer located between bus-650
and bus-632 was modeled with a fixed tap position of 0 throughout the study.

7 650

646 645 632 633 %E 634
[ 4 * L BE —e
611 68.4 671 692 675
L ® ®

652

Fig. 3 One-line diagram of the modified 12-Bus Distribution System (Test System I).

CVXPY SOCP voltage SQP voltages 1PM voltages

Bus no.

Busno. Bus no.
(2) Quantum hardware (¢) SQP (classical] (b) IPM (classical)

Fig. 4 Voltage profile comparison of 12-bus distribution system (Test System I). (a) Quantum
computer, (b) SQP (classical), and (¢) IPM (classical). Shown are voltage for each of the 12 underlying
buses, indicating how the voltages change a 24 hours time period. The figures show good alignment
between the quantum prediction shown in (a) and the two baselines shown in (b) and (c¢), namely
sequential quadratic programming (SQP) and interior point method (IPM).

Fig. 4 illustrates voltage profiles obtained using our two-stage heuristic. To com-
pute these, we first ran the VQA described in Section 3 to solve an appropriate QUBO
program using IonQ Forte. For comparison, we also solved the QUBO using IonQ’s
cloud simulator. The quantum backends were used in conjunction with Scipy’s imple-
mentation of the Constrained Optimization by Linear Approximation (COBYLA)
algorithm [36] to tune our variational quantum ansatz, using 512 shots to sample the
parametrized quantum state at each COBYLA iteration. We used Scipy’s default stop-
ping criterion to halt the optimization, and in each case we tuned the hyper-parameter
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Fig. 5 Time required for each iteration for (a) quantum hardware and (b) quantum simulator for
test system I, and (c) quantum hardware for test system II.

A experimentally, and initialized circuit parameters as 8 = 0. With each set of opti-
mized parameters 8 in hand, we sampled the quantum state |¢)(6")) resulting from
the VQA using 5,000 shots. We filtered out the infeasible samples and sorted the fea-
sible assignment vectors by minimum installation cost. We then solved at most 25
residual continuous problems corresponding to the top candidate location vectors and
chose the siting and sizing that yielded the best overall objective value.

For comparison and validation of our convex relaxation, we fixed the best ESS
location vector and solved the residual ESSDP (17) using MATLAB’s interior-point
method (IPM) solver, the QCQP formulation (23) using MATLAB’s SQP routine,
and our convex relaxation (25) using CVXPY’s ECOS solver.

The optimization results obtained from IonQ quantum simulator and IonQ Forte
quantum computer are compared. The two backends sampled the best overall config-
uration, and showed similar results. 200 iterations were perfomred on IonQ’s cloud
simulator and IonQ’s Forte QPU. The times taken for each iteration on IonQ Forte
and IonQ’s cloud simulator are illustrated in Fig. 5 (a) and (b). Excluding outliers,
the average time for each iteration on the cloud simulator was 6.8 seconds and it was
8-9 minutes on IonQ Forte. It can be observed that The simulator maintains a very
tight “floor” near 5-6 seconds, whereas the hardware baseline is much “noisier,” fluc-
tuating constantly between 7 and 15 minutes even without the major spikes. In Fig. 5
(b), there is a significant spike at the very first iteration (approaching 30 seconds).
This is common in simulators due to initial memory allocation or circuit compilation.
The spikes in the hardware graph (reaching 40 minutes), Fig. 5 (a), likely represent
overhead beyond pure computation, such as cloud queuing, calibration cycles, or net-
work latency. So, it can be opined that there is a massive disparity in execution speed.
If we take the average hardware time as 8.5 minutes (510 seconds) and the simula-
tor at 6.8 seconds, the simulator is approximately 75 times faster than the physical
hardware for these iterations. This is because, physical quantum hardware requires
complex state preparation, laser cooling, and gate operations that are physically per-
formed on ions. Additionally, cloud-access hardware often involves job queuing that
can add significantly to the “iteration time” compared to a classical simulator that
mimics the math of the circuit locally or on optimized classical clusters. Given the
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Table 1 ESS capacity (kWh) and location for 12-bus distribution
system for IonQ Forte quantum computer, IonQ quantum simulator,
classical-SQP, and classical-IPM.

In. ESS location Quantum  Quantum SQP IPM
no. (Bus no.) computer  simulator (classical) (classical)
1 671 128 128 128 125.2
2 652 576.2 576.2 715.3 588.4
3 611 1055 1055 1126.1 1123.1

two-order-of-magnitude speed advantage and higher stability of the cloud simulator,
it is the primary choice for iterative development and hyperparameter tuning, while
TonQ Forte is reserved strictly for final-stage validation.

The optimization profile for Test System I is illustrated in Fig. 6. The optimization
profile of the VQA for the QUBO problem on IonQ Forte is initialized at 8 = 0, the
COBYLA routine exhibits a rapid initial convergence, successfully navigating the high-
dimensional cost landscape to transition from a penalty-dominated state (= 5000) to
a feasible region within the first 60 iterations. While the optimizer reaches a minimum
objective value of 2725.175, the trajectory is characterized by significant stochastic
volatility and high-frequency oscillations thereafter. These fluctuations, particularly
the pronounced spikes observed near iterations 90 and 100, are likely attributable to
the interplay between the hardware’s physical gate noise and the statistical shot noise
inherent to the 495-shot sampling limit. Such behavior suggests that while the IonQ
Forte hardware is capable of identifying deep local minima for this test system, the
noise floor prevents the derivative-free optimizer from reaching a stable convergence
plateau, highlighting the trade-off between execution overhead and solution stability
in near-term quantum devices.

The optimized ESS locations computed by both IonQ Forte and IonQ’s cloud
simulator were bus 7, 9, and 10. The maximum relative error when comparing the
voltage profiles computed by our SOCP solver, given ESS placements at bus 7, 9,
and 10, against the SQP and IPM solvers is 2.434% and 3.335%, respectively. From
the results, the performance of the IonQ quantum simulator and IonQ Forte quantum
computer are similar with maximum error with respect to the classical solution and
is well below the accepted thresholds. The negligible relative error (j3.34%) in the
resulting voltage profiles validates the VQA’s ability to maintain high solution fidelity
on physical hardware, providing a foundation for applying these quantum heuristics to
larger-scale distribution networks where classical exact solvers face scaling limitations.

The optimized capacity of the recommended ESS in kWh is reported in Table 1.
The comparison with classical SQP and IPM solvers serves two primary purposes:
validation and performance benchmarking. First, as a feasibility study, matching the
classical solvers’ identified bus locations (7, 9, and 10) confirms that the quantum
algorithm can accurately resolve the combinatorial complexity of the placement prob-
lem. Second, as a performance bonus, the quantum results in Table 1 demonstrate
superior lower ESS capacity values compared to the classical baselines. Specifically,
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for Bus 652 and 611, the TonQ Forte identified feasible ESS capacities that were signif-
icantly lower than those found by SQP and IPM (e.g., 576.2 kWh vs. 715.3 kWh for
Bus 652). Since the resulting voltage profile errors remained within a negligible range,
these results suggest that the quantum-classical hybrid approach successfully explored
more efficient regions of the solution space, yielding more cost-effective infrastructure
requirements than traditional gradient-based classical methods.

Optimization Result

—— Optimization Progress
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Fig. 6 Convergence of the VQA described in Section 3 solving the 12-variable QUBO (27) corre-
sponding to Test System I on IonQ Forte. We used Scipy’s implementation of the COBYLA routine
to train our variational ansatz with initial parameters § = 0. Each iteration used 495 shots and the
constraint penalty hyperparameter was fixed at A = 5, 000.

4.2 Test Case II: 32-Bus Distribution System

The methods is tested with 32-bus distribution system, which is a modified version of
IEEE-33 bus distribution system. The system data are taken from [37]. The system
comprises 31 branches and its voltage rating is 12.66 kV. The total system load is
3.715 MW and 2.8 Mvar. The system is illustrated in Fig. 7.

22 23 X4

15 14 13 12 1

Fig. 7 One line diagram of the modified 32-bus distribution system (Test System II).
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Optimization Result

—— Optimization Progress

11000

10000

8000

Value

7000

6000
Minimum Value: 4860.552669

0 25 50 7 100 125 150 175
Rteration

Fig. 8 Convergence of the VQA described in Section 3 solving the 32-variable QUBO (27) corre-
sponding to Test System I on IonQ Forte. We used Scipy’s implementation of the COBYLA routine
to train our variational ansatz with initial parameters § = 0. Each iteration used 495 shots and the
constraint penalty hyperparameter was fixed at A = 10, 000.
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Fig. 9 Voltage profile comparison of 32-bus distribution system (Test System II). (a) Quantum
computer, (b) SQP (classical), and (c¢) IPM (classical). Shown are voltage for each of the 32 underlying
buses, indicating how the voltages change a 24 hours time period. The figures show good alignment
between the quantum prediction shown in (a) and the two baselines shown in (b) and (c), namely
sequential quadratic programming (SQP) and interior point method (IPM). The maximum relative
error with respect to as is determined as 2.417% and 2.531%, respectively.

The ESS siting and sizing optimization problem is solved through the IonQ Forte
quantum computer. The resulting optimization profile is illustrated in Fig. 8. The
optimization trajectory for the 32-variable QUBO on IonQ Forte, representing a more
complex scaling of the ESS placement problem, is depicted in Fig. 8. Initialized at
0 = 0, the VQA exhibits an aggressive descent during the first 100 iterations, effec-
tively driving the cost function from an initially infeasible state (> 11000) to below
the constraint penalty threshold of A = 1000. The optimizer reaches a minimum value
of 4860.55, demonstrating the hardware’s capability to navigate a significantly larger
Hilbert space compared to the 12-variable case. Similar to the smaller test system,
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Table 2 ESS capacity (kWh) and location for 32-bus
distribution system for IonQ Forte quantum computer,
classical-SQP, and classical-IPM.

In. ESS location Quantum SQP IPM
no. (Bus no.) computer  (classical) (classical)
1 9 314.64 349.33 350.03
2 14 423.34 418.48 419.51
3 20 203.94 481.98 480.68
4 24 745.15 903.55 902.32
5 25 654.936 774.63 773.13
6 28 873.99 796.98 798.13

the profile displays persistent high-frequency oscillations in the late-stage iterations
(125-200). These fluctuations are characteristic of the interplay between physical gate
noise on the TonQ Forte and the statistical variance resulting from the 495-shot sam-
pling limit. Despite these stochastic effects, the resulting ESS configuration achieved
a high level of physical accuracy, with maximum relative voltage errors of only 2.417%
and 2.531% compared to classical SQP and IPM solvers, respectively. This confirms
that the VQA remains robust and competitive with classical benchmarks even as the
problem dimensionality increases.

The time taken for each iteration for IonQ quantum computer is illustrated in
Fig. 5 (c¢). Compared to the 12-variable case, the baseline iteration time increased to
approximately 12—-15 minutes, reflecting the higher compilation and execution over-
head associated with increased circuit depth. Notably, the profile exhibits significant
temporal volatility, with frequent spikes exceeding 40 minutes and peaking at 60
minutes per iteration. These delays are primarily attributed to cloud-based queuing
latencies and necessary hardware recalibration intervals on the IonQ Forte platform.
The substantial increase in total wall-clock time for the 32-variable system under-
scores the necessity of the hybrid development workflow: utilizing the cloud simulator
for iterative algorithmic tuning and reserving the physical hardware for final-stage
validation where physical noise characteristics are the primary focus.

The comparative results for the 32-bus system, summarized in Table 2, further
emphasize the performance benefits of the quantum-classical hybrid approach. While
the classical SQP and IPM solvers provided valid baselines, the Ion(Q Forte identified
superior objective function values (lower ESS capacities) across the majority of the
siting locations. A significant result is observed at Bus 20, where the quantum com-
puter determined an optimal capacity of 203.94 kWh—representing a 57.6% reduction
compared to the 481.98 kWh required by the SQP solver. Similarly, at Bus 24 and
25, the quantum-derived capacities were significantly more efficient than the classical
benchmarks. Given that these solutions maintain a voltage profile error of less than
2.54% (as shown in Fig. 9), these findings demonstrate that for higher-dimensional
problems, the quantum heuristic can navigate the non-convex solution space more
effectively than traditional gradient-based methods, discovering deeper minima that
offer substantial infrastructure cost savings.
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4.3 Advantage of the Proposed Method

A primary methodological advantage is observed when decoupling the discrete siting
search from the continuous sizing refinement. Traditional classical methods, par-
ticularly monolithic mixed-integer programming (MIP), can encounter scalability
bottlenecks and sensitivity to relaxation gaps when handling high-fidelity network con-
straints. As illustrated in Fig. 10, a standard monolithic MIP solver identifies a solution
that distributes ESS capacity across nearly all 12 buses. While this 'dense’ configu-
ration may appear mathematically optimal for minimizing total kWh and might be
beneficial for the voltage and electrical perspective, it is practically unfeasible due to
the high fixed capital expenditures associated with multiple site interconnections. Our
quantum-classical hybrid approach (Table 1) identifies a sparse solution (Buses 7, 9,
and 10) that concentrates the required capacity. This demonstrates that the quantum
heuristic, when mapped via QUBO, naturally gravitates toward more practical, sparse
infrastructure configurations that avoid the ’dimensionality curse’ and the impractical
siting outcomes inherent to monolithic classical optimization.

While a cardinality constraint could theoretically be introduced into a classical
monolithic MIP to limit ESS siting, this approach introduces significant computational
overhead and numerical instability due to the expansion of the branch-and-bound
search tree. Furthermore, monolithic MIP solvers often rely on linearizations or relax-
ations of the power flow equations to maintain tractability. By contrast, the decoupled
quantum-classical approach uses the IonQ Forte to navigate the combinatorial siting
space (the 'where’) and a high-fidelity SOCP solver for sizing (the "how much’). This
decoupling ensures that the physical network constraints are never relaxed, provid-
ing a more robust and scalable framework for large-scale distribution networks where
monolithic solvers typically encounter prohibitive relaxation gaps.
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Fig. 10 Capacity of ESS when using monolithic MIP for 12-bus distribution system (Test System I).

The proposed hybrid framework utilizes the quantum hardware as a stochastic
sieve to sample a diverse portfolio of high-quality candidate-site sets. This sampling
capability allows planners to explore alternative configurations that may offer supe-
rior practical or unmodeled reliability benefits. The subsequent classical refinement
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stage (SOCP) then acts as a physical anchor, ensuring that the quantum-derived
configurations adhere to strict grid-standard voltage requirements. By benchmarking
these results against IPM, we demonstrate that the quantum-discovered configura-
tions are not only mathematically superior in terms of objective value (lower capacity)
but are also electrically robust, maintaining physical fidelity within industry-accepted
thresholds.

5 Toward quantum scalability

This work utilizes a Variational Quantum Algorithm (VQA) as a near-term heuristic
for energy storage system (ESS) siting. However, the long iteration times on current
hardware and the susceptibility of VQAs to barren plateaus necessitate a shift in
algorithmic strategy for industrial-scale distribution networks. To address the expo-
nentially growing combinatorial search space of larger systems, there are several
options worth pursuing.

A promising pathway to scalability involves transitioning from heuristic sampling
to Quantum Phase Estimation (QPE). By encoding the siting problem (Eq. (27))
into a Hamiltonian, QPE offers a non-heuristic mechanism to find the ground state
energy (the optimal siting) with predictable complexity. A critical hurdle for QPE in
realistic power systems is the initial state preparation. QPE requires an initial state
with a non-negligible overlap with the ground state to avoid exponential repetitions.
If the overlap condition is met, QPE provides a provable mechanism to explore the
siting landscape more efficiently than classical brute force, establishing a formal limit
for quantum advantage in grid planning.

To bypass the barren plateaus inherent in VQA, Quantum Imaginary Time Evolution
(QITE) represents a robust alternative. QITE evolves a state toward the ground state
of the siting Hamiltonian by simulating non-unitary imaginary time evolution. QITE
is physically inspired, generally more reliable than VQA in avoiding local minima in
complex energy landscapes, and less sensitive to initial state overlap than QPE. How-
ever, it requires significant measurement overhead and circuit depth on gate-based
hardware, which current NISQ devices are not yet equipped to handle at scale.

The main advantage of our current work lies in the two-stage decomposition. By
isolating the exponential complexity of siting (Stage I) from the polynomial efficiency
of convex sizing (Stage II), the framework remains quantum-ready. As hardware and
state-preparation algorithms evolve, the quantum sieve can be upgraded from VQA
to scalable quantum algorithms, such as variants of QPE or QITE, without altering
the rigorous physical refinement of the classical stage.

6 Conclusion and Future Work

In this paper, a novel two-stage ESS planning framework is introduce and designed
to decouple binary siting decisions from continuous sizing and operational problems.
By reformulating the siting task as a Quadratic Unconstrained Binary Optimization
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(QUBO) problem, a hybrid quantum-classical workflow is successfully implemented
using IonQ Forte hardware. This approach ensures that the discrete combinatorial
search is performed on quantum hardware while the continuous dispatch is main-
tained within a physically rigorous convex optimization model. The experimental
results validate the methodological integration of quantum backends into grid plan-
ning workflows. The quantum hardware experiments produced distinct candidate-site
sets compared to purely classical approaches, highlighting the potential of quantum
sampling to broaden the solution landscape for ESS planning.

Future research will transition this framework from a proof-of-concept to a scal-
able industrial tool by addressing the fundamental hurdles of state preparation and
algorithmic efficiency. We will explore the transition from Variational Quantum Algo-
rithms (VQA) to Quantum Phase Estimation (QPE). While QPE offers a provable
scaling path, future studies must specifically address the initial state-preparation
problem to ensure sufficient ground-state overlap in realistic grid cost landscapes.
We intend to investigate Quantum Imaginary Time Evolution (QITE) as a means
to bypass the barren plateaus often encountered in VQA, providing a more stable
convergence path for high-dimensional siting problems.

Real-world utility deployments involve higher-order interactions between ESS units,
such as shared regional infrastructure costs. We will extend our current objective
function (Eq. (27)) to include these non-linear interdependencies, leveraging the
high connectivity of gate-based quantum systems to map these Higher-Order Binary
Optimization (HOBO) problems.

It should be noted that the current formulation in Eq. (27) assumes that installation
costs are additive and independent across buses. While this serves as a baseline
for distributed storage, a more comprehensive planning scope for large-scale utility
deployment would necessitate the inclusion of higher-order interaction terms to
account for shared infrastructure or regional constraints. In a realistic utility scenario,
the cost of installing an ESS at bus ¢ may be influenced by the existence of a unit
at bus j, requiring a move from linear-binary objectives to Higher-Order Binary
Optimization (HOBO). It is important to note that the transition to a HOBO model
is a matter of problem definition rather than a limitation of the hybrid solver. While
higher-order terms increase the complexity for both classical and quantum methods,
the proposed QUBO/Hamiltonian mapping is natively capable of incorporating these
interactions through the use of ancilla qubits or higher-order term reductions. Future
expansions of the problem scope to include these interdependencies would benefit
from the high connectivity of hardware like the IonQ Forte, which can map complex,
non-local cost interactions with minimal gate overhead compared to standard grid-
based topologies.

The framework will be extended to include system reliability analysis, ensuring that
the diverse solution sets provided by the quantum sieve meet stringent operational
resilience standards.
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