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Abstract—In this paper, the use of quantum computing is ex-
plored to solve a crucial optimization problem in the formation
of microgrids (MGs), which can enhance the resilience of dis-
tribution networks against natural disasters or faults. The study
focuses on developing a quantum-inspired optimization model for
critical load restoration via MGs formation, leveraging the power
of quantum annealing to solve complex combinatorial problems
that classical methods struggle with. The Constrained Quadratic
Model (CQM) solver from D-Wave is used to merge classical and
quantum optimization approaches, delivering improved solutions
to complex optimization problems. The solver has been optimized
to take advantage of quantum computing’s parallelism to pro-
vide high-performance solutions. The study compares outcomes
from the D-Wave hybrid quantum-classical solver and the classical
Gurobi solver, underscoring the effectiveness of quantum comput-
ing in addressing resilience-oriented optimization challenges. This
assessment is validated through two case studies: the IEEE 37-bus
system and the IEEE 240-bus distribution system.

Index Terms—Quantum computing, load restoration,
microgrids formation, quantum annealing, resilience.

I. INTRODUCTION

IN THE past four decades, the U.S. has sustained hundreds
of billion-dollar weather and climate disasters causing 2.6

trillion dollar losses as well as major blackouts [1]. Given the
unpredictability and high impact nature of such events, research
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focused on enhancing the resilience of power systems against
natural disasters is becoming increasingly imperative [2].

The formation of microgrids (MGs) is a potential solution
to restore local loads in response to the devastating effects of
natural disasters [3], [4]. In [5], the factors considered in the
formation of MGs and the maximum restoration of loads include
the switching status of distribution system lines, nodes, loads,
and the presence of distributed generators (DGs). In [6], the
approach to restore critical loads involves optimizing the dis-
tribution system reconfiguration in order to increase the service
time of microgrids while considering the dynamic performance
of DGs. The work in [7] evaluates the resilience of MGs by
considering the continuous operating time, with the goal of
minimizing voltage fluctuations and maximizing critical load
restoration in the face of uncertainties from DGs and load profile.
In [8], a mixed-integer linear programming (MILP) model is
introduced to maximize the resilience of a distribution system in
the event of a natural disaster, while simultaneously reducing the
likelihood of post-restoration failures. In [9], privacy concerns
for MGs are addressed by assigning an independent distribution
system operator to each MG entity and further, an incentive-
based demand response model is introduced to encourage MGs
to participate in the load restoration effort.

Solving microgrids formation online, however, is a daunting
task. Microgrids formation is an MILP problem, which results
in a complex combinatorial challenge [6], [10], [11]. The com-
plexity of forming microgrids and restoring loads is anticipated
to rise due to the introduction of numerous decision variables
and constraints caused by the widespread adoption of DGs. As
a result, it is imperative to investigate new solution techniques
that can competently tackle the complex problem.

To address the challenge of restoring critical loads using
microgrids formation, various methodologies have been intro-
duced. These studies have primarily focused on developing
optimized models aimed at maximizing load restoration after
a natural disaster. In [12], an optimization model based on
MILP is proposed with the aim of restoring the maximum
amount of critical loads. To deal with the uncertainties in load
demand, the authors adopt Information Gap Decision Theory.
In [13], a novel approach is proposed to restore critical loads
after a fault in microgrids. A distributed multi-agent algo-
rithm is employed, taking into account the average consensus
theorem to coordinate the decisions of neighboring microgrids in
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a synchronous manner. The solutions obtained are then evaluated
for optimality using particle swarm optimization. In [14], the
use of a mixed-integer semidefinite program is introduced to
maximize the amount of critical loads restored after a natural
disaster. In [15], the load restoration problem in distribution
systems is formulated as a mixed-integer second-order cone
program to optimize the outcome. The use of deep reinforcement
learning for the microgrids formation is investigated in [16] to
find near-optimal microgrid formations in distribution systems.

The optimization problem for forming MGs involves many
binary and integer decision variables and can lead to combi-
natorial complexity, making it challenging to find the optimal
solution using aforementioned classical optimization methods.
With the increasing scale of the problem, these methods may
struggle to find near-optimal or global solutions. To overcome
these limitations, quantum computing (QC) offers a promising
approach to solve combinatorial problems that contain different
types of variables and many constraints. The applications of
quantum computing in the power systems sector have been
reviewed in [17]. The review highlights the potential of quan-
tum computing in different areas of power systems, such as
fundamental power analytics, power system operation and op-
timization, power system stability and control, communication
security, and machine learning. As a first step towards solving
one of the important operational optimization problems in power
systems, [18], [19] consider the distributed unit commitment
problem as an MILP optimization problem and develop a quan-
tum model of unit commitment. They then use a quantum version
of the alternating direction method of multipliers (ADMM) to
solve the problem in a distributed manner by decomposing
the main problem into several subproblems. This approach is
promising as it does not impose limitations on the number of
qubits and can solve combinatorial problems that are intractable
for classical computers. In the study conducted in [20], the
authors combined quantum computing and classical Surrogate
Lagrangian Relaxation (SLR) to tackle large-scale combinato-
rial problems, such as the unit commitment problem. In this
approach, the subproblems that contain binary variables are
solved using Quantum Approximate Optimization Algorithm
(QAOA), while the continuous subproblems are tackled by
classical solvers.

Quantum computing is currently performed using either gate-
based or annealing-based approaches. In gate-based quantum
computers, the input qubits are put into quantum states, which
then undergo changes through unitary operators and quantum
gates, leading to a final state of the qubit(s) that is then measured.
This process of transitioning from the input qubits to the final
measurement is referred to as a quantum circuit. Currently, IBM
provides commercial access to quantum computers with up to
433 qubits, while public quantum devices provide access to up
to 32 qubits. IBM has set a roadmap for the development of the
Condor processor, which will have 1121 qubits, by 2023 [21].
However, the current gate-based quantum computing devices
face limitations in terms of the number of qubits and con-
nectivity, making it challenging to solve large-scale problems.
To address this challenge, quantum annealing approaches can
be used to solve combinatorial optimization problems, such

as the Quadratic Unconstrained Binary Optimization (QUBO)
problem. For instance, the D-Wave company utilizes quantum
annealing (QA) to solve large-scale QUBO problems by utilizing
a lattice of qubits [22]. Quantum annealing, distinct from rein-
forcement learning in solving load restoration problem through
MGs formation [16], leverages quantum tunneling to enhance
the search for optimal microgrid configurations. Its parallelism
and superposition features offer a unique advantage in resilience
planning against natural disasters. Moreover, the stochastic na-
ture allows for diverse exploration, uncovering unconventional
configurations that enhance resilience.

Considering the limitations of classical optimization methods
and the advancements in quantum computing, the following are
the key contributions of this paper:
� A QUBO model for networked MGs formation-based load

restoration problem is created, which can be solved using
quantum annealing. This involves constructing the Hamil-
tonian of Ising model as an energy function, representing
the objective function and system topology and operational
constraints.

� The solution to the load restoration problem using MGs
formation is obtained through the use of the D-Wave
quantum machine and the quantum annealing approach.
The hybrid quantum-classical solver offered by D-Wave is
utilized to carry out the load restoration problem, allowing
the quantum processor to address non-continuous decision
variables and a large number of constraints. Additionally,
this solver demonstrates significantly improved efficiency
in comparison to traditional classical solvers in the resolu-
tion of large scale distribution systems.

II. PROBLEM FORMULATION

In this work, the strategy for restoring a distribution system
following a significant fault in the main grid is through the
formation of microgrids. The objective of forming microgrids is
to modify the topology of the distribution system to prioritize the
restoration of the maximum number of prioritized loads through
the control of line and load switches. It is important to note that
the switches in our model are remotely controlled automatic
switch devices. The placement of these switches at different
lines and nodes provides adaptable control over the network’s
topology.

In the radial distribution system studied in this paper, follow-
ing a natural disaster, it is the responsibility of DGs to energize
the critical loads of microgrids before the main grids are restored.
Additionally, each MG is supplied by one or multiple DGs.
DG units are dispatchable and actively controllable and can be
scheduled to optimize their real and reactive power outputs.

In the rest of this section, the MGs formation problem is
modeled as an MILP to restore the maximum prioritized loads
considering the operational and topological constraints.

A. MGs Formation Constraints

In the studied radial distribution system, the problem of
optimally restoring the system after a natural disaster involves
several constraints that must be satisfied. These constraints
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include node and line-related constraints, microgrid connectivity
constraints, microgrid load pick-up constraints, and operational
constraints related to the distribution system and microgrids
such as real and reactive power flow, voltage limits, power
generation capacity of distributed generators, and balance of
real and reactive power at each node.

1) Belonging of Nodes and Lines to MGs: This constraint
states that every microgrid has lines and loads located at nodes,
and that a single node cannot be part of multiple microgrids.
Additionally, if two nodes are part of the same microgrid, the line
connecting them must also be part of that microgrid. To establish
this constraint, the nodes are first divided into active and passive
nodes. Active nodes are powered by the distribution system and
distributed generators, while passive nodes have been isolated
from the main grid and microgrids as a result of damage caused
by natural disasters and cannot be connected to the energized
portion of the system. Assume a radial distribution system with
B nodes. Node i ∈ B will be removed from the node set N if it
is a passive node. Therefore, after removing the passive nodes,
there will be B� nodes.

Node i ∈ B� should only belong to one of the microgrids in
the set M . To realize the node belonging constraint, a binary
decision variable wi should be defined for node i ∈ B�. Node i
belongs to MG m if wim = 1, otherwise wim = 0.∑

m∈M
wim = 1, i ∈ B�. (1)

Additionally, the assignment of a line to an MG depends on
the assignment of its connected nodes to that microgrid. If node
i ∈ B� and node ĩ ∈ B� are two nodes of MGm, the connected
line lĩi between nodes i and ĩ belongs to the same microgrid. To
model the line belonging constraint, a binary decision variable
should be assigned to each line so that the following equality
constraint is satisfied:

lm
ĩi

= wim · wĩm, ∀i, ĩ ∈ B�, m ∈M (2)

The equality constraint (2) can be converted to the following
set of inequality constraints:

lm
ĩi

≤ wim, ∀i, ĩ ∈ B�, m ∈M, (3a)

lm
ĩi

≤ wĩm, ∀i, ĩ ∈ B�, m ∈M, (3b)

lm
ĩi

≥ wim + wĩm − 1, ∀i, ĩ ∈ B�, m ∈M. (3c)

2) Connectivity of Nodes in Each Microgrid: In order to
ensure connectivity between nodes in an MG with B� nodes,
a parent node must be designated for each node. The nodes fed
by the parent node are referred to as children nodes. To fulfill
the connectivity constraint within each microgrid, a parent-child
node relationship must be established. A child node can only
belong to an MG if its parent belongs to the same MG. This
constraint is integral in maintaining the radial structure of dis-
tribution networks, serving as a crucial element in the overall
network topology. The constraint can be written as follows:

wim ≤ wĩm, ∀i, ĩ ∈ B�, m ∈M, (4)

where, wĩm is the belonging status of parent node ĩ to MG m.

Fig. 1. Power flow model in a sample microgrid including parent and children
nodes.

3) Energized Loads Constraint: In this constraint, each load
is connected to a node. To show the status of a energized load
connected to a node, the energized load status is indicated by
a binary decision variable ei. For a energized load in micro-
grid m, the load should be connected to node n of MG m.
Therefore, the energized load status should be indicated as
following:

eim = wim · si, ∀i ∈ B�, m ∈M, (5)

where, si is a binary decision variable, which indicates the con-
nection status of ith energized load to node i ∈ B� of microgrid
m. If load i in microgrid m is connected to node i (si = 1)
and node i belongs to MG m (wim = 1), as a result the load
is energized with the indication eim = 1, otherwise eim = 0.
To convert the nonlinear (5) to inequality linear equations, the
equation is replaced by the following constraints:

eim ≤ wim, ∀i ∈ B�, m ∈M, (6a)

eim ≤ si, ∀i ∈ B�, m ∈M, (6b)

eim ≥ wim + si − 1, ∀i ∈ B�, m ∈M. (6c)

4) MG Operational Constraints: The linearized DistFlow
model is used for power flow constraints [23], [24]. Given the
distribution network Fig. 1, the linearized DistFlow model can
be written as follows [25]:

P flow
i,m =

∑
ĩ

P flow

i−̃i,m+ei,m · PL
i,m, ∀i, ĩ∈B�, m∈M, (7a)

Qflow
i,m =

∑
ĩ

Qflow

i−̃i,m+ei,m ·QL
i,m, ∀i, ĩ∈B�, m∈M, (7b)

Vi,m=Vĩ,m−Ri−ĩ · P flow
i,m +Xi−̃i ·Qflow

i,m

V0,m
, ∀i, ĩ∈B�, (7c)

where, P flow
i,m and Qflow

i,m are real and reactive power in-flow at

node i of MG m, respectively. Real and reactive powers P flow

i−ĩ,m

and Qflow

i−ĩ,m
represent the injected real and reactive power to

children nodes ĩ from node i in microgridm, respectively. More-
over, PL

i,m and QL
i,m are real and reactive loads, respectively.

While the voltage at node i is denoted by Vi, V0,m describes
the reference voltage at DG node in MG m. The resistance and
reactance of distribution lines i− ĩ are described by Ri−ĩ and
Xi−ĩ, respectively.
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The in-flow real and reactive powers and nodes voltage are
within a range:

0 ≤ P flow
i,m ≤ wim · PDG,m, ∀i ∈ B�, m ∈M, (8a)

0 ≤ Qflow
i,m ≤ wim ·QDG,m, ∀i ∈ B�, m ∈M, (8b)

0 ≤ Vi,m ≤ wim · V0,m, ∀i ∈ B�, m ∈M, (8c)

where, PDG,m and QDG,m are maximum value of produced
real and reactive powers by the DG located at MG m.

B. Microgrids Formation Objective Function

The goal of the optimization problem is to maximize the
restoration of prioritized loads after a disaster. Loads are as-
signed different weights based on their priority, with higher
priority loads receiving a larger weight. The weighted load
restoration objective function is written as follows:

max
w,l,s,e,Pflow,Qflow,V

∑
i∈B�

∑
m∈M

ci · eim · PL
i,m. (9)

where, ci is the priority weight of load at node i.

III. QUANTUM-AMENABLE RESILIENT MICROGRIDS

FORMATION

In this section, an overview of quantum computing is pre-
sented, followed by the development of a quantum-based model
for the formation of resilient microgrids.

In this section, we develop a comprehensive Ising model
encompassing all power system components, along with formu-
lating the objective function and constraints’ Hamiltonian. The
inherent flexibility of our developed model allows for seamless
integration of diverse constraints.

A. Background of Quantum Computing

To grasp the fundamentals of quantum computing and its
operation, it is necessary to first understand classical computing
and its use of gates. In classical computing, binary bits “0”
and “1” are utilized to store information, and logical circuits
are constructed using three primary gates: NOT, AND, and
OR. In contrast, quantum computing employs quantum bits, or
qubits, to represent information. Qubits are represented using
a linear combination of two states, |0〉 and |1〉, and can exist
in multiple states simultaneously due to the phenomenon of
quantum superposition. Therefore, a single qubit can be defined
as |ψ〉 = α|0〉+ β|1〉, where α and β are complex coefficients,
which satisfy |α|2 + |β|2 = 1. In quantum computing, measur-
ing the qubit |ψ〉 will result in probability of |α|2 and |β|2 for
states |0〉 and |1〉, respectively. Any qubit can be represented in
a unit 2-sphere, so called Bloch sphere.

According to Bloch sphere in Fig. 2, a single qubit is repre-
sented as |ψ〉 = cos( θ2 )|0〉+ eiφsin( θ2 )|1〉. Therefore, the am-
plitude coefficients α and β are cos(θ/2), and eiφsin(θ/2),
respectively.

A 2n × 2n unitary matrix is used to describe a gate acting on
n qubits. Furthermore, in a quantum system composed of two
qubits, there exist four basis states: |00〉, |01〉, |10〉, and |11〉.

Fig. 2. A single qubit representation in Bloch sphere.

For a system composed of n qubits, there are 2n basis states,
each with complex coefficients. Quantum gates are fundamental
blocks of quantum circuits operating on input qubits. The qubits
are usually initialized to |0〉, and quantum gates act on the input
qubits. At the end of quantum circuit, there exists a measurement
unit to measure the output quantum states.

B. Quantum Optimization Procedure

In this subsection, the optimization model that is utilized by
QA is discussed. Additionally, the process of preparing a clas-
sical optimization problem to be solved by quantum annealing-
inspired method is explained.

Quantum annealing is a type of optimization algorithm that
is implemented on D-Wave quantum computers. It is particu-
larly useful for solving combinatorial optimization problems,
by searching for near-optimal or global optima [22], [26], [27].
The quantum processors units (QPUs) of D-Wave computers
are designed to perform quantum annealing and are adaptable
to solve QUBO problems. A classical QUBO problem can be
defined as follows:

x = argmin
x

(
xTQx+ Cx

)
, (10)

where, x is a N × 1 vector of binary decision variables. Real-
valued matricesQ andC areN ×N and 1×N vectors, respec-
tively.

The minimum value of the corresponding objective function
in an optimization problem is equivalent to finding the ground
state of an Ising Hamiltonian [28], [29]. To achieve the Ising
model of a QUBO problem, a graph G = (V,E) is given in
Fig. 3.

The Ising Hamiltonian model is constructed using the vertices
and edges of a graph G, which represents an electric grid with
nodes and lines. The nodes and lines of the grid are respectively
represented by the vertices and edges of the graph. The binary
decision variables are represented by the qubits associated with
the vertices. Each vertex is associated with an external magnetic
field, denoted by q, and a spin value ξ = ±1. The interaction
between two qubits k and j is described by the coupling between
their associated vertices through the edge between them (Lkj).
Based on this graph, the Ising Hamiltonian model H can be
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Fig. 3. Representation of an Ising model in a sample graph.

formulated as follows:

H =
N∑

k=1

N∑
j=1,j �=k

Lkj · ξk · ξj +
∑
k∈V

qk · ξk. (11)

where, the first term of Ising model in (11) indicates the interac-
tion/coupling between two qubits while the second term has to
do with the local field caused by external magnetic with a spin.
To map the classical QUBO problem to the Hamiltonian Ising
model, the binary decision variables x ∈ {0,+1} in (10) should
be replaced by spin variables ξ ∈ {−1,+1} in (11). To fulfill
this conversion, the transformation x = ξ+1

2 is employed. This
conversion results in:

Lkj =
1

4
Qkj , ∀(k, j) ∈ E, (12a)

qk =
1

2

⎛
⎝Ck +

∑
j

Qkj

⎞
⎠ , ∀k ∈ V. (12b)

According to the adiabatic theorem of quantum mechanics,
a system can be expressed by a time-varying Hamiltonian,
H = A(t)H0 +B(t)Hp, in which the path functions of QA are
represented by A and B [30], [31]. In the first step of QA, the
system is initialized such that A(0) = 1, and B(0) = 0. While
A(t) changes from A(0) = 1 to A(T ) = 0 as the final value at
timeT , the value ofB(t) increases fromB(0) = 0 toB(T ) = 1.
Consequently, the Hamiltonian of Ising model is changed from
H(0) = H0 to H(T ) = Hp. A system Hamiltonian with the
known ground state is initialized and prepared as follows:

H0 =

N∑
k=1

σx
k , (13)

where, Pauli-x operator σx
k =

[
0 1

1 0

]
is applied to qubit k.

As mentioned, the system evolves over time under a slowly
changing Hamiltonian toward problem Hamiltonian Hp that
encodes the problem to be solved:

Hp =
N∑

k=1

N∑
j=1,j �=k

Lkj · σz
k · σz

j +
∑
k∈V

qk · σz
k, (14)

where, Pauli-z operator σz
k =

[
1 0

0 −1

]
is applied to qubit k.

The problem Hamiltonian Hp is the classical Ising model in
(11), and therefore, the problem Hamiltonian’s eigenvectors are
used to obtain the solution of the Ising model.

According to the adiabatic theorem of quantum mechanics, if
the required transition (annealing) time from H0 to Hp is suf-
ficiently slow, the system guarantees the ground state, meaning
that the optimal solution is achieved [32], [33].

C. Quantum Model for Resilient Microgrids Formation

In this subsection, the quantum-inspired resilient MGs forma-
tion model is developed and the optimization solution using QA
in a D-Wave machine is discussed. In the context of quantum
annealing and the Constrained Quadratic Model (CQM) solver,
specific steps are undertaken to adapt classical optimization
problems for quantum optimization methods. In [18], [19], these
steps are applied to unit commitment problem prior to utilizing
the quantum distributed method for solving. The fundamental
procedures for converting a classical problem for the CQM
solver can be outlined as follows:
� Convert inequality constraints to equality constraints by

introducing slack variables.
� Introduce penalty functions for each inequality constraint

in the objective function, with penalty terms as functions
of slack variables and penalty parameters.

� Form the combined objective function by adding the orig-
inal objective function and penalty terms.

� Convert the modified objective function and equality con-
straints into a quadratic form, aligning with the QUBO
problems typically processed by quantum annealers.

Following the application of the mentioned transformations,
the objective function can be translated into the Ising model.

Objective Function: The objective function (9) should be
mapped to the Ising model by converting the binary variables
into spins using the transformation x = ξ+1

2 :

max
ξ

Hobj : max
ξ

∑
i∈B�

∑
m∈M

ci · 1 + ξeim
2

· PL
i,m, (15)

where, ξeim is the spin associated with energized load i in MG
m.

Node Belonging Constraint: The constraint Hamiltonian as-
sociated with classical constraint (1) is written as follows:

Hc1 = λ1

∑
i∈B�

(∑
m∈M

1 + ξwim
2

− 1

)2

, (16)

where, ξwim is the spin for node i in MG m. Furthermore, since
the problem should be in unconstrained form, the existing con-
straints should be added to the objective function in a quadratic
form by a penalty coefficient. Hence, λ1 is the penalty coefficient
of node belonging constraint.
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Line Belonging Constraint: The line belonging constraint
(3a)–(3c) is transformed to the Hamiltonian model as follows:

Hc2 = λ2

∑
i,̃i∈B�

∑
m∈M

(
1 + ξl

ĩim

2
− 1 + ξwim

2
+ y1,ĩim

)2

,

(17a)

Hc3 = λ3

∑
i,̃i∈B�

∑
m∈M

(
1 + ξl

ĩim

2
− 1 + ξw

ĩm

2
+ y2,ĩim

)2

,

(17b)

Hc4 = λ4

∑
i,̃i∈B�

∑
m∈M

(
1 + ξwim

2
+

1 + ξw
ĩm

2

− 1 + ξl
ĩim

2
− 1 + y3,ĩim

)2

, (17c)

where, ξl
ĩim

is the spin associated with distribution line l between

nodes i and ĩ in MG m. ξwim is the spin for node i in MG m.
Moreover, the penalty terms are indicated by λ2, λ3 and λ4. The
non-negative slack variables corresponding to inequality con-
straints (3a)–(3c) are represented by y1,ĩim, y2,ĩim and y3,ĩim,
respectively.

Node Connectivity Constraint: To ensure the connectivity
of nodes in a microgrid and capture the radial topology of a
distribution system, classical constraint (4) should be converted
to the following constraint Hamiltonian:

Hc5 = λ5

∑
i∈B�

∑
ĩ∈B�

∑
m∈M

(
1 + ξwim

2
− 1 + ξw

ĩm

2
+ y4,ĩim

)2

,

(18)
where, λ5 is the penalty term associated with node connectivity
constraint. Furthermore, to ensure proper handling of the in-
equality constraint (4), the non-negative slack variables y4,ĩim
are introduced.

Energized Loads Constraint: The Hamiltonian of energized
loads constraint in (6a–6c) is represented as follows:

Hc6 = λ6

∑
i∈B�

∑
m∈M

(
1 + ξeim

2
− 1 + ξwim

2
+ y5,im

)2

,

(19a)

Hc7 = λ7

∑
i∈B�

∑
m∈M

(
1 + ξeim

2
− 1 + ξsim

2
+ y6,im

)2

,

(19b)

Hc8 = λ8

∑
i∈B�

∑
m∈M

(
1 + ξwim

2
+

1 + ξsim
2

−1 + ξeim
2

− 1 + y7,im

)2

, (19c)

where, λ6, λ7 and λ8 are penalty coefficients of energized loads
constraint. Moreover, y5,im, y6,im and y7,im are non-negative
slack variables of constraints (6a)–(6c), respectively.

DistFlow Constraint: In quantum annealing for solving the
load restoration problem through MGs formation, a common
practice is to convert the problem, which encompasses both
continuous and binary decision variables, into a QUBO problem.
In accordance with (7a), (7b), and (7c), whereP flow,Qflow and
V are continuous variables, the integration of continuous vari-
ables into the Ising model involves a discretization process. The
following steps outline how to incorporate continuous variables
into the Ising model for the load restoration problem:
� Choose discretization intervals: Determine the granularity

of discretization by defining intervals for converting con-
tinuous variables into discrete values.

� Discretization formula: Develop a formula for discretiza-
tion to map each continuous variable to its discrete repre-
sentation.

� Integer representation: Represent the discrete values as in-
tegers, ensuring the preservation of the original continuous
variable’s order. A binary encoding scheme is employed to
represent continuous variables as a combination of binary
variables. Let� denote a continuous variable requiring dis-
cretization. � is represented using N binary variables bk,
each capable of taking values of 0 or 1. The binary encoding
is achieved through the equation � =

∑N
k=1 bk · 2k−1,

where the value of � is determined by summing the prod-
ucts of each binary variable with its corresponding power of
2. The precision and range of values that� can assume are
controlled by adjusting the number of binary variables N .
In the Ising model framework, the binary variables bk can
be interpreted as spin variables ξ that take values in−1,+1,
where each spin variable ξk is defined as ξk = 2�k − 1.

� Adjust Objective Function: Modify the objective function
to operate on discretized values, adapting coefficients,
scaling factors, or introducing penalties as needed for
compatibility with discrete decision variables.

� Quantum Annealing Formulation: Formulate the load
restoration problem with discretized decision variables and
an adjusted objective function in the Ising model, suitable
for quantum annealing.

� Post-processing: After quantum annealing, map binary
solutions back to continuous values using the inverse of
the discretization formula.

In the linearized DistFlow model of the load restoration
problem, the variables P̂ flow

i,m , Q̂flow
i,m and V̂i,m represent the

discretized forms of continuous variables P flow
i,m , Qflow

i,m and

Vi,m respectively. The spins ξ̂Pflow

im and ξ̂Pflow

i−ĩ,m
correspond to the

spins related to P̂ flow
i,m and P̂ flow

i−ĩ,m
. Similarly, the spins for Q̂flow

i,m

and Q̂flow

i−ĩ,m
are denoted by ξ̂Qflow

im and ξ̂Qflow

i−ĩ,m
, respectively. The

spin ξ̂Vim is the spin associated with V̂i,m.
The Hamiltonian of DistFow model is written as follows:

Hc9 = λ9

∑
i∈B�

∑
m∈M

⎛
⎝1 + ξ̂

Pflow

im

2
−
∑
î

1 + ξ̂
Pflow

i−ĩ,m

2

−1 + ξeim
2

· PL
i,m

)2

, (20a)
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Hc10 = λ10

∑
i∈B�

∑
m∈M

⎛
⎝1 + ξ̂

Qflow

im

2
−
∑
î

1 + ξ̂
Qflow

i−ĩ,m

2

−1 + ξeim
2

·QL
i,m

)2

, (20b)

Hc11 = λ11

∑
i∈B�

∑
ĩ∈B�

∑
m∈M

(
1 + ξ̂Vim

2
− 1 + ξ̂V

ĩm

2

+
Ri−ĩ · 1+ξ̂

Pflow
im

2 +Xi−ĩ · 1+ξ̂
Qflow
im

2

V0,m

⎞
⎠

2

, (20c)

where, λ9, λ10 and λ11 are penalty terms used for DistFlow
constraint.

Line Flow Constraint: In-flow real and reactive powers have
the following Hamiltonian model:

Hc12 = λ12

∑
i∈B�

∑
m∈M

(
1 + ξ̂

Pflow

im

2

−1 + ξwim
2

· PDG,m + y8,im

)2

, (21a)

Hc13 = λ13

∑
i∈B�

∑
m∈M

(
1 + ξ̂

Qflow

im

2

−1 + ξwim
2

·QDG,m + y9,im

)2

, (21b)

Hc14 = λ14

∑
i∈B�

∑
m∈M

(
1 + ξ̂Vim

2

−
∑
k∈V

1 + ξwim
2

· V0,m + y10,im

)2

, (21c)

where, the penalty coefficients of line flow constraint are repre-
sented by λ12, λ13 and λ14. The non-negative slack variables of
line flow constraints are indicated by y8,im, y9,im and y10,im.

It should be mentioned that estimating penalty coefficients
(λ) for D-Wave’s CQM involves an iterative process. Starting
with an initial value, the solver undergoes runs with differ-
ent scaling factors, aiming to balance constraints and mini-
mize energy. Solution quality is assessed iteratively, consid-
ering problem-specific characteristics. Optimal coefficients are
problem-specific and refined based on insights from previous
runs. Leveraging D-Wave Leap’s hybrid solvers provides valu-
able perspectives in this estimation process.

Once the QUBO objective function and constraints are
mapped to a Hamiltonian model, the next step is to construct the
problem Hamiltonian, also known as the total energy function,
which can be used to find the minimum energy of the system
using QA:

Hp = −Hobj +

D∑
d=1

Hcd, (22)

Fig. 4. The structure of CQM solver.

where, D is the total number of constraints Hamiltonian. Since
the classical optimization problem in (9) is a maximization
problem, the sign ofHobj is changed to negative to be considered
as a minimization problem solvable by QA.

D. The Structure of D-Wave Hybrid Solvers

The ‘Advantage’ quantum processor of D-Wave contains at
least 5000 qubits, while the previous 2000Q processor has up
to 2048 qubits. Furthermore, compared to the D-Wave 2000Q
system, the new released ‘Advantage’ processor has 15 number
of couplers per qubit, which is 2.5 times more than its predeces-
sor [34]. Large number of qubits along with high connectivity
and coupling between qubits are the key factors in solving large
scale optimization problems using QA. Current D-Wave hybrid
solvers are capable of solving a complex problem in presence
of one million decision variables and 100,000 constraints.

The load restoration problem is solved by using a hybrid solver
called CQM solver from D-Wave, as shown in the structure
depicted in Fig. 4.

The CQM solver utilizes several classical solvers that are
executed on classical CPUs and GPUs and perform a search
for high-quality solutions. A quantum module is present in each
classical solver and it is responsible for crafting quantum in-
quiries and transmitting them to the D-Wave quantum processing
unit QPU. The responses received from the D-Wave QPU in
response to the quantum queries can be utilized to direct the
heuristic search or enhance the quality of the existing set of
solutions.

IV. NUMERICAL RESULTS

This section explores the efficacy of quantum annealing-
inspired method in solving the MILP problem by D-Wave’s hy-
brid quantum-classical solver. Furthermore, the classical solver
Gurobi is run on a laptop equipped with an Intel Core(TM)
i9-10885H CPU running at a base frequency of 2.40 GHz. Two
case studies, modified IEEE 37-bus system [35] and modified
IEEE 240-bus system [36], are utilized.

A. IEEE 37-Bus System

The single-line diagram of modified IEEE 37-bus distribution
system is depicted in Fig. 5.

This case study involves three distributed generators located at
nodes 2, 14, and 19, each with a maximum real power generation
capacity of 252.53 kW, 120.42 kW, and 202.99 kW, and a
maximum generated reactive power of 46.31 kVar, 171.72 kVar,
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Fig. 5. The single-line diagram of modified IEEE 37-bus distribution system.

Fig. 6. Microgrids formation after a natural disaster.

TABLE I
BELONGING OF SYSTEM NODES TO MGS AND ENERGIZED STATUS AND

VOLTAGE LEVEL OF NODES AFTER RESILIENT MGS FORMATION

and 197.48 kVar, respectively. The line and load switches can
be either on (1) or off (0), and the objective function assigns
a priority weight (c) to each load, indicating its importance in
being restored after a natural disaster. The load weights and
amounts of real and reactive loads from [5] are used in this case
study.

Fig. 6 shows the new topology of the distribution system after
the formation of MGs due to a natural disaster. In Fig. 6, it can
be observed that three lines are unavailable due to the natural
disaster, and their corresponding line switches have been turned
off. These lines are located between nodes 1-37, 2-28, and 8-31.
The remaining part of the distribution grid is used to form three
microgrids for restoring the loads. Each microgrid is equipped
with a distributed generation unit to supply power to its loads.
The nodes are assigned to the MGs as described in Table I.

The results of the resilient MGs formation, as shown in Fig. 6
and Table I, determines the switching mode of loads and lines
to allocate nodes and lines for each MG. Furthermore, the
identification of energized loads for each MG after the disaster,
along with the voltage level of energized loads at buses, is carried
out.

The minimum energy level of the system, which is equivalent
to the minimum value of the objective function, is found to
be -700.4632 using D-Wave’s hybrid quantum-classical solver.
This value is consistent with the minimum value obtained by the
classical solver Gurobi.

The active and reactive powers sent by different nodes
in their respective microgrids after resilient MGs formation
are as follows: in MG1, nodes 1 and 2 send 30.4 kW and
49.01 kW of real power, and 5.09 kVar and 28.69 kVar of
reactive power, respectively. In MG2, the real and reactive
powers sent by node 14 are 41.18 kW and 7.45 kVar, respec-
tively. Similarly, in MG3, nodes 19, 20, and 21 send 60.14 kW,
35.12 kW, and 12.45 kW of real power, respectively, along
with 41.49 kVar, 19.28 kVar, and 13.76 kVar of reactive power,
respectively.

B. IEEE 240-Bus Distribution System

To validate the performance of Wave’s hybrid quantum- clas-
sical solver on large-scale systems, an IEEE 240-bus distribution
system with a single-line diagram depicted in Fig. 7 is used. The
test system consists of 240 buses and three feeders. 17-node
feeder, 60-node feeder, and 162-node feeder entail 2, 8, and 15
DGs, respectively.

In this case study, three scenarios are considered. In the first
scenario, which only includes the first 17-node test feeder, the
MGs formation problem is solved. In the second scenario, test
feeders with 17 nodes and 60 nodes are utilized. In the third
scenario, the MGs formation problem is solved in presence of
all feeders. In each scenario, the optimization solution obtained
by quantum annealing-inspired method is compared with those
from classical solver.

First scenario: 17-node test feeder: In this scenario, two
DGs are located in buses 2 and 8 with the maximum real and
reactive powers to be 100 kW and 50 kVar, respectively. The
new reconfiguration of the system after a disaster is achieved,
as shown in Fig. 8.

After the MGs formation, the first feeder is split into two
MGs with a DG in each one to restore critical loads. While
DG1 and DG2 produce 92.91 kW and 57.90 kW of real power,
respectively, the generated reactive powers by the DGs are 43.50
kVar and 29.69 kVar, respectively.

Quantum annealing-inspired method using D-Wave’s hy-
brid quantum-classical solver and classical solver using Gurobi
achieve the same solution, and the value of objective function,
which is the sum of picked-up weighted critical loads, becomes
−752.5489. The low-energy states of the critical load restoration
problem are sampled by the hybrid CQM sampler. The hybrid
CQM sampler sampled from 103 solutions among which 73
feasible solutions are achieved. Because of the probabilistic
nature of solutions obtained by D-Wave’s hybrid solver, the
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Fig. 7. The single-line diagram of modified IEEE 240-bus distribution system.

Fig. 8. Microgrids formation after a natural disaster in the 17-node test feeder
(first scenario).

Fig. 9. Energy level of MGs formation problem for different samples in the
17-node test feeder (first scenario).

number of samples for each achieved energy level or solution is
depicted in Fig. 9.

According to the samples in Fig. 9, the best solution obtained
by D-Wave’s hybrid quantum-classical solver is −752.5489,

which is exactly the same value of objective function from classi-
cal solver Gurobi. Due to the probabilistic nature of the quantum
computing, the probability of this energy level is 41.10%.

After the formation of MGs, the loads in buses 1, 2, and 11
of MG1 and the loads in buses 8 and 9 of MG2 are successfully
restored.

Second scenario: 17-node test feeder + 60-node test feeder:
In this scenario, 17-node test feeder and 60-node test feeder are
involved. The second feeder comprises 60 buses and 8 DGs. The
new configuration of the distribution system including two test
feeders based on annealing-based quantum computing results is
shown in Fig. 10.

According to the resilient distribution system structure after a
disaster based on uantum annealing-inspired method, 201.26 kW
real power and 77.10 kVar reactive power are restored inside
MG3. MG4 formation results in real and reactive critical load
restoration of MG4 with the values of 167.71 kW and 95.56
kVar, respectively. The results obtained by D-Wave’s hybrid
quantum-classical solver are the same with those from the
classical solver Gurobi after forming MG1, MG2, MG3 and
MG4. However, when the system is become larger, the results
from quantum annealing-inspired method are promising and
efficient than the classical solver. The output of D-Wave’s hybrid
quantum-classical solver for MG5 shows that 173.97 kW of real
and 78.46 kVar of reactive critical loads are restored after form-
ing MG5. In comparison, the classical solver returns 145.32 kW
of real and 58.44 kVar of reactive critical loads restored in
MG5.

In Fig. 11, the energy level of the problem is depicted, where
the CQM solver returns 65 feasible samples.
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Fig. 10. Microgrids formation after a natural disaster entailing two feeders
(second scenario).

Fig. 11. Energy level of MGs formation entailing two feeders considering
different samples (second scenario).

The energy level of−4145.45 is achieved with the probability
of 21.5% using quantum annealing-inspired method, while the
minimum value of objective function is −4031.14 using classi-
cal solver Gurobi.

Third scenario: The distribution system with three test feed-
ers: In this scenario, all feeders and nodes of the 240-bus
distribution system, including 25 DGs, are taken into account.
Fig. 12 displays the new configuration of the distribution system
resulting from the formation of resilient microgrids in response
to a catastrophe.

Table II presents details regarding the total restored critical
loads by DGs, the corresponding locations of restored loads
for each microgrid, and the voltage levels of energized loads
at buses. Table II demonstrates that the real and reactive powers
generated by the DGs determine the amount of real and reactive
critical loads restored. In feeder 1, two microgrids are formed,

TABLE II
RESULTS OF LOAD RESTORATION AFTER MGS FORMATION

each consisting of one DG. These microgrids restore a total of
92.91 kW and 57.90 kW of real critical loads and 43.50 kVar
and 29.69 kVar of reactive critical loads, respectively. In feeder
2, the formation of three microgrids (MG3, MG4, and MG5)
restores a total of 201.26 kW and 77.10 kVar, 167.71 kW and
107.56 kVar, and 173.97 kW and 78.46 kVar of critical loads,
respectively. The formation of microgrids MG6 to MG13 in
feeder three results in the restoration of the following total loads:
83.39 kW and 52.24 kVar for MG6, 99.32 kW and 48.11 kVar for
MG7, 72.87 kW and 66.26 kVar for MG8, 93.58 kW and 54.78
kVar for MG9, 127.44 kW and 29.96 kVar for MG10, 36.78 kW
and 19.89 kVar for MG11, 88.64 kW and 72.22 kVar for MG12,
and 130.42 kW and 90.30 kVar for MG13. Additionally, Table II
includes the voltage levels of energized loads, all of which fall
within predetermined limits.

Fig. 13 displays the samples returned by the CQM solver for
each energy level of the system.

The quantum annealing-inspired method returns a weighted
load restoration of 8030.77 kW with a probability of 27.7%,
while the classical solver Gurobi provides a solution of
7229.98 kW. This comparison highlights the potential advantage
of using quantum annealing-inspired method in solving complex
combinatorial problems compared to classical methods. The
goal of D-Wave hybrid solver is to take advantage of the strengths
of classical and quantum optimization algorithms, as well as
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Fig. 12. The formation of microgrids after a natural disaster in presence of all feeders (third scenario).

Fig. 13. Energy level of MGs formation problem in the 240-bus distribution
system (third scenario).

TABLE III
RUNNING TIME OF QUANTUM ANNEALING-INSPIRED METHOD AND CLASSICAL

SOLVER IN DIFFERENT SCENARIOS

parallelism of quantum computing to improve solutions to com-
plex problems. By combining classical optimization methods
with quantum annealing, these solvers aim to achieve a balance
between solution quality and computational efficiency, making
them a valuable tool for resolving combinatorial optimization
challenges. In Table III, a comparison of the running time
between the D-Wave’s hybrid quantum-classical solver and

classical solver is presented for three scenarios in the 240-bus
distribution system.

As indicated by Table III, the time it takes for the QPU
to solve the optimization problem is faster than the classical
solver (Gurobi), even as the size of the problem increases. This
highlights the advantage of using D-Wave hybrid solvers for
complex problems, as they offer faster solution times compared
to classical solvers.

Quantum computing’s faster calculations in MGs formation,
enhancing distribution network resilience, result from key fac-
tors. Quantum parallelism enables simultaneous exploration of
multiple configurations, expediting optimization for complex
problems. Quantum tunneling efficiently navigates complex
landscapes, ensuring quicker convergence to optimal solutions.
Its ability to handle non-continuous variables is crucial for de-
termining microgrid configurations and network allocation. Ad-
ditionally, hybrid approaches, combining classical and quantum
processing, leverage quantum tunneling for efficient exploration
and optimization in complex problems like load restoration
through MGs formation.

V. CONCLUSION

To address large-scale combinatorial optimization prob-
lems, leveraging quantum annealing-inspired computing plat-
forms shows promise in tackling a variety of power system
challenges. Combinatorially complex Operational optimization
problems including non-continuous decision variables are good
candidates for quantum annealing-inspired methods to
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overcome the barriers of current classical methods. In this
paper, to take advantage of quantum optimization methods,
the quantum-enabled resilient MGs formation and load restora-
tion problem was developed by deriving the Ising Hamiltonian
model. Then, to find the minimum value of the objective func-
tion, the ground state of the Hamiltonian model was obtained,
which is the minimum energy level of the system. To restore
the critical loads in the distribution system, MGs formation was
considered as an effective strategy where the switching status
(0/1) of distribution lines and loads were deciding factors in
keeping the critical loads energized after natural disasters. For
the first time, practical system restorations considering DGs,
various switches as well as MGs formation, power flow and oper-
ational constraints are realized on real quantum annealing-based
quantum computers. Results obtained by quantum annealing-
inspired method demonstrate the accuracy of this computing
platform compared to the classical solver.
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