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Abstract

This paper proposes a hybrid quantum–classical framework for distribution network re-
configuration (DNR) under high distributed generation (DG) penetration, integrating
nonlinear AC power-flow validation with the Quantum Approximate Optimization Al-
gorithm (QAOA). Unlike prior quantum-assisted studies that rely on simplified DC or
surrogate models, the proposed approach embeds AC-feasible loss evaluation directly
within the combinatorial optimization loop. The methodology first evaluates all admissible
switching configurations of the IEEE 33-bus system under DG integration using full AC
power flow. The resulting loss landscape is compressed into a Quadratic Unconstrained
Binary Optimization (QUBO) representation and mapped to an Ising Hamiltonian, enabling
variational optimization via QAOA. The dominant configuration suggested by the quantum
layer is subsequently validated through AC feasibility analysis. Simulation results show
that the coordinated DG + QAOA strategy reduces active power losses from 282.938 kW
(baseline) to 95.773 kW, corresponding to a 66.15% reduction relative to the original topol-
ogy and an additional 20.62% improvement beyond DG-only operation. The minimum bus
voltage increases from 0.8828 p.u. to 0.9531 p.u., satisfying IEEE 1547 limits, while requiring
only two switching operations. These results demonstrate that embedding AC-consistent
validation within a hybrid QAOA framework enhances physical realism, scalability, and
solution quality for combinatorial optimization in active distribution networks.

Keywords: distribution network reconfiguration; QAOA; Quadratic Unconstrained
Binary Optimization (QUBO); AC power flow; distributed generation; quantum–classical
hybrid optimization

1. Introduction
Over the past decade, the global energy system has undergone a profound trans-

formation driven by the transition toward renewable energy sources. As a consequence
of international decarbonization commitments, photovoltaic and wind generation have
steadily increased their penetration in electrical networks, reshaping the traditional struc-
ture of distribution systems. This transition has also accelerated the electrification of
transportation and industry, thereby increasing the demand for flexible and clean energy
solutions [1].
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The large-scale integration of distributed energy resources (DERs) has demonstrated
significant environmental and economic benefits; however, it has also introduced new
operational challenges in modern power systems [2]. The expansion of renewable gen-
eration requires adaptive control strategies capable of maintaining system stability and
supply reliability under increasingly dynamic operating conditions [3]. In particular, high
penetration of non-dispatchable renewable generation increases uncertainty in power flows
and voltage variability in distribution systems [4]. Networks originally designed under
static load assumptions face considerable difficulty in responding to rapid fluctuations
associated with solar and wind intermittency [5]. Despite advances in energy storage and
control technologies, substantial technical losses persist due to reverse power flows and
overloads in low-voltage feeders [6]. The volatility of renewable generation, combined
with the growth of electric mobility, necessitates predictive models and optimal operational
strategies capable of mitigating these inefficiencies [7].

In this context, distribution network reconfiguration (DNR) has emerged as an effective
strategy to reduce power losses and improve operational stability [8]. By modifying the
network topology through the opening and closing of sectionalizing and tie-switches,
reconfiguration adapts the system to dynamic operating conditions while preserving
radial structure [9]. Consequently, the optimization of switching actions is essential to
minimize losses, enhance reliability, and enable higher renewable penetration in modern
smart grids [10]. Recent literature confirms that hybrid approaches integrating stochastic
modeling and advanced metaheuristics provide robust performance under nonlinear and
variable scenarios [11].

Since DNR modifies system topology via sectionalizing and tie-switch operations, it
is naturally formulated as a discrete optimization problem. Decision variables represent
the operational status of switches and lines, while feasibility constraints ensure that each
configuration maintains radial connectivity and supplies all buses from the main source
without forming closed loops [12]. Radiality constitutes a fundamental constraint that
preserves protection coordination and operational stability. The problem formulation also
incorporates voltage magnitude limits, thermal current constraints, and supply continuity
requirements, ensuring technical feasibility of each candidate configuration [13]. As a
result, DNR involves binary variables associated with topological decisions and continuous
variables representing AC power flows, yielding a mixed and computationally demanding
nonlinear optimization model [14].

Because the number of switches in practical networks can be large, the search space
grows exponentially with each additional decision variable. Therefore, DNR is a combinato-
rial NP-hard problem, making the attainment of global optimal solutions computationally
challenging within reasonable time frames [15]. The enforcement of radiality and nonlinear
AC power flow constraints further increases complexity. Classical deterministic methods
become inefficient for large-scale systems where exhaustive search is infeasible. Conse-
quently, metaheuristic techniques and hybrid quantum–classical approaches, such as the
QAOA, have emerged as promising alternatives for efficiently exploring large discrete
search spaces [16]. These approaches preserve radiality and technical feasibility while
simultaneously optimizing system losses and reliability [17].

Early reconfiguration studies relied on mixed-integer programming and branch-and-
bound techniques. Although these methods guaranteed optimal solutions for small-scale
systems, their computational complexity increased exponentially with the number of
switching devices [18]. Nonlinear constraints and multiple discrete variables limited their
practical applicability in networks with high DER penetration [19]. Subsequently, meta-
heuristic algorithms such as Genetic Algorithms (GAs), Particle Swarm Optimization (PSO),
and Ant Colony Optimization (ACO) were introduced to enhance scalability [20]. While
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these techniques provided flexibility and computational efficiency without requiring con-
vexity assumptions, they exhibited susceptibility to premature convergence and sensitivity
to parameter settings [21]. Despite these limitations, they became widely adopted in IEEE
benchmark systems due to their favorable trade-off between accuracy and computational
cost [22]. However, their global exploration capability deteriorates as the search space
expands and network topologies become more dynamic [23,24]. These limitations high-
light the inefficiency of conventional techniques for large-scale combinatorial problems in
modern distribution networks [25].

Hybrid quantum–classical algorithms leverage quantum superposition and entangle-
ment to explore multiple candidate solutions simultaneously [26]. Quantum paradigms
such as QAOA and related variational schemes have demonstrated reduced convergence
times and improved global solution quality compared to conventional approaches [17].
With increasing penetration of distributed renewable sources, such as solar and wind,
distribution networks experience unpredictable variations in power injections and voltage
profiles [27]. Such intermittency introduces operational uncertainty, increases technical
losses, and reduces system stability, particularly in low-inertia grids [28]. Deterministic,
stochastic, and robust optimization models have been proposed to manage renewable
uncertainty [29]. Robust and distributionally robust approaches demonstrate improved re-
silience under extreme operating conditions while reducing excessive conservatism [30,31].

Within advanced optimization paradigms, quantum computing exploits superpo-
sition and quantum parallelism to process multiple states simultaneously [32]. Unlike
classical bits, qubits encode linear combinations of logical states, expanding the explo-
ration capacity of combinatorial solution spaces [26]. Among quantum algorithms, QAOA
has gained prominence for solving binary optimization problems formulated as QUBO
models [17]. QAOA maps discrete decision variables into qubit interactions governed
by a cost Hamiltonian whose parameters are optimized via a classical outer loop [33].
In power systems applications, QAOA has been applied to network reconfiguration and
loss minimization problems [34]. Nevertheless, practical limitations remain, including
restricted qubit availability and noise sensitivity in Noisy Intermediate-Scale Quantum
(NISQ) devices [35]. Hybrid quantum–classical frameworks therefore combine classical
AC power-flow simulation with quantum optimization, ensuring physical feasibility while
exploring combinatorial configurations [36].

The integration of QAOA with AC optimal power flow (OPF) balances physical
realism and computational efficiency. Hybrid methods reduce computational time while
improving global search capability [37]. Moreover, quantum parallelism enhances the
treatment of highly nonconvex problems with improved exploration diversity [38]. These
characteristics position hybrid schemes as promising solutions for distribution networks
with high renewable penetration [39].

A critical review of the literature reveals that most quantum optimization studies in
power systems rely on simplified DC approximations or surrogate electrical models [36].
Comprehensive integration of nonlinear AC power flow constraints within network recon-
figuration remains limited, and validation is frequently restricted to small-scale systems
without realistic renewable penetration levels [17]. This methodological gap constrains the
engineering interpretability and operational applicability of hybrid quantum models [40].

Accordingly, this study proposes a hybrid QAOA–AC OPF framework that combines
the physical rigor of nonlinear AC power flow with the computational efficiency of quantum
optimization. The proposed approach addresses the lack of realism in prior studies by
embedding AC-feasible validation within the combinatorial optimization loop, thereby
integrating electrical feasibility verification with quantum-assisted topology exploration.
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Positioning with Respect to Prior Work and Novelty

Table 1 positions the present study with respect to representative streams of research
on distribution network reconfiguration (DNR) under distributed generation (DG) and
highlights the specific methodological gaps addressed herein. In particular, recent hybrid
quantum–classical contributions have largely relied on simplified or surrogate power-
flow models, whereas a comprehensive integration of nonlinear AC feasibility within the
reconfiguration loop remains limited, especially under operating scenarios with significant
renewable penetration.

Table 1. Comparison with representative related works: limitations and how the present manuscript
addresses them.

Ref. Core Approach Main Limitations
Reported/Implicit

How This Work Addresses
the Limitation

[18,19]
Deterministic
MINLP/branch-and-bound
reconfiguration

Strong scalability limitations as
the number of switching devices
increases; nonlinear constraints
become burdensome for high
DG penetration

Uses a hybrid decomposition in
which discrete topology search is
handled by QAOA over a
compact binary model, while
nonlinear AC feasibility is
enforced by the classical layer

[20–22] Metaheuristics (GA/PSO/ACO)
for DNR

Sensitivity to
tuning/initialization; risk of
premature convergence;
performance degradation as the
combinatorial space grows

Employs a variational quantum
search mechanism (QAOA) over
the discrete space and validates
candidates through AC
power-flow feasibility checks

[34,36]
Quantum-assisted DNR mainly
in QUBO/DC-type
simplifications

Physical realism reduced by
simplified power-flow models;
limited enforcement of AC
operational constraints within
the quantum search loop

Integrates nonlinear AC
power-flow validation explicitly
as a feasibility layer coupled to
the quantum search, closing the
loop between topology
and physics

[35,37–39] Hybrid quantum–classical
optimization frameworks

NISQ constraints (noise/qubit
limits); evaluation often
restricted to small-scale or
static settings

Provides an end-to-end
workflow that compresses
AC-evaluated losses into a
quadratic binary form and
reports quantitative outcomes on
the IEEE 33-bus benchmark with
DG integration

[40] Methodological discussions on
practical applicability

Need for stronger realism and
engineering interpretability in
hybrid quantum models

Introduces a physically
grounded validation stage (AC
feasibility) and reports
operationally interpretable
results (losses, voltage
compliance, switching actions)

The novelty of the proposed hybrid QAOA–AC OPF framework can be stated rigor-
ously as follows. Let the DNR decision be the binary switching vector x ∈ {0, 1}ns and let y
collect continuous electrical states (bus voltage magnitudes/angles and branch flows) gov-
erned by the nonlinear AC power-flow equations. The physically feasible reconfiguration
problem can be expressed as

min
x∈{0,1}ns , y

Ploss(x, y) s.t. g(x, y) = 0, h(x, y) ≤ 0, (1)
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where g(·) represents the nonlinear AC power-flow balance and h(·) enforces opera-
tional constraints (voltage bounds, thermal limits, and radiality-related admissibility). The
proposed contribution is the construction of a hybrid loop that: (i) evaluates candidate
topologies through an AC-feasible layer to obtain physically consistent loss values, (ii) com-
presses the resulting mapping x 7→ Ploss(x) into a quadratic binary representation suitable
for QAOA, and (iii) returns the dominant quantum-suggested configuration for final AC
validation. This closes the methodological gap identified in the literature by embedding AC
feasibility into the optimization loop rather than treating it as a posterior or surrogate check.

The remainder of this paper is organized as follows. Section 2 presents the theoretical
foundations of quantum optimization and its relationship with electrical systems. Section 3
details the proposed hybrid QAOA–AC OPF methodology, including its mathematical
formulation and simulation environment. Section 4 presents the obtained results and
comparative analysis with conventional methods. Finally, Section 5 summarizes the main
conclusions and outlines future research directions.

2. Theoretical Framework
To address the optimal reconfiguration of distribution networks with renewable gen-

eration using the hybrid quantum–classical QAOA algorithm, this section establishes
the technical foundations supporting the proposed methodology. First, the nonlinear AC
power-flow model solved via the Newton–Raphson method is presented to evaluate system
behavior under alternative topologies. Next, the optimization problem is cast as a QUBO
model and mapped onto a quantum Hamiltonian. Finally, the QAOA algorithm and its
variational optimization procedure are introduced to identify the switching configuration
that minimizes network losses while satisfying operational constraints.

2.1. AC Power-Flow Equations

Power-flow analysis in distribution systems is based on enforcing active and reactive
power balance at each bus. Using the phasor representation of bus voltages and the complex
nodal admittance matrix, the net injected power at bus i is expressed as a nonlinear function
of voltage magnitudes and phase angles. The bus voltage and branch/bus admittance are
written as

Vi = |Vi|ejδi , (2)

Yij = Gij + jBij = |Yij|ejθij . (3)

Accordingly, the active and reactive power injections at bus i are given by

Pi = |Vi|
n

∑
j=1
|Vj| |Yij| cos

(
θij − δi + δj

)
, (4)

Qi = |Vi|
n

∑
j=1
|Vj| |Yij| sin

(
θij − δi + δj

)
, (5)

where n denotes the total number of buses.
The Newton–Raphson method enforces convergence by driving the active and reactive

power mismatches to zero. Defining the specified net injections as generation minus
demand (load), the mismatch equations at bus i are

∆Pi = Pgen
i − Pload

i − Pcalc
i = 0, (6)

∆Qi = Qgen
i −Qload

i −Qcalc
i = 0, (7)

where Pcalc
i and Qcalc

i are computed from (4) and (5) using the current estimates of (|V|, δ).
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• Vi is the voltage phasor at bus i (V), with magnitude |Vi| (p.u. or V) and phase angle
δi (rad).

• Yij is the complex admittance between buses i and j (S), with conductance Gij (S),
susceptance Bij (S), magnitude |Yij| (S), and angle θij (rad).

• Pi and Qi are, respectively, the active and reactive power injections at bus i (W/VAR
or p.u.).

• Pgen
i and Qgen

i are the generated active and reactive powers (W/VAR).
• Pload

i and Qload
i are the demanded active and reactive powers (W/VAR).

• ∆Pi and ∆Qi are the active and reactive power mismatches at bus i.

2.2. Newton–Raphson Method for AC Power Flow

The Newton–Raphson (NR) algorithm solves the nonlinear system defined by the
mismatch equations by linearizing them at each iteration. Let the state vector be composed
of voltage angles and magnitudes; the NR update at iteration k is obtained by solving[

∆P
∆Q

]
=

[
JPδ JPV

JQδ JQV

][
∆δ

∆|V|

]
, (8)

where ∆P and ∆Q are the vectors of power mismatches for the selected buses, and the
Jacobian submatrices are defined by the partial derivatives

[JPδ]ij =
∂Pi
∂δj

, [JPV ]ij =
∂Pi

∂|Vj|
, (9)

[
JQδ

]
ij =

∂Qi
∂δj

,
[

JQV
]

ij =
∂Qi
∂|Vj|

. (10)

Consistent with (4) and (5), the commonly used analytical expressions for the off-
diagonal entries (i ̸= j) are

∂Pi
∂δj

= |Vi||Vj||Yij| sin
(
θij − δi + δj

)
, i ̸= j, (11)

∂Pi
∂|Vj|

= |Vi||Yij| cos
(
θij − δi + δj

)
, i ̸= j, (12)

∂Qi
∂δj

= −|Vi||Vj||Yij| cos
(
θij − δi + δj

)
, i ̸= j, (13)

∂Qi
∂|Vj|

= |Vi||Yij| sin
(
θij − δi + δj

)
, i ̸= j. (14)

After solving (8), the state variables are updated as[
δ(k+1)

|V|(k+1)

]
=

[
δ(k)

|V|(k)

]
+

[
∆δ

∆|V|

]
, (15)

and iterations proceed until the mismatch norms satisfy the prescribed tolerance (e.g.,
∥∆P∥∞ and ∥∆Q∥∞ below a threshold).

• ∆P and ∆Q are the active and reactive mismatch vectors.
• JPδ and JQδ are Jacobian blocks w.r.t. voltage angles δ.
• JPV and JQV are Jacobian blocks w.r.t. voltage magnitudes |V|.
• ∆δ and ∆|V| are the NR correction vectors.
• k is the iteration index; (δ(k), |V|(k)) denotes the current estimate.
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2.3. Power Loss Modeling

Power losses in distribution lines are determined from branch currents and line
impedances. For a branch (i, j), the magnitude of the current flowing from bus i to bus j
can be obtained from the apparent power flow as

Iij =

√
P2

ij + Q2
ij

|Vi|
, (16)

where Pij and Qij denote the active and reactive power flows from bus i to bus j, respectively.
The active and reactive power losses in branch (i, j) are computed as

Ploss,ij = Rij|Iij|2 = Rij
P2

ij + Q2
ij

|Vi|2
, (17)

Qloss,ij = Xij|Iij|2 = Xij
P2

ij + Q2
ij

|Vi|2
, (18)

where Rij and Xij are the resistance and reactance of the line, respectively.
The total system losses are obtained by summing over all energized (active) branches:

Ptotal
loss = ∑

(i,j)∈Lact

Ploss,ij, (19)

Qtotal
loss = ∑

(i,j)∈Lact

Qloss,ij, (20)

where Lact denotes the set of active lines in the considered network configuration.

• Iij: magnitude of the current flowing through line (i, j) (A),
• Pij, Qij: active and reactive power flows from bus i to bus j (W, VAR),
• Rij, Xij: resistance and reactance of line (i, j) (Ω),
• Ploss,ij, Qloss,ij: active and reactive losses in branch (i, j),
• Ptotal

loss , Qtotal
loss : total system active and reactive losses.

2.4. Node-Based Loss Aggregation

To identify critical buses where losses are concentrated, branch losses can be evenly
allocated to their terminal buses. The accumulated loss at bus i is defined as

Ploss,i = ∑
j∈Ωi

Ploss,ij

2
, (21)

where the adjacency set of bus i is

Ωi = {j : (i, j) ∈ Lact}. (22)

• Ploss,i: accumulated active loss assigned to bus i (W),
• Ωi: set of buses adjacent to bus i,
• Ploss,ij: active loss in branch (i, j).

2.5. Voltage Drop Approximation

For distribution feeders with relatively small voltage deviations, the branch voltage
drop can be approximated using the linearized expression

∆Vij ≈
PijRij + QijXij

|Vi|
, (23)
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which is valid when voltage magnitude variations are small relative to the nominal value.
The receiving-end voltage magnitude is then approximated as

|Vj| ≈ |Vi| − ∆Vij. (24)

• ∆Vij: voltage drop across line (i, j) (V or p.u.),
• |Vi|, |Vj|: voltage magnitudes at buses i and j,
• Pij, Qij: active and reactive power flows,
• Rij, Xij: line resistance and reactance.

2.6. Operational Constraints

The distribution system must operate within technical limits imposed by quality-of-
service and safety standards. Voltage magnitude limits at each bus are expressed as

Vmin ≤ |Vi| ≤ Vmax, ∀i ∈ N , (25)

where N is the set of all buses.
According to IEEE Std 1547-2018 [41] standards, typical limits are

0.95 ≤ |Vi| ≤ 1.05, (26)

while relaxed limits are sometimes adopted for benchmark systems such as the IEEE 33-bus
network [42]:

0.85 ≤ |Vi| ≤ 1.05. (27)

Thermal constraints for branch loading are imposed as√
P2

ij + Q2
ij

Smax,ij
≤ 1, ∀(i, j) ∈ Lact, (28)

where Smax,ij is the apparent power rating of line (i, j).
Finally, radiality must be preserved in distribution systems. For a connected radial network,

|Lact| = |N | − 1, (29)

which ensures a tree structure without closed loops and guarantees proper protection
coordination.

• Vmin, Vmax: minimum and maximum allowable voltage magnitudes (p.u.),
• N : set of buses,
• Smax,ij: thermal capacity of line (i, j) (VA),
• Lact: set of energized branches.

2.7. Voltage Deviation Index

Voltage magnitude deviation with respect to the nominal value constitutes a funda-
mental power quality indicator in distribution systems. Excessive deviations may com-
promise equipment performance, reduce efficiency, and violate regulatory standards. The
percentage voltage deviation at bus i is defined as

VDi(%) =
|Vi| −Vnom

Vnom
× 100, (30)
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where the nominal reference voltage is

Vnom = 1.0 p.u. (31)

Voltage deviations exceeding ±5% are generally considered indicative of operational
deficiencies in medium- and low-voltage networks.

• VDi: percentage voltage deviation at bus i,
• |Vi|: voltage magnitude at bus i (p.u.),
• Vnom: nominal reference voltage (p.u.).

2.8. Modeling of Distributed Renewable Generation

Distributed generation (DG) is modeled as an active and/or reactive power injection
at selected buses. The net power injections at bus i are defined as

Pnet,i = Pload,i − PDG,i, (32)

Qnet,i = Qload,i −QDG,i. (33)

For photovoltaic (PV) systems operating at unity power factor, the active power
injection satisfies

PDG,i ≥ 0, (34)

while the reactive power exchange is typically assumed to be

QDG,i = 0. (35)

The integration of DG reduces the net power supplied by the substation and conse-
quently decreases upstream branch currents, which may significantly reduce system losses
depending on the electrical location and penetration level.

• Pnet,i, Qnet,i: net active and reactive power injections at bus i,
• Pload,i, Qload,i: load demand at bus i,
• PDG,i, QDG,i: distributed generation injection at bus i,
• DG: Distributed Generation,
• PV: Photovoltaic.

2.9. Impact of Distributed Generation on Line Losses

The reduction of upstream branch currents due to local active power injection consti-
tutes the principal mechanism by which DG mitigates technical losses. Neglecting reactive
power exchange for unity power factor operation, the branch current supplying a load
without DG is approximated as

Ino DG =
Pload
|V| , (36)

whereas with DG integration, it becomes

Iwith DG =
Pload − PDG

|V| . (37)

Since copper losses are proportional to the square of the current, the corresponding
loss reduction in a branch with resistance R is

∆Ploss = R
(

I2
no DG − I2

with DG

)
, (38)
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which can be explicitly written as

∆Ploss = R

[(
Pload
|V|

)2
−
(

Pload − PDG

|V|

)2
]

. (39)

This quadratic relationship demonstrates that the effectiveness of DG in reducing
losses is strongly dependent on both its penetration level and its electrical proximity to
load centers.

• Ino DG: branch current without DG (A),
• Iwith DG: branch current with DG (A),
• Pload: load demand (W),
• PDG: DG active power injection (W),
• R: branch resistance (Ω),
• ∆Ploss: active power loss reduction (W).

2.10. Percentage Improvement Index

The effectiveness of optimization strategies is quantified through a percentage im-
provement index relative to a reference (base) case. The general improvement metric is
defined as

Improvement(%) =

(Ploss,base − Ploss,opt

Ploss,base

)
× 100, (40)

where Ploss,base denotes total active losses in the base configuration and Ploss,opt corresponds
to the optimized scenario.

The improvement achieved solely by DG installation is

ImprovementDG(%) =

(
Ploss,base − Ploss,DG

Ploss,base

)
× 100, (41)

while the additional improvement provided by QAOA-based reconfiguration after DG
integration is

ImprovementQAOA(%) =

(
Ploss,DG − Ploss,DG+QAOA

Ploss,DG

)
× 100, (42)

and the total combined improvement is expressed as

Improvementtotal(%) =

(
Ploss,base − Ploss,DG+QAOA

Ploss,base

)
× 100. (43)

• Ploss,base: total active losses in the base case (W),
• Ploss,opt: total active losses after optimization (W),
• Ploss,DG: total active losses with DG only (W),
• Ploss,DG+QAOA: total active losses with DG and QAOA reconfiguration (W).

2.11. Formulation of the Optimal Network Reconfiguration Problem

The optimal distribution network reconfiguration (DNR) problem aims to minimize
total active power losses through the optimal selection of switch states while satisfying
electrical and topological constraints. The decision variables are binary and represent the
open/closed status of tie-switches.

The problem can be formulated as
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min
x∈{0,1}5

f (x) = Ptotal
loss (x) (44)

s.t. g1(x) : AC power-flow equations (45)

g2(x) : Vmin ≤ |Vi(x)| ≤ Vmax, ∀i ∈ N (46)

g3(x) :

√
Pij(x)2 + Qij(x)2

Smax,ij
≤ 1, ∀(i, j) ∈ Lact (47)

g4(x) : Radial topology constraint (48)

x = [x1, x2, x3, x4, x5]
T, xi ∈ {0, 1} (49)

where:

• x is the binary decision vector representing the switching configuration,
• xi = 1 indicates that tie-switch i is closed; xi = 0 indicates it is open,
• Ptotal

loss (x) denotes total system active losses under configuration x,
• g1(x) enforces nonlinear AC power-flow feasibility,
• g2(x) ensures compliance with voltage magnitude limits,
• g3(x) enforces thermal loading limits,
• g4(x) guarantees a radial (tree) topology without closed loops.

This formulation constitutes a nonlinear mixed discrete optimization problem, since
the binary switching variables are coupled with nonlinear AC power-flow equations. The
combinatorial nature of x and the nonconvexity of the constraints make the problem
NP-hard.

2.12. QUBO Reformulation

To enable quantum optimization, the DNR problem is reformulated as a QUBO model.
In its standard form, the QUBO objective function is expressed as

H(x) = xTQx =
n

∑
i=1

Qiixi +
n

∑
i=1

n

∑
j>i

Qijxixj, (50)

where Q ∈ Rn×n is the QUBO matrix and n = 5 in the present case.
The diagonal elements capture the individual contribution of each binary variable:

Qii = E[Pnorm | xi = 1]−E[Pnorm | xi = 0], (51)

while the off-diagonal elements model pairwise interactions:

Qij = α E
[
Pnorm | xi = 1, xj = 1

]
, i ̸= j, (52)

where α is a weighting factor that regulates interaction strength.
To improve numerical stability and ensure bounded energy values, losses are normal-

ized as

Pnorm(c) =
Ploss(c)− Ploss,min

Ploss,max − Ploss,min
, (53)

where c denotes a specific switching configuration.

• H(x): classical QUBO objective function,
• Q: QUBO coefficient matrix,
• Qii: diagonal element representing the individual effect of switch i,
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• Qij: interaction coefficient between switches i and j,
• E[·]: empirical expectation operator over evaluated configurations,
• Ploss,min, Ploss,max: minimum and maximum observed losses,
• α: interaction weighting parameter.

In this work, radiality is enforced through configuration mapping rather than large
penalty terms, thereby avoiding ill-conditioned QUBO matrices.

2.13. Ising Hamiltonian Representation

The QUBO formulation can be mapped onto the Ising spin model through the binary-
to-spin transformation

xi =
1− zi

2
, zi ∈ {−1,+1}. (54)

Substituting (54) into (50) yields the Ising Hamiltonian:

HIsing(z) = ∑
i

hizi + ∑
i<j

Jijzizj, (55)

where the local fields and coupling coefficients are given by

hi =
Qii
2
− 1

4 ∑
j ̸=i

Qij, (56)

Jij =
Qij

4
. (57)

• zi: spin variable associated with qubit i,
• HIsing(z): Ising energy function,
• hi: local magnetic field term,
• Jij: spin–spin coupling coefficient,
• Qii, Qij: QUBO matrix elements.

This representation establishes the direct correspondence between the classical com-
binatorial optimization problem and a quantum Hamiltonian that can be implemented
within variational quantum algorithms such as QAOA.

2.14. QAOA Cost Hamiltonian

Within the QAOA framework, the classical QUBO objective function is encoded into
a quantum cost Hamiltonian acting on a register of n qubits. Each binary variable is
associated with a qubit, and the QUBO coefficients are mapped onto Pauli operators.

Starting from the binary-to-spin transformation and the QUBO matrix Q, the cost
Hamiltonian can be written as

HC =
n

∑
i=1

Qii
(I − Zi)

2
+ ∑

i<j
Qij

(I − Zi)(I − Zj)

4
, (58)

where Zi is the Pauli-Z operator acting on qubit i, and I is the 2× 2 identity operator.
By expanding and regrouping terms, the Hamiltonian can be expressed in standard

Ising form:

HC = ∑
i

hiZi + ∑
i<j

JijZiZj + C, (59)

where hi and Jij are derived from the QUBO coefficients (cf. Equations (56) and (57)), and C
is a constant energy offset that does not affect the optimization process.
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The Pauli-Z operator is defined as

Zi =

[
1 0
0 −1

]
, (60)

acting nontrivially only on qubit i and as identity on all other qubits.
The minimum eigenvalue of HC corresponds to the optimal switching configuration

encoded in the computational basis.

• HC: quantum cost Hamiltonian (Hermitian operator),
• Qii, Qij: QUBO matrix elements,
• Zi: Pauli-Z operator acting on qubit i,
• hi: local field coefficient,
• Jij: coupling coefficient between qubits i and j,
• C: additive constant term.

2.15. Phase Separator Operator

The phase-separator operator applies the cost Hamiltonian to a quantum state through
unitary time evolution. For a variational parameter γ ∈ R, the operator is defined as

UC(γ) = e−iγHC = ∏
i

e−iγhiZi ∏
i<j

e−iγJijZiZj , (61)

where the factorization follows from the mutual commutation of Zi and ZiZj operators.
When applied to a generic quantum state |ψ⟩, the action of the phase separator in the

computational basis {|x⟩} is

UC(γ) |ψ⟩ = ∑
x

e−iγHC(x)|x⟩⟨x|ψ⟩, (62)

where HC(x) denotes the classical energy associated with configuration x.
The parameter γ controls the magnitude of phase accumulation, amplifying interfer-

ence patterns that favor low-energy (low-loss) configurations.

• UC(γ): unitary cost (phase-separator) operator,
• γ: phase angle parameter (rad),
• |ψ⟩: input quantum state,
• |x⟩: computational basis state,
• HC(x): classical objective value for configuration x.

2.16. Mixer Operator

The mixer Hamiltonian promotes exploration of the solution space by inducing transi-
tions between computational basis states. In standard QAOA, it is defined as

HM =
n

∑
i=1

Xi, (63)

where Xi is the Pauli-X operator acting on qubit i:

Xi =

[
0 1
1 0

]
. (64)

The corresponding unitary mixer operator is

UM(β) = e−iβHM =
n

∏
i=1

e−iβXi , (65)
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where β ∈ R is a variational parameter controlling mixing intensity.
Each single-qubit rotation can be explicitly expressed as

e−iβXi = cos(β)I − i sin(β)Xi, (66)

which corresponds to a rotation around the X-axis in the Bloch sphere representation.
The mixer parameter β balances exploration and exploitation: larger values enhance

state transitions across configurations, whereas smaller values preserve the structure im-
posed by the cost Hamiltonian.

• HM: mixer Hamiltonian,
• UM(β): unitary mixer operator,
• Xi: Pauli-X operator (bit-flip operator),
• β: mixing angle parameter (rad),
• I: 2× 2 identity operator.

2.17. QAOA Circuit with p Layers

The complete QAOA ansatz with depth p is constructed by alternately applying
cost and mixer unitary operators, parameterized by vectors γ and β, respectively. The
variational quantum state is defined as

|ψ(γ, β)⟩ =
(

p

∏
k=1

UM(βk)UC(γk)

)
|ψ0⟩, (67)

where p denotes the number of QAOA layers (circuit depth), and the parameter vectors are
γ = (γ1, . . . , γp) and β = (β1, . . . , βp).

The initial state |ψ0⟩ is prepared as a uniform superposition over all computational
basis states. For a single qubit, the |+⟩ state is defined as

|+⟩ = 1√
2
(|0⟩+ |1⟩) = H|0⟩, (68)

where the Hadamard gate is

H =
1√
2

[
1 1
1 −1

]
. (69)

Applying Hadamard gates to all n qubits yields the initial n-qubit superposition state

|ψ0⟩ = |+⟩⊗n =
1√
2n ∑

x∈{0,1}n
|x⟩, (70)

which assigns equal probability amplitude to every binary configuration.

• |ψ(γ, β)⟩: final variational quantum state,
• UC(γk): cost operator at layer k,
• UM(βk): mixer operator at layer k,
• p: number of QAOA layers,
• n: number of qubits (binary decision variables),
• ⊗: tensor product,
• |x⟩: computational basis state associated with bitstring x.

2.18. Expectation Value of the Cost Hamiltonian

The objective of QAOA is to minimize the expectation value of the cost Hamiltonian
with respect to the variational state. This expectation value is defined as
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⟨HC⟩γ,β = ⟨ψ(γ, β)|HC|ψ(γ, β)⟩. (71)

Expanding the state in the computational basis,

|ψ(γ, β)⟩ = ∑
x∈{0,1}n

αx(γ, β)|x⟩, (72)

the expectation value becomes

⟨HC⟩γ,β = ∑
x∈{0,1}n

|αx(γ, β)|2HC(x), (73)

which corresponds to a probability-weighted average of the classical cost function over
all configurations.

Minimizing this expectation value increases the probability of sampling low-energy
(low-loss) configurations upon measurement.

• ⟨HC⟩γ,β: expectation value of the cost Hamiltonian,
• αx(γ, β): complex probability amplitude of configuration x,
• |αx|2: probability of measuring configuration x,
• HC(x): classical energy (loss value) associated with configuration x.

2.19. Classical Optimization of Variational Parameters

The variational parameters γ and β are optimized using a classical nonlinear optimiza-
tion algorithm. The optimization problem is formulated as

(γ∗, β∗) = arg min
γ,β
⟨HC⟩γ,β, (74)

where the parameter vectors are

γ = [γ1, γ2, . . . , γp]
T ∈ Rp, (75)

β = [β1, β2, . . . , βp]
T ∈ Rp. (76)

The classical optimizer iteratively evaluates the expectation value using the quantum
circuit as a subroutine. Gradient-free algorithms such as COBYLA are particularly suitable
due to their robustness to sampling noise and their ability to operate without explicit
gradient information.

• (γ∗, β∗): optimal variational parameters,
• arg min: operator returning the minimizers of the objective,
• p: number of QAOA layers,
• Rp: p-dimensional real parameter space.

2.20. Measurement Probability

After preparing the optimized variational state |ψ(γ∗, β∗)⟩, a projective measurement
is performed in the computational basis. The probability of obtaining a specific bitstring
x ∈ {0, 1}n is given by Born’s rule:

P(x | γ∗, β∗) = |⟨x | ψ(γ∗, β∗)⟩|2 = |αx(γ
∗, β∗)|2, (77)

where αx(γ∗, β∗) is the complex probability amplitude associated with configuration x.
Probability normalization is guaranteed by the unitarity of the QAOA circuit:
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∑
x∈{0,1}n

P(x | γ∗, β∗) = 1. (78)

The most probable configuration after optimization is therefore

x∗ = arg max
x∈{0,1}n

P(x | γ∗, β∗). (79)

In practical implementations, the quantum circuit is executed multiple times (shots)
to empirically estimate the probability distribution. The selected solution corresponds
either to the most frequently observed bitstring or to the configuration yielding the lowest
evaluated energy among the sampled outcomes.

• P(x | γ∗, β∗): probability of measuring configuration x,
• αx: complex probability amplitude,
• |αx|2: measurement probability of x,
• n: number of qubits,
• x∗: configuration selected after measurement,
• arg max: operator returning the maximizing argument.

2.21. Approximation Ratio

The quality of the solution obtained by QAOA is quantified through the approxima-
tion ratio, which compares the achieved objective value with the global optimum. For a
minimization problem, the approximation ratio is defined as

r =
f (xQAOA)

f (xopt)
, (80)

where f (xQAOA) is the cost associated with the configuration returned by QAOA and
f (xopt) denotes the global optimal cost.

Equivalently, in terms of the cost Hamiltonian,

r =
⟨HC⟩γ∗ ,β∗

HC,min
, (81)

where the global minimum energy is

HC,min = min
x∈{0,1}n

HC(x). (82)

A value of r close to unity indicates that the QAOA solution is near-optimal. In
general, the approximation ratio improves as the circuit depth p increases, although the
improvement typically exhibits diminishing returns due to hardware noise and variational
landscape complexity.

• r: approximation ratio,
• xQAOA: configuration obtained from QAOA,
• xopt: globally optimal configuration,
• ⟨HC⟩γ∗ ,β∗ : optimized expectation value,

• HC,min: minimum achievable Hamiltonian value.

3. Problem Formulation
The large-scale integration of renewable distributed generation (DG) fundamentally

reshapes power flow patterns in distribution networks. Topologies that were previously
efficient under unidirectional operation can become suboptimal once local injections induce
bidirectional flows, increasing technical losses and stressing line thermal limits. In this
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context, distribution network reconfiguration is a key operational mechanism: by strategically
opening and closing tie-switches, the operator modifies the radial topology to redistribute
currents, better exploit local generation, and reduce Joule losses.

Consider a distribution network with n buses and ns candidate tie-switches. Let the
binary decision vector be x = [x1, x2, . . . , xns ]

⊤ ∈ {0, 1}ns , where xi = 1 indicates that
tie-switch i is closed. The optimal reconfiguration problem is formulated as a mixed-integer
nonlinear program (MINLP) as follows:

min
x∈{0,1}ns

Ploss(x) = ∑
(i,j)∈Lact(x)

Rij |Iij(x)|2 (83)

s.t. Pi(x) = |Vi(x)|
n

∑
j=1
|Vj(x)| |Yij| cos

(
θij − δi(x) + δj(x)

)
, ∀i ∈ N (84)

Qi(x) = |Vi(x)|
n

∑
j=1
|Vj(x)| |Yij| sin

(
θij − δi(x) + δj(x)

)
, ∀i ∈ N (85)

Vmin ≤ |Vi(x)| ≤ Vmax, ∀i ∈ N (86)

|Sij(x)|
Smax

ij
≤ 1, ∀(i, j) ∈ Lact(x) (87)∣∣Lact(x)
∣∣ = n− 1. (88)

The objective in (83) represents the total active power losses over the set of energized
branches Lact(x), where the topology is determined by the switching decision vector x.
Constraints (84) and (85) impose the AC nodal power balance, ensuring that each candidate
topology is physically feasible under Kirchhoff’s laws (cf. the AC power-flow relations
introduced in Sections 2.1 and 2.2). Constraint (86) enforces voltage magnitude limits at all
buses. Constraint (87) prevents thermal overloads by limiting branch apparent power flow
relative to the rating Smax

ij . Finally, (88) enforces radial operation by requiring the number
of energized lines to equal n− 1, i.e., a tree topology with no cycles.

The main computational difficulty stems from the fact that the loss function in (83)
is implicit: currents Iij(x), voltages |Vi(x)|, and phase angles δi(x) cannot be expressed in
closed form as functions of x and must be obtained by solving the nonlinear AC power
flow for each candidate configuration. Together with the exponential search space of 2ns

switching states, the problem becomes a large-scale combinatorial MINLP (NP-hard in
general), rendering exhaustive enumeration impractical as ns grows.

To address this challenge, this work employs the QAOA within a quantum–classical
hybrid framework. QAOA is well suited to discrete optimization because it encodes
the binary decision variables into a quantum state and uses quantum superposition and
interference to bias measurement outcomes toward low-cost configurations.

3.1. Hybrid Quantum–Classical Solution Framework

The optimal reconfiguration problem defined in (83)–(88) is solved through a unified
quantum–classical computational framework. The classical layer guarantees physical
feasibility by solving the nonlinear AC power flow and computing actual technical losses
for each topology, whereas the quantum layer (QAOA) performs variational optimization
over the discrete switching space derived from the QUBO/Ising representation.

The complete workflow is summarized in Algorithm 1. The procedure inte-
grates exhaustive AC evaluation (for QUBO construction), quantum variational opti-
mization, and final AC validation of the selected configuration, avoiding redundant
intermediate formulations.
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Algorithm 1: Hybrid QAOA–AC Reconfiguration Procedure
Input: Bus set N , branch set L, admittance matrix Ybus, load vectors Pload, Qload,

distributed generation vector PDG, tie-switch set T with |T | = ns,
operational limits (Vmin, Vmax, Smax

ij ), QAOA depth p
Output: Optimal switching vector x⋆ ∈ {0, 1}ns and validated minimum loss

Ploss(x⋆)

Step 1: Exhaustive AC Evaluation
Initialize loss vector L ∈ R2ns ;
for c = 0 to 2ns − 1 do

Encode configuration x(c) ← Binary(c, ns);
Construct energized branch set Lact(x(c));
Solve the AC power flow (Newton–Raphson);
Compute total losses Ploss(x(c)) using (83);
Verify constraints (86)–(88);
Store L[c]← Ploss(x(c));

Step 2: QUBO and Ising Construction
Construct QUBO matrix Q from L according to (50)–(53);
Transform Q into Ising coefficients (h, J) using (54)–(57);
Define cost Hamiltonian

HC =
ns

∑
i=1

hiZi +
ns

∑
i<j

JijZiZj,

and mixer Hamiltonian

HM =
ns

∑
i=1

Xi.

Step 3: QAOA Variational Optimization
Initialize parameter vectors γ, β ∈ Rp;
while convergence criterion not satisfied do

Prepare the variational state |ψ(γ, β)⟩ as defined in (67);
Estimate ⟨HC⟩γ,β using (71);
Update (γ, β) via classical optimization as defined in (74);

Obtain optimal parameters (γ⋆, β⋆);

Step 4: Measurement and Decoding
Execute the optimized circuit with nshots measurements;
Estimate probability distribution P(x | γ⋆, β⋆) using (77)–(78);
Select configuration

x⋆ = arg max
x

P(x | γ⋆, β⋆),

according to (79);

Step 5: Final AC Validation
Solve the AC power flow for x⋆;
Verify constraints (86)–(88);
Return (x⋆, Ploss(x⋆));

The hybrid framework described in Algorithm 1 can be interpreted through five
mathematically structured phases that progressively transform the nonlinear mixed-integer
problem (83)–(88) into a variational quantum optimization task.
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Phase 1: Exhaustive AC Evaluation. All 2ns switching configurations are evaluated
through nonlinear AC power flow, producing the loss vector L ∈ R2ns , whose components
are Lc = Ploss(x(c)) computed from (83). This phase is fundamental because it captures the
complete discrete search space using physically consistent solutions of (84) and (85). Due to
the nonlinearity of the AC equations, no analytical mapping between x and Ploss(x) exists;
therefore, this evaluation provides the only reliable representation of the true loss landscape.

Phase 2: QUBO Compression. The 2ns discrete evaluations are condensed into a
quadratic surrogate model Q ∈ Rns×ns according to (50)–(53). If the loss surface varies
smoothly with respect to binary switching decisions, it can be well approximated by a
quadratic form involving only ns(ns+1)

2 independent parameters. This dramatically reduces
the dimensionality of the optimization problem while preserving the essential structure of
the combinatorial landscape.

Phase 3: Ising Mapping. The QUBO formulation is mapped to the Ising Hamilto-
nian using the transformation (54)–(57). This change of variables from binary variables
xi ∈ {0, 1} to spin variables zi ∈ {−1,+1} is required because quantum hardware naturally
operates in a two-level spin representation.

Phase 4: Variational QAOA Optimization. The QAOA circuit defined in (67) is
constructed from the cost Hamiltonian HC and mixer Hamiltonian HM. The variational pa-
rameters (γ, β) are optimized by minimizing the expectation value (71). Through quantum
superposition, the circuit explores all configurations simultaneously, while interference
effects amplify the probability of low-loss states.

Phase 5: Measurement and Classical Validation. After convergence, measurement
probabilities are computed using (77) and (78), and the most probable configuration x⋆ is
selected according to (79). A final AC power flow is then solved to validate feasibility and
compute the definitive loss value.

3.2. Phase 1: AC Power Flow Evaluation

In this phase, total active losses are computed for each configuration by solving the
nonlinear AC power flow. Radiality is enforced through a topology mapping φ : T → L,
which specifies which sectionalizing branch must be opened when a given tie-switch
is closed.

The set of energized branches is defined as

Lact(x) = Lbase ∪ { i ∈ T : xi = 1 } \ { φ(i) : xi = 1, i ∈ T }, (89)

which guarantees |Lact(x)| = n− 1 and therefore preserves radial topology in accordance
with (88).

For each configuration x:

• The admittance matrix Ybus is updated according to Lact(x).
• The AC power flow equations (84) and (85) are solved via Newton–Raphson (see

Section 2.2) until convergence.
• Branch currents are computed using (16).
• Individual and total losses are computed using (17)–(19).

This process yields a physically consistent evaluation of Ploss(x) for every candidate
topology and forms the empirical basis for the QUBO construction in the subsequent phase.

3.2.1. AC Power Flow Solution via Newton–Raphson

For each switching configuration x, the nonlinear AC power flow defined by
(84) and (85) is solved using the Newton–Raphson method described in Section 2.2. The
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procedure is summarized below in compact mathematical form, consistent with the Jaco-
bian formulation in (8)–(15).

1. Initialization: V(0) ← 1n×1 (flat start), δ(0) ← 0n×1.
2. Slack bus condition: |V1| = 1.0 p.u., δ1 = 0 rad.
3. Iterative update: For iteration k:

• Compute active and reactive power mismatches

∆P(k)
i = Pnet,i − Pi

(
V(k), δ(k)

)
,

∆Q(k)
i = Qnet,i −Qi

(
V(k), δ(k)

)
,

where Pi(·) and Qi(·) are given by (84) and (85).
• Construct the Jacobian matrix J(k) as defined in (8).
• Solve the linear system

J(k)
[

∆δ(k)

∆V(k)

]
= −

[
∆P(k)

∆Q(k)

]
.

• Update state variables:

δ(k+1) = δ(k) + ∆δ(k), V(k+1) = V(k) + ∆V(k).

4. Convergence criterion: Stop when

max
(
∥∆P(k)∥∞, ∥∆Q(k)∥∞

)
< ε, ε = 10−6.

3.2.2. Computation of Active Power Losses

Once voltages and angles converge, branch currents are computed according to (16).
For each energized branch (i, j) ∈ Lact(x), the active power loss is obtained using (17). The
total active loss is therefore

Ploss(x) = ∑
(i,j)∈Lact(x)

Ploss,ij.

3.2.3. Operational Constraint Verification

For each evaluated configuration, the following constraints are verified:

• Voltage limits (86),
• Thermal limits (87),
• Radiality condition (88).

Only physically feasible configurations are retained in the loss vector construction.
Executing the above procedure for all 2ns configurations produces the discrete loss vector

L =
[
Ploss(x

(0)), Ploss(x
(1)), . . . , Ploss(x

(2ns−1))
]
, (90)

where each entry corresponds to the active power loss (in kW) of a specific binary switching
configuration.

3.3. QUBO Matrix Construction

The vector L obtained from (90) contains the physically evaluated losses for all discrete
configurations. These 2ns scalar values are then condensed into a quadratic surrogate model
of the form
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H(x) = xTQx =
ns

∑
i=1

Qiixi +
ns

∑
i=1

ns

∑
j>i

Qijxixj, (91)

where x ∈ {0, 1}ns represents the switching state vector and Q ∈ Rns×ns is a symmetric
real matrix.

The quadratic representation (91) corresponds to the QUBO formulation introduced
in Section 2.12 and provides a compact parametric approximation of the discrete loss land-
scape. This matrix Q serves as the direct input to the Ising transformation and subsequent
QAOA-based optimization.

3.3.1. Statistical Construction of the QUBO Matrix

The construction of each element of Q in (91) is performed directly from the physically
evaluated loss vector L defined in (90). Since the entries of L are expressed in kW and
may differ in magnitude across operating scenarios, a normalization step is first applied to
improve numerical conditioning of the quadratic approximation.

Loss Normalization

Each configuration index c ∈ {0, . . . , 2ns − 1} is mapped to a normalized loss value
according to

Pnorm(c) =
Ploss(x(c))−min

k
Ploss(x(k))

max
k

Ploss(x(k))−min
k

Ploss(x(k))
, (92)

which is consistent with the normalization introduced in Section 2.12. This transforma-
tion rescales all losses to the interval [0, 1], where 0 corresponds to the minimum-loss
configuration and 1 to the maximum-loss configuration.

The resulting normalized vector

Lnorm =
[
Pnorm(0), Pnorm(1), . . . , Pnorm(2ns − 1)

]
preserves the relative ordering of configurations while eliminating dimensional scaling effects.

Diagonal Elements: Individual Switching Effects

The diagonal entries Qii quantify the marginal impact of activating tie-switch i. Let

C(1)i = {c | x(c)i = 1}, C(0)i = {c | x(c)i = 0},

where x(c)i denotes the i-th binary component of configuration c. The conditional expecta-
tions are defined as

E[Pnorm | xi = 1] =
1

|C(1)i |
∑

c∈C(1)i

Pnorm(c),

E[Pnorm | xi = 0] =
1

|C(0)i |
∑

c∈C(0)i

Pnorm(c).

The diagonal coefficient is then computed as

Qii = E[Pnorm | xi = 1]−E[Pnorm | xi = 0], (93)

which is consistent with the QUBO definition given in Section 2.12. A negative value of Qii

indicates that closing switch i reduces expected normalized losses.
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Off-Diagonal Elements: Pairwise Interactions

The interaction term Qij captures the joint influence of switches i and j. Define

C(11)
ij = {c | x(c)i = 1, x(c)j = 1}.

The associated conditional expectation is

E
[
Pnorm | xi = 1, xj = 1

]
=

1

|C(11)
ij |

∑
c∈C(11)

ij

Pnorm(c).

The off-diagonal coefficient is defined as

Qij = α E
[
Pnorm | xi = 1, xj = 1

]
, i < j, (94)

where α ∈ (0, 1] is a weighting factor that regulates the strength of pairwise interactions.
This structure is consistent with the quadratic expansion in (91).

3.3.2. Algorithmic Construction of Q

The complete statistical extraction procedure is summarized in Algorithm 2.

Algorithm 2: Statistical Construction of the QUBO Matrix
Input: Loss vector L of size 2ns

Output: QUBO matrix Q ∈ Rns×ns

Step 1: Normalization
Compute Pmin = min(L), Pmax = max(L);
for c = 0 to 2ns − 1 do

Pnorm(c)← L[c]− Pmin

Pmax − Pmin
;

Step 2: Initialize matrix
Set Q← 0ns×ns ;

Step 3: Diagonal terms
for i = 1 to ns do

Identify sets C(1)i and C(0)i ;
Compute conditional means according to (93);
Set Qii accordingly;

Step 4: Off-diagonal terms
Set interaction weight α;
for i = 1 to ns − 1 do

for j = i + 1 to ns do

Identify C(11)
ij ;

Compute Qij using (94);
Set Qji ← Qij;

return Q;

After completing this process for all coefficients, a fully populated symmetric matrix
Q ∈ Rns×ns is obtained (here, ns = 5). This matrix provides a compact quadratic surrogate
of the discrete loss landscape derived from the AC evaluations in Phase 1, and it becomes
the input for the quantum mapping stage.
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3.4. Phase 3: Mapping the QUBO Model to an Ising Hamiltonian

The QUBO matrix Q obtained in Phase 2 contains the numerical coefficients required
to build the corresponding Ising model used by the quantum layer. For clarity, Table 2
reports an example of the resulting Q for the IEEE 33-bus case study (ns = 5), where
diagonal entries represent individual switching contributions and off-diagonal entries
represent pairwise interactions.

Table 2. Example of the QUBO matrix Q constructed from the loss evaluations (ns = 5).

Switch 1 Switch 2 Switch 3 Switch 4 Switch 5

Switch 1 −0.318 0.042 0.038 0.045 0.041
Switch 2 0.042 0.089 0.051 0.048 0.052
Switch 3 0.038 0.051 −0.225 0.044 0.049
Switch 4 0.045 0.048 0.044 0.124 0.053
Switch 5 0.041 0.052 0.049 0.053 0.182

The matrix in Table 2 can be equivalently described by listing its unique coefficients
(upper-triangular form):

Q =


−0.318 0.042 0.038 0.045 0.041
0.042 0.089 0.051 0.048 0.052
0.038 0.051 −0.225 0.044 0.049
0.045 0.048 0.044 0.124 0.053
0.041 0.052 0.049 0.053 0.182

. (95)

3.4.1. Binary-to-Spin Transformation

To map the QUBO model into an Ising form, binary variables xi ∈ {0, 1} are converted
to spin variables zi ∈ {−1,+1} using the transformation introduced in Section 2.13,

xi =
1− zi

2
, zi ∈ {−1,+1}. (96)

Under this mapping, the Ising Hamiltonian can be written as

HIsing(z) =
ns

∑
i=1

hizi + ∑
1≤i<j≤ns

Jijzizj, (97)

where the local fields hi and couplings Jij are computed from Q following the relations
summarized in Section 2.13:

hi =
Qii
2
− 1

4

ns

∑
j=1
j ̸=i

Qij, (98)

Jij =
Qij

4
, i < j. (99)

3.4.2. Illustrative Computation of Coefficients

As an illustrative example, h1 is obtained from (98) using Q11 = −0.318 and the
off-diagonal entries in the first row:

h1 =
−0.318

2
− 1

4
(0.042 + 0.038 + 0.045 + 0.041)

= −0.159− 0.0415

= −0.2005 ≈ −0.201.

(100)
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Likewise, the coupling between switches 1 and 2 is computed from (99) as

J12 =
0.042

4
= 0.0105. (101)

Repeating the same procedure for all unique coefficients yields the numerical Ising
parameters. For the example in Table 2, the corresponding local-field vector is

h = [h1, h2, h3, h4, h5] = [−0.201, 0.133, −0.132, 0.189, 0.241], (102)

and the set of pairwise couplings is

J =

{J12 = 0.0105, J13 = 0.0095, J14 = 0.0113, J15 = 0.0103,

J23 = 0.0128, J24 = 0.0120, J25 = 0.0130,

J34 = 0.0110, J35 = 0.0123, J45 = 0.0133}.
(103)

The coefficients in (102) and (103) fully define the Ising cost landscape used to construct
the quantum cost Hamiltonian.

The arithmetic transformation from the QUBO representation to the Ising model
is summarized in Algorithm 3. This procedure computes the local fields and pairwise
couplings directly from the entries of the QUBO matrix and yields the coefficients required
to construct the Ising Hamiltonian.

Algorithm 3: QUBO-to-Ising Transformation

Input: QUBO matrix Q ∈ Rns×ns

Output: Local fields h ∈ Rns and coupling matrix J ∈ Rns×ns

Step 1: Binary-to-spin mapping

xi =
1− zi

2
, zi ∈ {−1,+1}.

Step 2: Compute local fields
for i = 1 to ns do

hi ←
Qii
2
− 1

4 ∑ns
j=1
j ̸=i

Qij;

Step 3: Compute pairwise couplings
Initialize J← 0ns×ns ;
for i = 1 to ns − 1 do

for j = i + 1 to ns do

Jij ←
Qij

4
;

Jji ← Jij;

Step 4: Define Ising Hamiltonian

HIsing(z) =
ns

∑
i=1

hizi + ∑
1≤i<j≤ns

Jijzizj.

return (h, J);

The numerical coefficients obtained in Phase 3 define the classical Ising Hamiltonian
and are directly embedded into the quantum cost Hamiltonian of the QAOA circuit.
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3.5. Phase 4: Quantum Optimization via QAOA

Replacing each spin variable zi with the Pauli-Z operator Zi yields the quantum
cost Hamiltonian

HC =
ns

∑
i=1

hiZi + ∑
1≤i<j≤ns

JijZiZj, (104)

which follows directly from the Ising representation.
For ns = 5, substituting the numerical coefficients produces

HC = −0.201 Z1 + 0.133 Z2 − 0.132 Z3 + 0.189 Z4 + 0.241 Z5

+ 0.0105 Z1Z2 + 0.0095 Z1Z3 + 0.0113 Z1Z4 + 0.0103 Z1Z5

+ 0.0128 Z2Z3 + 0.0120 Z2Z4 + 0.0130 Z2Z5

+ 0.0110 Z3Z4 + 0.0123 Z3Z5 + 0.0133 Z4Z5.

(105)

The corresponding phase-separation unitary operator is

UC(γ) = exp(−iγHC), (106)

where γ ∈ R is the variational phase parameter.
The mixer Hamiltonian is defined as

HM =
ns

∑
i=1

Xi, (107)

with associated unitary operator

UM(β) = exp(−iβHM), (108)

where Xi denotes the Pauli-X operator acting on qubit i and β ∈ R is the mixing parameter.
The operators UC(γ) and UM(β) define the variational layers of the depth-p QAOA

circuit described previously. The classical optimization of (γ, β) aims to minimize the
expectation value of HC, thereby concentrating measurement probability on switching
configurations associated with reduced network losses.

The QAOA procedure starts from the uniform superposition state

|ψ0⟩ = |+⟩⊗ns =
1√
2ns

∑
x∈{0,1}ns

|x⟩ , (109)

which is prepared by applying Hadamard gates to all qubits.
For circuit depth p = 1, the sequential application of the phase-separation and mixing

operators defined in (106) and (108) produces the parametrized quantum state

|ψ(γ, β)⟩ = UM(β)UC(γ) |ψ0⟩ . (110)

The optimal variational parameters are obtained by solving

(γ∗, β∗) = arg min
γ,β

F(γ, β), (111)

where the objective function is defined as

F(γ, β) = ⟨ψ(γ, β)|HC |ψ(γ, β)⟩ . (112)
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At each iteration of the classical optimizer, the circuit in (110) is executed with fixed
Hamiltonian coefficients (cf. (105)), the resulting bitstrings are measured, and the weighted av-
erage defined in (112) is evaluated. The COBYLA algorithm updates (γ, β) until convergence.

The complete variational procedure is summarized in Algorithm 4.

Algorithm 4: Variational QAOA Optimization
Input: Cost Hamiltonian HC, mixer Hamiltonian HM, QAOA depth p
Output: Optimal parameters (γ∗, β∗)

Step 1: Parameter initialization
Sample initial vectors

γ(0) ∼ U ([0, 2π]p), β(0) ∼ U ([0, π]p).

Set θ(0) = [γ(0), β(0)]T;

Step 2: Define objective function
Given θ = [γ, β]T:
1. Prepare |ψ0⟩ = |+⟩⊗ns .
2. For ℓ = 1, . . . , p apply

|ψ⟩ ← UM(βℓ)UC(γℓ) |ψ⟩ .

3. Execute the circuit with nshots measurements.
4. Estimate

F(γ, β) = ∑
x

nx

nshots
HC(x).

Step 3: Classical optimization
Use COBYLA to compute

θ∗ = arg min
θ

F(θ),

subject to γℓ ∈ [0, 2π], βℓ ∈ [0, π].
Extract

γ∗ = θ∗1:p, β∗ = θ∗p+1:2p.

return (γ∗, β∗);

After convergence (typically within 50–100 iterations), numerical optimal parameters
such as γ∗ = 1.234 rad and β∗ = 0.678 rad are obtained. Combined with the fixed
coefficients of (105), these parameters define the optimized quantum state |ψ(γ∗, β∗)⟩ used
in the final measurement stage.

3.6. Phase 5: Measurement and Solution Extraction

Using the optimal parameters γ∗ = 1.234 rad and β∗ = 0.678 rad obtained from (111),
the final quantum state is prepared according to (110).

|ψ(γ∗, β∗)⟩ = ∑
x∈{0,1}ns

cx |x⟩ , (113)

where cx ∈ C denotes the probability amplitude associated with configuration x and
∑x |cx|2 = 1.
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The circuit is executed with nshots = 10,000 measurements in the computational basis,
yielding a frequency histogram over the bitstrings. For illustration, representative outcomes
may include

[1, 0, 1, 0, 0]→ 3870, [1, 0, 0, 0, 0]→ 1420, [0, 0, 1, 0, 0]→ 1180,

with remaining counts distributed among other configurations.
The empirical probability of each configuration is estimated as

P(x | γ∗, β∗) =
nx

nshots
, (114)

where nx denotes the number of times configuration x is observed.
Applying (114) to the previous counts yields, for example,

P([1, 0, 1, 0, 0]) = 0.387,

P([1, 0, 0, 0, 0]) = 0.142,

P([0, 0, 1, 0, 0]) = 0.118.

(115)

The candidate optimal configuration is extracted according to

x∗ = arg max
x∈{0,1}ns

P(x | γ∗, β∗). (116)

In this case, the most probable configuration is

x∗ = [1, 0, 1, 0, 0],

with probability P = 0.387.
To ensure physical feasibility, this configuration is validated through the AC power-

flow procedure described in Phase 1 (cf. (89) and (90)). The corresponding optimal power-
flow solution yields

Ploss(x
∗) = 95.77 kW,

which coincides with the minimum value identified in the complete loss vector constructed
in Phase 1.

Accordingly, the data flow of the hybrid framework can be summarized as follows: the
AC evaluation produces 2ns loss values as defined in (90); these values are statistically con-
densed into the quadratic QUBO representation given in (91); the QUBO model is mapped
into Ising coefficients using Algorithm 3; the corresponding quantum cost Hamiltonian is
constructed as in (104) and embedded into the phase-separation unitary defined in (106);
variational optimization determines (γ∗, β∗) by minimizing the expectation value defined
in (112), according to (111); repeated measurements generate the empirical probability
distribution in (114), and the dominant configuration is extracted via (116), after which AC
validation closes the optimization loop.

3.7. Computational Environment and Software Implementation

All simulations and optimization procedures were implemented using a hybrid com-
putational environment integrating classical numerical analysis with quantum circuit
emulation. The IEEE 33-bus distribution system model, including distributed generation
integration and AC Newton–Raphson power-flow calculations, was implemented in MAT-
LAB R2023b using the MATPOWER 7.1 toolbox for nonlinear AC power-flow validation.
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The exhaustive evaluation of switching configurations and construction of the loss
vector were performed in MATLAB, where each admissible topology was verified for
radiality and compliance with voltage (0.95–1.05 p.u.) and thermal current constraints.

The QUBO matrix was generated programmatically in MATLAB and exported to
Python 3.11 for quantum processing. The Ising mapping and QAOA implementation were
executed using Qiskit 0.45.0 under IBM Quantum Aer statevector simulation backend.
Variational parameter optimization was performed using the COBYLA classical optimizer
available within the Qiskit optimization module.

All quantum circuits were simulated under noiseless conditions to evaluate algorith-
mic convergence behavior independent of hardware noise effects. The total computational
time reported corresponds to classical preprocessing, QUBO construction, variational
optimization, and AC validation.

The complete workflow integrates deterministic AC feasibility analysis with quantum
variational optimization, ensuring reproducibility of the hybrid framework under standard
scientific computing environments.

3.8. Hybrid QAOA–AC OPF Algorithmic Flow

The complete computational workflow of the proposed hybrid framework is summa-
rized in Figure 1. The algorithm integrates classical AC feasibility evaluation with quantum
variational optimization in an iterative hybrid structure.

3.9. Validation Case

The proposed methodology is validated on the IEEE 33-bus distribution system
(Figure 2), considering five tie-switches (ns = 5, 25 = 32 possible configurations) and
distributed generation totaling 1.9 MW, allocated as follows: 500 kW at bus 14, 800 kW
at bus 25, and 600 kW at bus 30. This distributed generation represents 51.1% of the total
system demand.

3.10. Communication Architecture and DER Coordination Assumptions

Although the primary focus of this work is topological optimization through hybrid
quantum–classical computation, coordinated operation of DERs requires an underlying
supervisory communication structure. The adopted framework assumes a centralized
Distribution Management System (DMS) architecture in which real-time measurements are
transmitted from field devices to a supervisory controller.

Each DER unit is assumed to be interfaced through a smart inverter compliant with
IEEE 1547 operational requirements, capable of providing active and reactive power mea-
surements as well as voltage magnitude information at its point of common coupling. Mea-
surements are acquired via intelligent electronic devices (IEDs) and transmitted through a
supervisory control and data acquisition (SCADA) layer to the DMS.

LetN denote the set of buses and G ⊂ N the subset containing DER-connected nodes.
At each sampling interval t, the measurement vector received by the DMS is defined as

z(t) = [Pi(t), Qi(t), Vi(t)]i∈N , (117)

where Pi(t) and Qi(t) represent active and reactive injections, and Vi(t) denotes the bus
voltage magnitude.

These measurements are used to update the system state prior to executing the recon-
figuration algorithm. The hybrid QAOA–AC OPF framework is therefore executed at the
supervisory level, assuming reliable low-latency communication between DER inverters
and the DMS. The communication layer is not modeled as a dynamic network but is treated
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as an enabling infrastructure ensuring that all state variables required for AC feasibility
validation are available before each optimization cycle.

Initialize IEEE 33-bus distribution
system with integrated DERs

Generate admissible switching
configurations satisfying radiality

Run AC power flow (Newton–
Raphson) and compute
operational quantities

Feasible un-
der constraints?

Vmin
i ≤ Vi ≤ Vmax

i ,
Iℓ ≤ Imax

ℓ

Store objective value:
total active loss Ploss

Mark as infeasible and ex-
clude from QUBO construction

Build QUBO matrix from
feasible configurations

Map QUBO to Ising
Hamiltonian (HC , HM)

Execute QAOA and optimize
(γ, β) via classical outer loop

Decode the best switching configu-
ration s⋆ from measured bitstrings

Perform final AC validation and
compute performance metrics

Report: loss reduction, voltage
profile, and switching actions

Yes No

Figure 1. Algorithmic flow of the proposed hybrid QAOA–AC OPF framework integrating AC
feasibility validation with quantum-assisted combinatorial optimization.
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Figure 2. IEEE 33-bus test system with distributed generation.

Switching commands determined by the optimization process are transmitted back
through the same communication infrastructure to remotely controlled sectionalizing and
tie switches. The overall architecture corresponds to a centralized optimization paradigm
commonly adopted in active distribution networks with moderate DER penetration levels.

This assumption ensures consistency between DER operation, AC feasibility evalua-
tion, and topological reconfiguration while maintaining tractable computational complexity
for the hybrid quantum–classical workflow.

4. Results Analysis
Three operating scenarios were defined to evaluate the proposed methodology. The

first scenario corresponds to the Baseline case, which represents the original radial network
without distributed generation (DG). The second scenario, denoted as With DG, considers
the integration of 1900 kW of renewable generation at buses 14, 25, and 30 while preserving
the original topology. Finally, the DG + QAOA case represents the optimal reconfiguration
obtained through the proposed hybrid quantum–classical algorithm.

The performance indicators analyzed include: (i) total active power losses (kW); (ii)
nodal voltage magnitude (p.u.); (iii) percentage voltage deviation (%); (iv) accumulated
losses per bus (kW); (v) losses per line (kW); and (vi) line loading (%). Each configuration
was validated through an AC Newton–Raphson power flow, verifying radial operation as
well as compliance with voltage limits (0.95–1.05 p.u.) and thermal capacity constraints of
all lines.

Results of the QAOA Optimization Process

The algorithm exhaustively evaluated the 32 possible tie-switch configurations (five
binary decisions: SW33–SW37), identifying 16 feasible configurations that preserve radiality.
Table 3 reports the complete set of evaluated combinations along with their corresponding
active power losses.

According to Table 3, losses among feasible configurations range from 87.083 kW
(configuration 14, global optimum) to 182.301 kW (configuration 19, worst feasible case),
resulting in a total span of 95.218 kW. In particular, QAOA converged to configuration 10
with losses of 95.773 kW, i.e., closing tie-switches SW34 and SW37 while keeping SW33,
SW35, and SW36 open. This solution exhibits a 9.98% optimality gap relative to the global
optimum; however, it requires only two switching operations (closure of SW34 and SW37)
compared to three operations in the global optimum (closure of SW34, SW35, and SW37),
which simplifies practical field operation. The total computational time was 1.36 s.
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Table 3. Complete evaluation of switching configurations using QAOA. A configuration is classified
as infeasible if the AC power-flow solution does not converge or if any operational constraint is
violated, namely voltage magnitude limits Vi ∈ [Vmin

i , Vmax
i ] for any bus i, branch thermal limits, or

the radiality requirement imposed for distribution operation.

ID SW33 SW34 SW35 SW36 SW37 Losses (kW) Status

1 0 0 0 0 0 120.649 Feasible
2 0 0 0 0 1 96.987 Feasible
3 0 0 0 1 0 N/A Infeasible
4 0 0 0 1 1 N/A Infeasible
5 0 0 1 0 0 N/A Infeasible
6 0 0 1 0 1 N/A Infeasible
7 0 0 1 1 0 177.470 Feasible
8 0 0 1 1 1 144.378 Feasible
9 0 1 0 0 0 119.378 Feasible

10 0 1 0 0 1 95.773 QAOA
11 0 1 0 1 0 N/A Infeasible
12 0 1 0 1 1 N/A Infeasible
13 0 1 1 0 0 106.925 Feasible
14 0 1 1 0 1 87.083 Optimal
15 0 1 1 1 0 N/A Infeasible
16 0 1 1 1 1 N/A Infeasible
17 1 0 0 0 0 N/A Infeasible
18 1 0 0 0 1 N/A Infeasible
19 1 0 0 1 0 182.301 Feasible
20 1 0 0 1 1 138.102 Feasible
21 1 0 1 0 0 N/A Infeasible
22 1 0 1 0 1 N/A Infeasible
23 1 0 1 1 0 169.433 Feasible
24 1 0 1 1 1 136.782 Feasible
25 1 1 0 0 0 N/A Infeasible
26 1 1 0 0 1 N/A Infeasible
27 1 1 0 1 0 181.365 Feasible
28 1 1 0 1 1 137.312 Feasible
29 1 1 1 0 0 N/A Infeasible
30 1 1 1 0 1 N/A Infeasible
31 1 1 1 1 0 170.072 Feasible
32 1 1 1 1 1 134.515 Feasible

Next, Table 4 summarizes the five best configurations identified during the optimiza-
tion process, ranked by active power losses.

Table 4. Top five optimal switching configurations.

Rank SW33 SW34 SW35 SW36 SW37 Losses (kW) Gap (%)

1 0 1 1 0 1 87.083 0.00
2 0 1 0 0 1 95.773 9.98
3 0 0 0 0 1 96.987 11.37
4 0 1 1 0 0 106.925 22.80
5 0 1 0 0 0 119.378 37.10

As shown in Table 3, the Rank 1 configuration (global optimum) achieves the lowest
losses (87.083 kW) with a 0.00% gap. The QAOA solution (Rank 2) yields 95.773 kW with
a 9.98% gap, corresponding to an increase of 8.690 kW relative to the optimum. Rank 3
requires only the closure of SW37 and results in 96.987 kW, with an 11.37% gap. Notably, the
difference between Rank 2 and Rank 3 is only 1.214 kW (approximately 1.25%), highlighting
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the sensitivity of the system to switching actions involving SW34. In contrast, Rank 4 and
Rank 5 present gaps above 22.80% and 37.10%, respectively, indicating inferior technical
performance.

Finally, as shown in Table 5, radiality is directly confirmed by the presence of OFF
branches that remove redundant paths. In particular, opening lines 9 (9–10) and 28 (28–29)
guarantees that, even with the tie-links in service, no loops are formed in the resulting
topology. In addition, branches 33 (8–20), 35 (12–22), and 36 (18–33) remain OFF, which is
consistent with their association to tie-switches that are not operated in this configuration.

Table 5. Line status, losses, and loading for the optimal configuration (DG + QAOA).

Line From To Status Losses (kW) Losses (kVAR) Loading (%)

1 1 2 ON 7.01 3.57 39.80
2 2 3 ON 27.10 13.80 33.84
3 3 4 ON 4.86 2.47 16.63
4 4 5 ON 3.96 2.01 14.71
5 5 6 ON 7.51 3.69 13.82
6 6 7 ON 1.00 0.50 10.52
7 7 8 ON 1.99 0.99 7.63
8 8 9 ON 1.19 0.59 4.91
9 9 10 OFF 0.00 0.00 0.00

10 10 11 ON 0.01 0.00 0.87
11 11 12 ON 0.05 0.02 1.60
12 12 13 ON 0.46 0.23 2.55
13 13 14 ON 0.32 0.16 3.51
14 14 15 ON 0.34 0.17 3.47
15 15 16 ON 0.34 0.17 3.09
16 16 17 ON 0.31 0.16 2.22
17 17 18 ON 0.06 0.03 1.36
18 18 19 ON 0.21 0.11 5.21
19 19 20 ON 1.10 0.56 3.91
20 20 21 ON 0.13 0.07 2.61
21 21 22 ON 0.06 0.03 1.30
22 22 23 ON 7.32 3.66 18.38
23 23 24 ON 13.40 6.70 17.63
24 24 25 ON 9.73 4.86 15.04
25 25 26 ON 0.07 0.03 2.62
26 26 27 ON 0.04 0.02 1.74
27 27 28 ON 0.04 0.02 0.86
28 28 29 OFF 0.00 0.00 0.00
29 29 30 ON 2.98 1.49 11.05
30 30 31 ON 1.93 0.97 6.43
31 31 32 ON 0.26 0.13 4.17
32 32 33 ON 0.02 0.01 0.99
33 33 34 OFF 0.00 0.00 0.00
34 34 35 ON 0.22 0.11 4.30
35 35 36 OFF 0.00 0.00 0.00
36 18 33 OFF 0.00 0.00 0.00
37 25 29 ON 1.77 1.77 12.16

From a performance perspective, losses are mainly concentrated in upstream branches
with higher power transfer. The dominant contributors are line 2 (2–3) with 27.10 kW, line 23
(23–24) with 13.40 kW, and line 24 (24–25) with 9.73 kW, confirming that the primary loss
component is located in heavily loaded feeder segments. Moreover, the existence of OFF
branches with zero losses and 0% loading confirms consistency between the topological
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switching state and the AC power-flow results, thereby supporting the operational validity
of the optimized configuration.

Electrical Variable Analysis

The impact of distributed generation and network reconfiguration on voltage perfor-
mance is illustrated in Figure 3, which compares the voltage magnitude profiles along the
33 buses for the three evaluated scenarios.

In the Baseline case, a progressive voltage drop is observed along the feeder, reaching a
minimum value of 0.8828 p.u. at bus 18 (−11.72%). This violates the admissible operational
range due to the high cumulative impedance of the radial feeder and the absence of local
power support.

In the With DG scenario, the integration of 1.9 MW of distributed generation increases
the minimum voltage to 0.9305 p.u. at bus 33. This improvement results from the reduction
of upstream current magnitudes caused by local power injection, thereby mitigating ohmic
voltage drops.

Finally, the DG + QAOA configuration further improves the minimum voltage to
0.9531 p.u. at bus 10. This enhancement is achieved by closing SW34 (interconnecting buses
9–15) and SW37 (interconnecting buses 25–29), which create lower-impedance alternative
paths. As a result, power flows are redistributed and the most critical voltage point shifts
from terminal buses toward intermediate nodes with lower accumulated impedance.
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.)

Voltage Profile Comparison
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Figure 3. Comparison of voltage magnitude profiles for the IEEE 33-bus test system under Baseline,
With DG, and DG + QAOA scenarios.

The percentage voltage deviations relative to the nominal value are depicted in
Figure 4. This representation allows a direct verification of compliance with the ±5%
operational limits.

In the Baseline scenario, buses 12–18 exhibit deviations between −10.0% and −11.7%,
reflecting the cumulative effect of resistive voltage drops along high-impedance sections of
the feeder.

With distributed generation, deviations are reduced to approximately −4.6% to −6.9%
in areas close to buses 14, 25, and 30 due to the decrease in net current supplied from the
substation.

Under the DG + QAOA configuration, all buses remain within the admissible ±5%
range as specified by IEEE Std 1547-2018 [41]. The maximum deviation is −4.69% at bus 10,
demonstrating that reconfiguration not only redistributes flows but also spatially balances
voltage drops throughout the network.
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Figure 4. Percentage voltage deviation per bus for the IEEE 33-bus system under the three evalu-
ated scenarios.

The accumulated active power losses per bus are shown in Figure 5. High-loss nodes
correspond to convergence points of major feeder currents.

Buses 2, 3, 23, and 24 concentrate the highest accumulated losses in all scenarios. In
particular, bus 3 accumulates 51.90 kW in the Baseline case due to elevated currents in
line 2–3 and its downstream branches.

After integrating distributed generation, the losses at bus 3 decrease to 23.64 kW,
representing a 54.5% reduction. This improvement is attributed to local injection reducing
upstream current magnitudes.

Under the DG + QAOA configuration, losses at bus 3 further decrease to 19.64 kW,
corresponding to a 62.2% reduction relative to the Baseline. The additional improvement
arises from flow redistribution enabled by SW37, which diverts part of the current through
the alternative path 25–29–30, relieving lines 2–3 and 23–24–25.

Figure 5. Accumulated active power losses per bus for the IEEE 33-bus test system under the
three scenarios.

The distribution of active power losses across the 37 lines is presented in Figure 6.
Line 2 (buses 2–3) exhibits the highest losses in all scenarios, as it carries the main feeder

current. In the Baseline case, this line reaches 72.56 kW, associated with an approximate
current of 246 A. With distributed generation, losses decrease to 27.10 kW, representing a
62.7% reduction due to current reduction to approximately 141 A.
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In the DG + QAOA case, losses in line 2 remain at 27.10 kW, since the trunk feeder
flow is not significantly altered by reconfiguration.

Additionally, lines 22–24 (secondary feeder 3–23–24–25) reduce their combined losses
from 72.48 kW in the Baseline case to 30.45 kW in the DG + QAOA configuration due to
the bidirectional support enabled by SW37.

Figure 6. Active power losses per line for the IEEE 33-bus test system under the three
evaluated scenarios.

Finally, Figure 7 illustrates the active loading percentage of each line.
In the Baseline scenario, line 1 operates at 62.34% of its thermal capacity, indicating

limited operational margin.
With distributed generation, the loading of line 1 decreases to 39.80% due to reduced

substation supply.
In the DG + QAOA configuration, line 1 remains at 39.80%, while line 34 (buses 9–15)

operates at 4.30% and line 37 (buses 25–29) at 12.16%. Previously inactive tie-lines thus be-
come active parallel paths, improving redundancy and spatially redistributing power flows.

Consequently, the maximum line loading remains below 40%, ensuring adequate
operational security margins under demand or generation variability.

Figure 7. Active line loading comparison for the IEEE 33-bus test system under Baseline, With DG,
and DG + QAOA scenarios.
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The overall impact of distributed generation and quantum-assisted reconfiguration on
system-wide losses is illustrated in Figure 8, which presents the progressive reduction in
total active power losses across the three evaluated scenarios.

In the Baseline configuration, total active losses amount to 282.938 kW. The integration
of 1900 kW of distributed generation reduces total losses to 120.649 kW, corresponding to a
57.4% decrease. This first-stage reduction is primarily explained by the quadratic depen-
dence of resistive losses on current magnitude (I2R): local power injection significantly
decreases upstream current flow from the substation, thereby reducing feeder losses.

Subsequently, the DG + QAOA reconfiguration further reduces total losses to
95.773 kW, achieving an overall reduction of 66.15% relative to the Baseline. This second-
stage improvement arises from topological reconfiguration, specifically through the closure
of SW34 and SW37, which effectively reduces the electrical distance between generation
and load centers. By shortening high-impedance paths and redistributing power flows, the
network operates with lower equivalent impedance.

The absolute reduction of 187.165 kW translates into an annual energy saving of
approximately 1638 MWh, assuming continuous operation over 8760 h/year. Notably,
the additional reduction of 24.876 kW (20.62%) between the With DG and DG + QAOA
scenarios highlights the synergistic potential of combining distributed generation with
optimal network reconfiguration.

Figure 8. Total active power loss reduction for the IEEE 33-bus test system under Baseline, With DG,
and DG + QAOA scenarios.

To further quantify the individual contribution of each strategy, Figure 9 presents a
normalized waterfall diagram of loss reductions.

The integration of distributed generation alone provides a 57.4% reduction, equiv-
alent to 162.289 kW relative to the normalized 100% loss level of the Baseline case. The
QAOA-based reconfiguration contributes an additional 20.6% reduction, corresponding to
24.876 kW relative to the With DG scenario.

In absolute terms, the contribution of distributed generation is larger because it directly
modifies feeder current magnitudes. In contrast, QAOA optimizes the spatial redistribution
of existing flows by altering network topology. Nevertheless, their combined action yields
a total loss reduction efficiency of 78.0%, meaning that final losses represent only 22.0% of
the Baseline value.
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This result confirms that reconfiguration without distributed generation would be
insufficient to meet ambitious loss-reduction targets, while distributed generation without
optimal reconfiguration leaves a 20.6% optimization potential unexploited.

Figure 9. Normalized loss reduction and individual contribution of distributed generation and
QAOA-based reconfiguration. The downward arrows denote the progressive decrease in normalized
losses relative to the baseline case.

Finally, Table 6 summarizes the technical performance comparison across the three
scenarios, quantifying improvements in the principal electrical variables.

Table 6. Technical performance comparison among Baseline, With DG, and DG + QAOA scenarios.

Parameter Baseline With DG DG + QAOA Total Improvement

Active Losses (kW) 282.938 120.649 95.773 −66.15%
Minimum Voltage (p.u.) 0.8828 0.9305 0.9531 +7.97%
Maximum Voltage Deviation (%) −11.72 −6.95 −4.69 +7.03
Average Voltage (p.u.) 0.9378 0.9613 0.9701 +3.44%
Maximum Line Loading (%) 62.34 39.65 39.80 −36.3%
Active Lines 32/37 32/37 32/37 –

As shown in Table 6, the DG + QAOA configuration fully satisfies the admissible
voltage limits (0.95–1.05 p.u.), achieving an average voltage of 0.970 p.u. compared to
0.9378 p.u. in the Baseline scenario, representing a 3.44% improvement.

Moreover, reconfiguration shifts the critical voltage point from terminal buses (bus 18
in the Baseline, bus 33 in With DG) toward bus 10 in the DG + QAOA case. This displace-
ment indicates a more balanced impedance distribution and improved voltage support
across the network.

Overall, the results demonstrate that the combined integration of distributed genera-
tion and quantum-assisted optimal reconfiguration significantly enhances technical perfor-
mance in terms of loss minimization, voltage regulation, and operational security margins.

5. Discussion
This study investigated the combined impact of distributed generation (DG) inte-

gration and quantum-assisted network reconfiguration on the technical performance of a
benchmark radial distribution feeder. The results demonstrate that DG and topology recon-
figuration act through complementary physical mechanisms and, when jointly optimized,
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provide a synergistic improvement in loss reduction and voltage regulation beyond what
either strategy achieves independently.

5.1. Interpretation of the Main Findings

From a power-flow standpoint, the substantial loss reduction obtained after DG
integration is primarily explained by the reduction of upstream current magnitudes. Since
resistive losses scale with the square of current, local active power injection reduces the
current drawn from the substation and therefore mitigates I2R losses in the most heavily
loaded upstream branches. This behavior is consistent with classical distribution-planning
theory: placing generation near load centers decreases the electrical distance between
sources and loads and diminishes the power transferred through high-impedance segments.

However, DG alone does not guarantee that the network operates close to its glob-
ally optimal electrical configuration. Even with significant upstream current relief, the
remaining losses are strongly influenced by how power flows are spatially distributed
across laterals, particularly in feeders that exhibit multiple high-impedance paths and
localized load concentrations. This explains why the additional reconfiguration stage (DG
+ QAOA) yields a non-trivial incremental improvement. In this work, the QAOA-driven
switching action reduces the effective impedance of critical delivery paths by enabling
alternative routes with lower cumulative resistance and reactance. The observed additional
loss reduction after reconfiguration indicates that, under DG operation, the network still
contains latent degrees of freedom that can be exploited through topology to reduce losses
and improve voltage support.

A key qualitative outcome is the migration of the critical voltage location. Under the
baseline radial topology, the minimum voltage occurs at a downstream bus where cumula-
tive series impedance and high power transfer jointly produce large voltage drops. After
DG integration, the minimum-voltage point shifts as injections modify net downstream cur-
rents and change where the largest voltage drops accumulate. With DG+QAOA, the critical
point shifts again toward an intermediate bus, reflecting a more balanced impedance distri-
bution and a reduction of voltage-drop concentration in terminal segments. This behavior
highlights a central implication: reconfiguration does not merely reduce losses but also
redistributes voltage sensitivity along the feeder, thereby enhancing operational robustness.

5.2. Comparison with Prior Studies and Methodological Implications

Prior work on distribution reconfiguration has long established that feeder losses and
voltage violations can be mitigated by selecting an appropriate set of switching actions
while maintaining radiality and operational constraints. Similarly, the benefits of DG for
loss reduction and voltage profile improvement are well documented in the literature, with
performance strongly dependent on DG size, placement, and dispatch strategy. The present
results reinforce these established conclusions while adding an important systems-level
insight: the effectiveness of topology reconfiguration increases when DG is present because
generation modifies the flow patterns that determine which loops (and therefore which
switching actions) produce the largest electrical benefit.

From an optimization perspective, this also explains why hybrid quantum–classical
approaches are attractive for constrained, combinatorial decision spaces such as switch
selection. Even for moderate-size networks, the number of candidate topologies grows
exponentially with the number of controllable switches. In this context, QAOA offers a
principled framework to explore discrete configurations and, critically, to prioritize feasible
candidates under radiality and operational constraints. The results show that QAOA can
converge to near-optimal configurations with a limited number of switching maneuvers,
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which is operationally relevant because excessive switching increases wear, coordination
complexity, and service risk.

The practical interpretation is that system operators may not always prefer the absolute
global minimum-loss topology if it requires a larger number of switching operations.
Instead, a slightly suboptimal topology can be preferable if it achieves most of the technical
benefit while minimizing operational interventions. This trade-off is fundamental in real-
world distribution operation and supports the relevance of reporting not only the best
solution but also the best solutions under restricted switching budgets.

5.3. Operational Relevance and Engineering Significance

The improvements reported here are not merely numerical. Reducing losses translates
into tangible energy savings and lower operational expenditure, while improving voltage
profiles reduces the likelihood of customer undervoltage events and helps maintain com-
pliance with regulatory limits. Moreover, distributing flows through alternative paths can
reduce loading concentration on specific lines and increase the margin to thermal limits,
thereby improving resilience to demand variability and DG intermittency.

The fact that the maximum line loading remains well below critical thresholds across
improved scenarios suggests that the proposed approach can increase the feeder security
margin. Importantly, the activation of tie-lines in a controlled manner creates additional
supply paths that can also be beneficial for restoration strategies under contingencies,
provided that protection coordination and switching policies are properly addressed.

5.4. Limitations

Despite these promising outcomes, several limitations should be recognized. First, the
analysis assumes steady-state operation under a single operating condition per scenario. In
practice, distribution systems experience time-varying load profiles and DG intermittency,
which can change the optimal switching configuration over time. Second, this study focuses
on active power losses and voltage constraints; protection coordination, fault current levels,
and reliability indices were not explicitly integrated into the optimization objective. Third,
while AC Newton–Raphson validation confirms feasibility for each candidate configuration,
the computational burden can increase when extending the approach to larger networks
and multiple time steps.

In addition, the DG modeling was treated primarily as active power injection at
selected buses. Reactive power capability, inverter control modes (e.g., Volt/VAR), and
dispatch constraints may alter voltage regulation and loss patterns, potentially changing
the preferred topologies. Therefore, the presented results should be interpreted as a
rigorous demonstration of the underlying physical synergy rather than an exhaustive
operational policy.

5.5. Future Research Directions

Several research directions naturally follow from this work. A first extension is the
incorporation of multi-period optimization with time-varying load and generation profiles,
enabling the derivation of switching schedules rather than a single static configuration. A
second direction is the integration of inverter-based reactive power control and voltage reg-
ulation policies into the objective, allowing coordinated optimization of topology and DG
control setpoints. A third direction is to embed reliability and protection constraints—such
as fault current limits, relay coordination, and sectionalizing/restoration performance—to
ensure that the optimized configurations are deployable under standard utility practices.

From the quantum optimization perspective, future studies should evaluate scalability
under larger switch sets and explore parameter-setting strategies (depth selection, warm-
starting, and hybrid heuristics) that improve convergence robustness. Benchmarking
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against established classical metaheuristics and mixed-integer nonlinear programming
approaches under identical constraints would further clarify where QAOA provides the
greatest computational advantage. Finally, investigating uncertainty-aware formulations
(stochastic or robust optimization) would strengthen the applicability of quantum-assisted
reconfiguration under DG variability and measurement uncertainty.

5.6. On Real-Time and Hardware-in-the-Loop Validation

The present study focuses on the methodological integration of AC-feasible power-
flow validation with hybrid quantum optimization under a controlled simulation environ-
ment. Hardware-in-the-loop (HIL) implementation was not considered in this stage for
three principal technical reasons.

First, the primary objective of this work is to establish a physically consistent hybrid
formulation that embeds nonlinear AC feasibility within a quantum-assisted combinatorial
search. Validation at this level requires deterministic repeatability of switching configura-
tions and loss evaluation, which is best achieved through numerical simulation prior to
hardware deployment.

Second, current Noisy Intermediate-Scale Quantum (NISQ) devices impose limitations
in terms of qubit count, coherence time, and circuit depth. Consequently, the QAOA imple-
mentation in this work was executed using statevector simulation to evaluate algorithmic
convergence properties independently of hardware noise. Direct integration of quantum
hardware into a real-time HIL environment would introduce stochastic noise effects that
could obscure methodological performance assessment.

Third, distribution network reconfiguration operates at supervisory timescales (min-
utes rather than milliseconds), unlike fast inverter-level control loops. Therefore, the
proposed hybrid optimization framework is conceptually aligned with centralized opera-
tional planning rather than sub-cycle real-time control, making immediate HIL validation
non-essential for proof-of-concept demonstration.

Nevertheless, the proposed formulation is fully compatible with real-time digital
simulators and supervisory HIL platforms. Future research will investigate integration
with real-time digital simulators (RTDSs) and inverter-level controllers to evaluate commu-
nication latency, switching transients, and robustness under hardware constraints. Such
extensions would provide additional validation under realistic operating conditions while
preserving the hybrid optimization structure established in this work.

6. Conclusions
This work proposed, formulated, and experimentally validated a hybrid quantum–

classical framework for distribution network reconfiguration under distributed generation
(DG) integration, combining AC-feasible power-flow validation, QUBO-based problem
compression, Ising transformation, and QAOA-based combinatorial optimization. The
principal conclusions, aligned with the objectives stated in this study, are summarized
as follows:

• Achievement of the primary objective: loss minimization under AC feasibility. The
proposed methodology successfully identified a practically optimal reconfiguration
by closing tie-switches SW34 and SW37, establishing alternative electrical paths be-
tween buses 9–15 and 25–29. This topology reduces total active power losses to
95.773 kW, corresponding to a 66.15% reduction relative to the baseline radial configu-
ration (282.938 kW) and an additional 20.62% reduction beyond the DG-only scenario
(120.649 kW). The solution exhibits a gap of 9.98% with respect to the global minimum
(87.083 kW), requires only two switching operations (versus three for the absolute
optimum), and converges in 1.36 s. These results confirm that the hybrid QAOA
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approach meets the central objective of minimizing technical losses while preserving
operational feasibility and limiting switching complexity.

• Successful compression of the combinatorial search space via QUBO formulation. The
exhaustive AC evaluation of the 25 = 32 configurations was compactly encoded into a
5× 5 QUBO matrix containing 15 independent parameters. The diagonal elements
quantify individual switching effects (e.g., Q11 = −0.318, Q33 = −0.225), whereas
off-diagonal terms capture pairwise interactions (e.g., Q12 = 0.042), thereby embed-
ding nonlinear AC power-flow behavior into a quadratic binary representation. The
subsequent transformation to Ising coefficients yielded physically interpretable local
fields and couplings (e.g., h1 = −0.201, J12 = 0.0105). This structured compression
demonstrates that the nonlinear, nonconvex AC reconfiguration problem can be rigor-
ously mapped to a Hamiltonian suitable for quantum variational processing without
violating electrical constraints.

• Effective variational optimization using shallow-depth QAOA. A depth-p = 1 QAOA
circuit converged to optimal parameters γ∗ = 1.234 rad and β∗ = 0.678 rad, producing
configuration [0, 1, 0, 0, 1] with probability P = 0.387. Despite the shallow circuit depth,
the algorithm concentrated probability mass around high-quality feasible solutions,
confirming that low-depth variational quantum circuits can effectively explore struc-
tured combinatorial spaces when guided by physically informed Hamiltonians. This
validates the secondary objective of assessing the applicability of NISQ-era quantum
optimization to distribution system operation problems.

• Voltage regulation and compliance with operational standards. Beyond loss minimiza-
tion, the DG + QAOA configuration significantly improves voltage performance. The
minimum bus voltage increases from 0.8828 p.u. (Bus 18, baseline) to 0.9531 p.u. (Bus
10), reducing the maximum deviation from −11.72% to −4.69% and thereby satisfying
IEEE 1547 voltage limits of ±5%. This demonstrates that the optimized topology
not only minimizes resistive losses but also redistributes impedance in a manner
that mitigates cumulative voltage drops, confirming fulfillment of the objective of
enhancing voltage stability.

• Synergistic interaction between DG and topology reconfiguration. The results quan-
titatively demonstrate a two-stage reduction mechanism. DG integration alone con-
tributes 57.4% of the total loss reduction by decreasing upstream currents (quadratic
I2R effect). The QAOA-driven reconfiguration contributes an additional 20.6% relative
improvement by shortening effective electrical distances and enabling alternative low-
impedance pathways. The combined strategy achieves an overall efficiency of 78.0%
relative to baseline losses. This confirms that DG and topology optimization are not
redundant measures but complementary control dimensions whose joint application
maximizes technical performance.

• Physical interpretation of current and loss redistribution. The trunk line 2–3 current de-
creases from approximately 246 A in the baseline scenario to 141 A after DG integration,
substantially reducing its associated losses. Furthermore, reconfiguration redistributes
feeder currents, lowering accumulated losses at Bus 3 from 51.90 kW to 19.64 kW, a
62.2% reduction. These results confirm that the optimized topology effectively unloads
high-resistance branches and spatially balances power flows, reinforcing the physical
validity of the obtained solution.

• Computational and methodological implications. This study demonstrates that hybrid
quantum–classical optimization can address AC-feasible distribution reconfigura-
tion problems within practical computational time, even when full AC validation is
preserved. Although classical enumeration was tractable for ns = 5, the QUBO–Ising–
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QAOA pipeline establishes a scalable methodological pathway for larger switch sets,
where exhaustive enumeration becomes intractable.

• Limitations and future research directions. The validation was performed on a
medium-scale benchmark system with enumerably finite configurations, static DG
injection, and shallow circuit depth (p = 1). Future research should extend the frame-
work to larger feeders via hierarchical or decomposed QUBO mappings, incorporate
stochastic renewable variability and time-series optimization, integrate reactive power
and inverter control strategies, and evaluate performance on real NISQ hardware to
quantify noise sensitivity. Additionally, embedding reliability, protection coordination,
and mixed-integer continuous decision variables (e.g., storage dispatch) would further
generalize the framework toward real-world deployment.

In conclusion, the objectives of this work have been fully achieved: (i) rigorous
AC-feasible loss minimization, (ii) structured QUBO compression of nonlinear electrical
behavior, (iii) successful Ising mapping and QAOA optimization, and (iv) demonstrable
improvements in voltage regulation and operational margins. The findings substantiate
the technical feasibility and practical promise of hybrid quantum-assisted reconfiguration
for next-generation active distribution networks.
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