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Abstract—Distributed restoration can exploit smart grid tech-
nologies to enhance the resilience of active distribution networks
toward a self-healing smart grid. However, the large number of
decision variables, especially the binary ones for reconfiguration,
bring challenges to developing scalable distributed distribution
service restoration (DDSR) strategies. This paper proposes a fully
distributed solution procedure based on the alternating direction
method of multipliers (ADMM) for mixed-integer programming
problems and applies to develop the DDSR framework. The
method consists of relax-drive-polish phases, 1) relaxing binary
variables, and applying the convex ADMM as a warm start; 2)
driving the solutions toward Boolean values through a proximal
operator; 3) fixing the obtained binding binary variables and
solving the rest of the problem to polish results and achieve a
high-quality suboptimal solution. Then, an autonomous clustering
strategy and consensus ADMM are integrated with the proposed
method to realize the fully distributed cluster-based framework of
DDSR. This framework can first determine DER scheduling and
switch status for reconfiguration to energize the out-of-service
areas from local faults, and then provide the load restoration
solution in a distributed manner for total blackouts in large-
scale distribution networks. The effectiveness and scalability of
the proposed DDSR framework are demonstrated through testing
on the IEEE 123-node, IEEE 8500-node, and synthetic 100k-node
test feeders.

Index Terms—Alternating direction method of multipliers
(ADMM), distributed energy resources, fully distributed service
restoration, mixed-integer programming, reconfiguration.

I. INTRODUCTION

ESILIENCY of distribution networks (DN) has been en-

hanced by integrating smart grid technologies; however,
faults and outages are still inevitable due to challenges from
natural disasters or cyber attacks [1]. The self-healing scheme
should effectively respond to these events and automatically
restore the electric service within a reasonable time [2]. For
example, after an outage, microgrids can be utilized to supply
critical loads [3], [4] or maximize restored loads [5]; dis-
tributed energy resources (DER) can be harnessed to energize
islanded microgrids [6], [7]; and advanced communication and
control devices, such as remote-controlled switches, provide
great potentials for advanced restoration strategies [8].
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The aim of distribution service restoration (DSR) is to
restore maximum out-of-service loads through finding avail-
able paths by switching operation and picking up loads [9].
Large-scale DNs and increasing penetration of smart grid
technologies such as DERs, make DSR one of the most
complicated problems in active distribution networks (ADN)
[10]. In the centralized restoration scheme, DSO requires
an advanced communication network to reach all network
components to gather data, and a powerful central controller to
carry out sophisticated computations [11]. Such an architecture
is costly, low reliable due to the dependence on one central
unit, may suffer from single-point failure, and could violate
the information privacy of entities [12].

Distributed optimization and control are promising solu-
tions to address the aforementioned issues. However, most of
the methods require convexity to guarantee the convergence,
which is difficult to meet due to the mixed-integer program-
ming (MIP) characteristic of many power system problems
including DSR [9]. For example, the multi-agent-based dis-
tributed service restoration scheme has been developed in [11],
[13], [14]. However, these methods require agents to access
all information against data privacy, and usually neglect the
scalable problem formulation for large-scale DNs. Authors
in [15] proposed a distributed restoration framework based
on the alternating direction method of multipliers (ADMM).
However, simply projected ADMM to handle binary variables
usually obtains infeasible solutions, and the proposed strict
structure can not include switches within clusters.

The ADMM method was originally developed for con-
vex optimization problems, but it is also demonstrated as
a powerful heuristic method for non-convex (NC) problems
[16]. Recently, it has gained a lot of attention to find the
approximate solution for NP-hard problems [17]. Although
there is no guarantee on the convergence to a global solution, it
is an attempt to find a high-quality local solution, considering
the difference between global and local optimal solutions may
not be significant in practice [17]. Accordingly, authors in
[17] and [18] proposed a heuristic projection method based on
ADMM for general NC problems, which usually yields local
solutions. In [19], authors applied the decentralized relax and
fix method on unit commitment problem, in which it requires
centralized coordinators and locks various binary variables
with multiple convergence attempts. Therefore, it is motivated
to develop a fully distributed solution to find high-quality local
solutions, and tailor the method to design scalable distributed
DSR strategies.

In this paper, a fully distributed solution method based
on ADMM through relax-drive-polish phases is developed
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for mixed-integer programming problems. The proposed dis-
tributed method drives binary variables simultaneously toward
Boolean values. This method is integrated with consensus
ADMM and an autonomous clustering scheme to develop
a fully distributed DSR framework for large-scale networks.
It is worth mentioning that our previous papers [9], [20]
only formulate distributed single node agent for continuous
decision making in load restoration without the reconfigura-
tion capability. However, this paper provides the two-stage
integrated restoration framework, with the fully distributed
reconfiguration as first stage and the fully distributed cluster-
based load restoration as second stage.

The main contributions of this paper include: 1) developed
a fully distributed approach based on ADMM through relax-
drive-polish phases for mixed-integer programming prob-
lems; 2) applied this method to develop an adaptive cluster-
based fully distributed distribution service restoration (DDSR)
framework, including two interconnected stages of reconfigu-
ration and load restoration for large-scale unbalanced distribu-
tion networks; 3) developed an autonomous Bottom-up travers
clustering strategy and together with consensus ADMM to
enhance the scalability of DDSR for large-scale distribution
networks; and 4) built extremely large-scale networks such as
100k-node DNs, developed software interface and provided
the data structure to enable an automatic and mechanized
testing platform, and validated the developed algorithms on
these networks through the platform.

The remainder of the paper is listed as follows. Sections
IT and II provide the distributed framework and problem
formulation for DSR, respectively. Section IV introduces the
proposed fully distributed method with the application on the
DDSR problem. Finally, section V demonstrates simulation
results and analysis, and section VI concludes the paper.

II. DDSR FRAMEWORK

DSR can be categorized into emergency service restoration
and blackout service restoration [9]. In emergency service
restoration, the faulted areas are isolated by opening sectional-
izing switches and unfaulted out-of-service areas are energized
by closing tie-switches. For blackout service restoration, the
entire DN is out of service, and the restoration can be accom-
plished through multiple time steps, depending on the bulk
power system restoration procedure. In this paper, a fully dis-
tributed restoration procedure including both reconfiguration
and load restoration is developed for large-scale DNs through
harnessing DERs and energization by transmission systems.
In fact, DDSR can restore a DN through a combination of
these two restorative categories in a fully distributed way by
coordinating top-down and bottom-up restoration strategies.

The proposed DDSR framework is shown in Fig. 1. The
network is sectionalized into many clusters through the pro-
posed clustering strategy. These clusters consist of a group
of nodes that are separated from the neighboring clusters
through boundary distribution lines as shown in the figure.
The clusters are equipped with a smart local agent (SLA)
that can be realized by various smart components such as
DER or smart switch. Each SLA monitors, controls, and
dispatches loads, DERs, switches, and capacitor banks (CB)
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Fig. 1. The proposed DDSR framework.

within its cluster, and exchanges data with neighboring clusters
through a two-way communication network. The cluster-based
structure improves the scalability and convergence speed of
the proposed method, and enables the implementation of dis-
tributed communication and control. Furthermore, each SLA is
responsible for its own territory while the boundary elements
could be controlled by all related SLAs when the proposed
algorithm reaches consensus on the operation.

When a fault occurs in DN, there is usually a post-event
or pre-restoration phase, in which the protection system can
promptly detect and isolate the faulted area by sectionalizing
switches and automatic reclosers. It should be noted that this
phase is out of the scope of this paper. Next, depending
on the type of event, the restoration procedure starts and
may last from one to several time steps, each of which has
enough duration for operation and stabilization of all involved
components. In the case of a bulk system outage, the steps
are imposed by the generation capability curve in transmission
systems, i.e., available power at each distribution substation.
Furthermore, the restoration might include the energization of
unfaulted out-of-service areas through operating tie-switches.
Due to the protection system limitation, the tree topology of
the entire DN must be preserved during restoration, which is
a challenging constraint for DDSR [21].

The restoration solution procedure for the proposed DDSR
framework can be realized through solving a small subproblem
by each SLA and exchanging limited information among
neighboring clusters, as shown in Fig. 1. Each subproblem
includes various constraints, such as power flow, topological,
and security constraints, to guarantee the solution feasibility
for the restoration procedure and maintain the radial topology
of the network.

Accordingly, the optimal restoration plan for the DDSR
framework based on the proposed ADMM-based approach
can be achieved with three consecutive phases for binary
variables. First, all binary variables are relaxed to find a warm-
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start initial point; then, relaxed binary variables are derived
toward and projected onto Boolean values; finally, binding
binary variables are fixed and inner ones are required to
take Boolean values to polish the results towards a high-
quality suboptimal solution with a fixed configuration. It is
worth mentioning that in the relax and drive phases, it can
realize the function of reconfiguration-restoration; in the polish
phase, all binding binary variables related to the configuration
and switching constraints in DDSR are fixed by the results
obtained from the drive phase. Therefore, the polish phase
is similar to the load restoration procedure, in which each
SLA solves a small mixed-integer subproblem iteratively while
exchanging limited data related to the boundary continuous
variables with neighboring clusters. Therefore, both stages
are integrated in the proposed DDSR framework, in order to
support the decision-making in both emergency and blackout
service restoration. Each of these three phases is realized
through the following iterative steps:

1) DSR subproblems step: The local DSR subproblems are
solved by each SLA for the entire restoration span. Each agent
determines its load pickup, switching, generation dispatch, CB
operation, voltage, and power flow for all loads and power
delivery elements including inner and boundary ones. In relax
and drive phases, all binary variables are relaxed and the
subproblems are convex. However, in the polish phase, just
binding binary variables related to the radiality constraints
are fixed; thus, the subprograms are MIP problems. Since
the binding variables in the polish phase are all continuous,
the proposed method can achieve a high-quality suboptimal
solution for the polish phase, while the Boolean value for
binding binary variables is achieved through previous phases.

2) Consensus step: All neighboring agents exchange infor-
mation related to the voltage, power flow, lines energization,
and radiality constraints, and update the consensus variables.

3) Lagrange multipliers update step: The Lagrange multi-
pliers related to the boundary and binary variables are updated
by each SLA based on results from the previous steps and
exchanged data. Updating these multipliers enforces general
constraints for the entire DN, including supplying critical loads
in other clusters, radial topology, and total power balance.

The iterative procedure of DDSR continues until satisfying
convergence criteria at each phase to provide a sequence of
control actions for various components. Based on the proposed
method and DDSR formulation, it is shown that the DDSR
enables a two-stage restoration, as the first two phases serve
as reconfiguration and the last polish phase as load restoration.

III. DSR PROBLEM FORMULATION
A. Model Respresentation

This section provides the DSR formulation for an unbal-
anced DN consisting of N nodes denoted by set N' :=
{1,...,N}. Also, L, £, and G show the set of loads, lines,
and DERs, respectively. Superscripts S and F' represent the
subsets of switchable lines and faulted lines, as £°, £F C &.
T denotes the set of restoration time steps as ¢ € 7T, and ¢
stands for three phases of {a,b,c}. The inner product of two
vectors &, i is denoted by (Z, /), and the element-wise product
and division are denoted by ® and @, respectively.

Three-phase restored load ¢ at time ¢ is represented by ﬁ
JQL € R¥1. Let P %+ jQGt € R3*! denote three- phase
power generation of DER;, and P;; ,4jQ;; € R3*! and r;;+
Jxij = z;j € R**3 denote the power flow and impedance of
distribution line ¢ between nodes ¢ and j. In order to capture
the energization status of load ¢ and bus ¢, and the connection
status of line 17 at time t, a set of binary variables are defined
as xft, @7’ and a;; +. In the proposed practical DSR modeling,
the blnary variables «;; are only assigned for switchable lines
considering the practice in real networks.

B. Objective Function

The DSR problem is modeled as a mixed-integer convex
optimization problem. A multi-objective function is developed
to maximize total restored loads at all time steps considering
their priorities. Furthermore, the status of switchable lines are
prioritized in the objective function to impose higher priority
on the normally-closed switches than the normally-open ones.
The motivation is to keep network topology close to the one
under the normal operation. These two terms are regularized
through c; and ¢y in (1), where w and w - denote the priority
of load ¢ and switchable line 77, respectlvely

max.z (c1 Z <u71L,13i€t> + o Z wlsj o) (1)

teT €L (i,5)€€8

C. Constraints

1) Security constraints: Security constraints guarantee the
operational limits of various elements in DN. Constraint (2)
represents the load pickup capacity of loads. Nodal voltage and
branch power flow should be within the limit for energized
nodes and lines, as in (3) and (4), where (71-7,5 = |T; 4|2
is the square of voltage magnitude at node ¢. Constraint (5)
demonstrates the restorative capacity of transmission network
(P + jQ5*™), as P{?t + ijj,t is the total three-phase
power flow of the line connected to substation. The output
of energized CB is limited by its maximum capacity in (6). A
convex quadratic constraint is used to limit the output power of
inverter-based photovoltaic (PV) generators in (7), which is the
only type of DERs modeled in this paper (the PV uncertainty
can be added in future work). Voltage regulators (VR) are
assumed to be wye-connected type B, which the voltage
between primary and secondary sides are represented by (8).
This equation can be linearized based on [22]; however, for
simplicity, VRs are assumed to be constant during restoration.

P =af, PP, QF =af, QI VieL (2

2B (V) < Ty y(ph) < 2B, (V0) Wphe o (3)
(Pijt)®? + (Qij)P? < cuyje (ST)©2 “4)

0< P, <P™ 0<Qf, <@ (5)

0< @ <af, gimm (6)

(PP + (G50 <l (S ) @)

i=1+R%- (i on") (8
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2) Power flow constraints: The branch flow model is ap-
plied to provide three-phase unbalanced power flow equations
in distribution networks [9]. These equations are linearized
by neglecting the quadratic loss term as it is much smaller
compared to the other terms [23]. The power flow equations
include the linearized voltage drop for node 7 in (9a), and
active and reactive power balance in (9b) and (9c), where
r;; and x;; are special unbalanced line impedance matrices,
calculated by (10) [9], and j and () are parent node and set
of children nodes of node ¢, respectively. For switchable lines,
the big M method can be applied on equation (9a) to form
(11) for enabling lines based on the connectivity.

U;=Ui -2 (fﬁﬁji +fg7(§ji> (i,j) € ENES  (%a)
ﬁjm = I%Lt + Z ﬁimt — ﬁﬁg (9b)

~ ~ m€5£i) ~ ~
Qjie =0+ Y Qims— Q% - Q7 (%)

med(i)
where:  ri :Re{(x@riji} —Im{a @kaji} (10a)
sy = Refaox b+ mm{aor}t  ob)
1 67]‘27‘(‘/3 6]’271'/3
a= |2 /3 1 e—92m/3 (10c)
e—j27r/3 ej27r/3 1

‘[jj,t - (ﬁzt - Q(aﬁji,t +-@;szt))‘ <
(1= agie) M, (j,i) € €5 (11)

3) Topological, connectivity and sequencing constraints:
These constraints guarantee radial operation, fault isolation,
and sequential restoration of DNs. Load shedding is prohibited
by (12) for energized loads during restoration. If a fault occurs,
unlike unpractical assumption of other papers as all lines
are switchable and independently detachable, the faulted area
is isolated through sectionalizing switches in the proposed
model. This is realized by forcing active and reactive power
flow, and the status of related buses to be zero as (13). Then,
the faulted area is isolated by the nearest switchable lines and
remains isolated during the DSR procedure.

The radial configuration of DN is guaranteed through span-
ning tree constraints (14) [21] and the switches status term in
objective function. Two auxiliary binary variables 3;; and /3;;
are associated with each line ¢j, denoting the direction of flow
if any. Then, equations (14a) and (14b) indicate that for each
line 77, either node j is the parent of node 7 (3;; = 0), or node ¢
is the parent of node j (3;; = 1). Also, equation (14c) requires
every node other than substation has exactly one parent node,
while substation does not have any parent. Furthermore, the
prioritized switches status term in the objective function keeps
configuration close to the normal operation and prevents from
forming isolated meshed areas in the network. It is worth
mentioning that the presented radiality constraints enable the
capability to develop a fully distributed framework for the DSR
problem, which cannot be achieved by other types of modeling
in the literature that may require centralized coordinators.

PL>PL |, Viecr (12)

Py, Qije =0, zP,aP =0 (,5) e " (13)
Biju + Bjix =1, V(i,5) € E\{EF U ETY (14a)
Bijt + Bjir = cuje, Y(i,j) € &S (14b)

> Biu <1, V(6,4) €€, Biju =0, j €N (l40)
VieN

IV. DISTRIBUTED SOLUTION METHODOLOGY

This section provides a distributed solution procedure to
decompose the DSR problem into subproblems for each cluster
and solve the MIP problem through a fully distributed method.

A. The Proposed ADMM-based Fully Distributed Algorithm
for DSR Problem

A heuristic ADMM-based approach, including the relax-
drive-polish phases, is developed for the mixed-integer DSR
problem. It first solves the relaxed convex problems in each
iteration of the ADMM, next assigns auxiliary variables to
force relaxed binary variables toward Boolean values during
convergence and then polishes non-binding binary and all
continuous variables in the final phase. Also, it combines
with the consensus ADMM [18], which provides a parallel
computational framework for all agents to reach consensus on
binding variables through limited information exchange.

Definition 1. Binding constraints are those that restrain the
centralized problem to decompose into subproblems for each
cluster or agent. Correspondingly, the binding variables are
those that involved in these binding constraints, while the rest
of variables are denoted by inner or local variables.

The DSR problem with the decomposable objective function
(1) within IC clusters and all the constraint set of (2)-(14) is
generalized as follows.

min. Y fi(#, %)
T,z zeK:
st. £,7€C; 7€ S

15)

where £ € R™ and 2z € R? are continuous and binary decision
variables with a convex objective function, and inequality and
equality constraints define a convex set C' for Z and Z and a
Boolean set as S = {0, 1}2. Respectively, decision variables
can be classified for cluster 4 as [Z;, Z;]. Based on Definition
1, these variables can be categorized into binding and inner
ones as [70¢, Fin Zb Zin].

Then, the relaxation of Boolean constraints is achieved
through introducing auxiliary variables of ¢ within a convex
hull and making them equal to 2’ as a consensus constraint
¥y =72, 0 <y < 1. Using the augmented Lagrangian over
this constraint in (15), the ADMM solution procedure can be
formed as (16), where i is the Lagrange multiplier for ADMM

in the scaled form. However, the convergence procedure is
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non-smooth. Therefore, a three-phases ADMM-based solution
procedure for MIP problems is developed next.

(Zfi(fi,lﬁ)Jr

(z, g’)(’”l) := argmin

2,§eC,0<g<1

(16a)

2y — 240 + 7))
Z(k+1) — Hs(g‘(kJrl) +u( )) (16b)
G = ) 4 ) D (16¢)

Remark 1. The Ilg stands for the projection over set S =
{0, 1}9 which is given by rounding the entries to 0 or 1.

Respectively, inspired by the Douglas-Rachford splitting
method [24], instead of projection in (16b), the proximal
operator, as defined in (17), is applied to drive Z toward
Boolean values as (18), where ¢ is the regularization factor.
In order to drive Z toward the Boolean values, it is proposed
to establish I(Z) := 3|z — ILs(w)|3.

1
prox(w) := argmin —~||Z— w|3+1(Z) (17)

t,1(2)

Z*+1) = prox (#(’H'l) + u(k)> = prox(w)
i,1(2) t,1(%)

(18)

Then, the optimization problem of (17) is a compromise to
choose Z between the Boolean value and the consensus value
of w. The closed-form solution of (17) is obtained as (19).
When ¢ = 0, Z = & as the relaxed value; when ¢ moves
toward infinity, Z is forced to take the projected value of .

D = (148097 (@4 E0 L ()

Next, to realize a fully distributed solution framework, the
proposed ADMM-based approach integrates with the consen-
sus ADMM method [18, eq. (7.6)-(7.8)], as shown in (20)
for each cluster ¢. The idea is to introduce and reparametrize
the consensus continuous variables as T and the consensus

19)

binary variables among each B neighbor clusters. Then, 2

reappears as a consensus binary variable, being integrated
with all binding and inner variables, which B = 1 for
inner variables. In fact, the proposed method relaxes binding
constraints and creates a local version of these constraints for
each cluster by introducing constraints % = Z; and ; = Z;
for all neighboring clusters. These constraints are relaxed
by introducing augmented Lagrangian over them as (20a),
which leads to the capability of decomposing the problem into
subproblems for each SLA.

(7, 5) ") == argmin [fz-(:a-, G+
$z,y7€Cz, 0<yi<1 (20a)
p —bi :(k) —(k —(k
Llizr -7 + a3 +2 15 — 2 + g 13]
=(k+1) _pi(RHD
N L )
. (20b)
k 1 k _(k
) prox (L S04 4 2)
t,1(Z) i=1
D g | i _ (k)
i (20¢)
—»(k+1) —'(k) + _(k+1) _4k+1)

It is worth mentioning that during the evolution of the
proposed ADMM-based iterative method in (20), SLAs ex-
change data after solving subproblem (20a) to update con-
sensus variables and Lagrange multiplier as (20b) and (20c),
correspondingly. Then, these updated variables are used to
establish the objective function of each subproblem in the next
iteration. This forces binding variables in each cluster to be
close to the updated consensus variables. In fact, exchanging
data not only affects binding variables but also the overall
optimization problem and convergence procedure, and subse-
quently, it varies inner variables such as power flow of the
interior distribution lines.

1) Phase 1-Relax: In this phase, all binary variables are
relaxed through ¢ = 0, and (20) is solved for a convex problem
in an iterative way until the stopping criteria are satisfied.

2) Phase 2-Drive: The solution from the previous phase
is used as a warm start, and the ¢ is gradually increased
within ADMM steps of (20) to drive binary variables toward
Boolean values. It is proposed to change ¢ as (21), based on
the primal and dual residuals of the ADMM method to achieve
a stabilized convergence during the procedure.

i =

=D pe D 18Dy @

where c is a constant and r,(,k) and r((ik) are primal and dual
residuals in iteration k, correspondingly. This ensures that the
rate of changing ¢ corresponds to the stabilized convergence
during the procedure. If residuals are small, the algorithm
is stabilized and 7 can be increased to further drive binary
variables toward Boolean values; otherwise, if residuals are
large, more iterations are required and ¢ should not be boosted.
After reaching specific iterations or residuals, the procedure
might be completed by # — oo or the projection of remained
variables onto final Boolean values. One can perceive that the
drive phase finds better initial point as some binary variables
with Boolean values to prepare for the final projection step.

3) Phase 3-Polish: The binding binary variables 2?° are
fixed based on the Boolean results from the previous phase
(22%)*, while the inner ones Zi" are required to take the
Boolean values with initial values from the previous phase and
modified constraints Zi" = 7" € S and 2% = g¥* = (Z0%)* for
(20a). Therefore, in this phase, the subproblems of (20a) for
each SLA is a mixed-integer convex problem. As the binding
binary variables are fixed and not involved in the binding
constraints among clusters, the convergence of ADMM to the

global optimum is guaranteed for this phase.

Remark 2. The continuous binding variables are the only
variables that are involved among clusters and require in-
troducing consensus auxiliary variables. However, the binary
variables are involved within two different operations during
the DDSR method. First, all binary variables are relaxed
by introducing auxiliary variables, and then forced towards
Boolean values through the proposed drive phase. Therefore,
auxiliary variables are required for all binary variables in
the proposed method. Next, binding binary variables are also
involved among clusters, and the consensus ADMM method is
applied for these variables. The proposed formulation (20b)
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Fig. 2. Diagram of the proposed DDSR method.

for updating binary variables is a general form that is adjusted
using parameter B for inner and consensus variables.

The proposed iterative procedure for each phase will be
repeated until satisfying stopping criterion as primal and dual
residuals of (22) being small enough. These residuals are
defined based on the primal and dual feasibility of the ADMM
method [18]. Considering the proposed DDSR formulation
of (20), the primal residual is defined as the difference be-
tween binding continuous variables and consensus continuous
variables plus the difference between both inner and binding
binary variables and consensus binary variables as (22a).
Shrinking this residual during convergence ensures the primal
consensus constraints that are relaxed by introducing aug-
mented Lagrangian are being achieved. Also, considering the
dual feasibility, the dual residual is defined as the differences
between both continuous and binary consensus variables in
iteration k£ and continuous and binary consensus variables in
iteration k-1 multiplies by the penalty parameter as:

. o =(k
) = g% — 2429 -7, 22w

=(k—1)

— =(k)
ri = pl|Z0) — 26D |y p| T - F l2 (220)

Fig. 2 shows a diagram of the proposed algorithm as well
as a schematic three-dimensional binary variables within the
relax and drive phases. Accordingly, the proposed approach
with controlled progress using £ based on the residuals, pro-
vides a smoother progress which might explore more feasible
solutions during convergence, compared to the extreme pro-
jection step which usually has an oscillating behavior due to
continuous projection at each iteration. Since the residuals are
being tightened during convergence and restored loads within
all subproblems of (20a) are being optimized, a high-quality
local solution can be achieved during the drive phase.

During the polish phase, the binding binary variables re-
lated to the configuration are fixed, and the algorithm starts
another convergence to achieve a high-quality suboptimal load
restoration procedure. Considering the proposed distributed
restoration framework and the DDSR algorithm, the polish
phase does not include binary variables among clusters (bind-
ing variables), and there are only continuous variables among
them such as power flow equations. The only binary variables

during the polish phase are load pickup and energization
of buses, which are inner to each cluster. Considering the
general consensus ADMM definition [18], the first-step sub-
problems in each iteration are solved by mixed-integer convex
programming (MICP) solvers (using the branch-and-bound
method with guaranteed optimality) which also minimizes the
augmented Lagrangian. Then, calculating consensus variables
and updating Lagrange multipliers in the next steps similar to
(20b) and (20c), are not involved with any binary variables.
Therefore, the overall procedure of the consensus ADMM
method can yield a high-quality suboptimal point for the
polish phase, and subsequently distributed load restoration
problem, with a fixed configuration from the previous drive
phase. In fact, this phase polishes the results obtained from
the previous phase to achieve a high-quality solution with a
modest accuracy which is sufficient for large-scale restoration
problems. Moreover, the polish phase could serve as validation
of the feasible result from the drive phase, since it will not
converge if the solution of the drive phase is infeasible.

It is worth mentioning that the polish phase could be
independently considered as a fully distributed load restoration
procedure as introduced in our previous paper [9]. However,
unlike [9], the proposed formulation for the polish phase can
handle binary load pickup variables within a scalable cluster-
based framework; also, unlike [9], the proposed three-phase
algorithm can integrate network reconfiguration as a main part
of DSR within the distributed solution framework.

The ADMM parameter p is dynamically changed based on
the convergence procedure [18]. This scheme improves conver-
gence and makes the performance less dependent on the initial
choice of this parameter. Accordingly, the proposed varying
scheme in [18] for the penalty parameter is implemented as:

(k)

incr : k
T p(k) if rz(; ) ‘ >y
p(k""l) = p(k)/Tdecr if ,,,((ik) ‘2 > T1(7k) ) (23)
pF) otherwise
where ¢ = 10 and 77" = 7% — 2 are parameters.

The large value of p places a larger penalty on the violation
of primal feasibility and tends to tighten the differences
between variables and related consensus variables. Otherwise,
considering the definition of dual residual as (22b), the small
value of p tends to reduce the dual residual on the expense of
reducing the penalty on primal feasibility. Therefore, the goal
of varying penalty parameter is to keep both residuals close to
each other within the factor of p as the algorithm converges.

B. Applying the Proposed ADMM-based Method on DDSR

The DN is clustered based on the proposed clustering
strategy as described in the next subsection, then the DDSR is
solved using the proposed three-phase ADMM-based method.
For each cluster i, decision variables of problem (1), includ-
ing inner and binding ones, can be decomposed as ¥; =
[Zis), Ui = [idl, Ti = [Tl 2 = [Zi], Vi € K,t € T, as
defined in (24). The continuous consensus variables of (24c¢)
are derived from the power flow equations, which each cluster
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Fig. 3. Data exchange for updating consensus variables.

also considers the voltage of boundary nodes and the power
flow of joint lines from neighboring clusters.

- 3L, i A BG,
xi,t _[P ZaQ]f7 7.t ;l,th;l_’taP 7I7Q] t 7QCdp l] (243)

. . Li By i ;
it = Ziy 1= [ch)tz,xj7tl, @Gy 45 Bi1e] (24b)
Tit 1= U} A2 lth]l t] (24¢)

Each SLA; solves a subproblem of (20a), in which the
related convex set of C; is defined by (2)-(14) within each
cluster. Therefore, the local feasible region of each cluster
as C; contains both inner and binding constraints related to
the boundary elements. Then, as shown in Fig. 3, clusters
exchange consensus variables and Lagrange multipliers related
to the binding constraints to update them as (20b) and (20c).
The exchanged data include 1) all binding continuous variables
of boundary lines as U] t,P . t,Q]l . and related Lagrange
multipliers; and 2) consensus binding binary variables as
a;'-l,t, ﬂ;‘l,t and their associated Lagrange multipliers. In this
process, all SLAs need to comply with the proposed ADMM-
based algorithm in each of the relax-drive-polish phases during
convergence.

Remark 3. For each cluster i, considering power flow equa-
tion (9) and spanning free constraints (14) for the boundary
line jl with nighboring clustgr U] £ pi it le , are boundary
continuous variables and o, , and B 1 are binding binary
variables of DDSR problem, which blndlng binary variables
are fixed during polish phase. Furthermore, the inner binary
variables for this cluster are load pickup xﬁ’t’ and bus status
xft’i, which are required to take Boolean values through
solving MICP subproblems during polish phase.

Based on the proposed three-phase solution procedure of
relax-drive-polish and the restoration problem formulation of
inner and binding binary variables and binding constraints, the
proposed DDSR framework enables a two-stage restoration
procedure. Accordingly, in the first stage within relax and
drive phases, the configuration and switching operation of the
network to isolate the faulted areas and energize unfaulted
areas are obtained. Then, in the second stage within the polish
phase, the obtained configuration is fixed and load restoration
with inner binary variables for each cluster is performed
toward a high-quality suboptimal restoration procedure.

C. Autonomous Clustering Algorithm

An autonomous clustering strategy is developed to in-
crease the convergence speed of sub-problems and ADMM-
based algorithm and diminish the information exchange. After
determining the number and size of clusters as k and m
respectively, the algorithm is applied to detect and generate
clusters within a DN with N nodes. Nevertheless, the DDSR
algorithm is flexible to choose any number of the clusters and
nodes within each of them.

To detect and generate clusters within a DN with the
determined parameters, a method called Bottom-up travers is
developed for the tree structure of DN. The method starts from
the leaves of the tree and ends by the root node, as provided
in Algorithm 1. First, a weight of 1 is assigned to each edge;
then based on these weights, a separate weight is assigned
to each node using the summation of weights of children
nodes and connected lines. Next, the network is partitioned
by these weights considering the relatively same weight of
each cluster with the predetermined size of clusters. In other
words, those nodes with weights close to the ideal weight are
detected and extracted as a sub-tree and form a cluster. The
algorithm is repeated until all nodes are withdrawn from the
tree structure and been divided into clusters, which guarantees
that all nodes would be clustered and the clusters are mutually
exclusive. It is worth mentioning that, finding % clusters with
m nodes is a NP-hard problem and might be impossible due
to the topology of network. However, the proposed algorithm
provides a prompt solution for the large-scale networks.

Algorithm 1 Bottom-up travers clustering algorithm

Input: 7: The network tree, N: number of nodes,
k: desired number of clusters, r: relaxation factor,
Output: T": Clustered network tree.

1: Calculate number of nodes in each cluster (m = N/k)

2: Traverse tree in bottom-up manner

: for each node v Assign its subtree size (number of nodes
within its subtree)

: Find all nodes v’ with subtree size = m +r

: Cluster each node v’ with its subtree

: Remove all clustered nodes

: Repeat Algorithm 1

[95]

=N O W B

V. SIMULATION RESULTS

The performance and scalability of ADMM-based DDSR
are demonstrated though testing on three IEEE test feeders.
Each time step is assumed to be 15 minutes (1 p.u.) for oper-
ation and stabilization [9]. Simulations of the proposed DDSR
framework are implemented on Python, and subproblems are
solved using Gurobi solver. Furthermore, large-scale networks
are built in OpenDSS and connected to Python to set up the
software interface and provide the data structure to enable an
automatic and mechanized testing platform. These simulations
are carried out on a PC with Intel Core i7-7700, 3.60GHz
CPU, and 16GB RAM memory.
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Fig. 4. Clustering results and DDSR operation in first time step
of scenario 1 for IEEE 123-node DN without faulted line.

A. DDSR for Unbalanced Network With DERs

The IEEE 123-node DN is modified by connecting two
inverter-based PV units at nodes 66 and 105, each with the
maximum capacity of 300kW; also, loads at nodes 48 and 65
have higher priority. There are total 3 time steps following
transmission restoration, which reflect the gradually increas-
ing generation capabilities of the bulk system as [400kW,
1400kW, 3500kW] [25]. In fact, the restoration time horizon
is discretized into multiple time steps, each with enough
duration for operation and stabilization of various components.
Therefore, the proposed approach is considered as a quasi-
steady state simulation platform for restoration planning and
operational planning problems. Also, it is assumed that all
loads have a constant power factor of 0.9, and the nodal
voltage is limited within 0.95 pu and 1.05 pu. The DN is
divided into 11 clusters, as in Fig. 4; then, two outage scenarios
are considered in which scenario 1 represents a restoration
after a blackout and scenario 2 combines scenario 1 with the
emergency restoration.

1) Scenario 1: It shows how the proposed method deals
with a network with outages after a blackout. The provided
power through substation gradually increases, and PV genera-
tors are operated to pick up more loads. Fig. 4 shows the status
of switching operation and load pickup for the first time step
of restoration. All energized and de-energized loads are shown
by green and red dots, respectively. Blue downside and yellow
upside arrows show closed and open switch during restoration.
As there is no any faulted line in the network, two normally-
open switches remain open to prevent any loop while the other
six switches are closed. Clearly, all high priority loads have
been picked up during the first time step of DDSR.

2) Scenario 2: Considering previous scenario, there is a
faulted line between nodes 72 and 76, which is isolated by
protection system through opening switches 4, 5 and 7 as
shown in Fig. 5. Then, DDSR procedure starts by closing
normally-open switch 6 to restore the unfaulted out-of-service
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Fig. 5. DDSR operation in first time step of scenario 2 for
IEEE 123-node DN with a faulted line.

area while radial topology is guaranteed. Furthermore, the
method dispatches PV generators to provide more power for
the load pickup by coordinating top-down and bottom up
restoration strategies. Due to space limits, Fig. 5 only shows
the first time step of DDSR in which all high priority loads,
denoted by double star, have been picked up.

3) Scenario 3: To demonstrate the capability of the pro-
posed DDSR method, multiple faulted lines are considered
in the network while other operating conditions are similar
to the previous scenario. Moreover, the network is modified
by adding four sectionalizing switches SW8-SW11 and one
tie-switch SW12, to provide more options in operating this
scenario. Fig. 6 shows the location of faults, status of switches,
and load pickup for the last time step during the restoration
procedure. Accordingly, Faultl is isolated by opening SW8
and SW9, while Fault 2 by opening SW7 and SW10, and
Fault3 by opening SW5 and SW11. Then, tie-switches SW6
and SW12 are closed to energize unfaulted out-of-service areas
one and two without any loop during operation. Furthermore,
as the figure shows the last time step of operation, all loads
in the unfaulted areas are energized through DDSR operation.

B. Performance of the Proposed ADMM Method

The convergence of the ADMM-based DDSR, in terms
of total restored loads for each cluster in scenario 1 and
switching status are shown in Fig. 7 and Fig. 8, respectively.
The stopping criteria for the drive and polish phases are the
primal and dual residuals less than \/# Agentsx 10~3, which is
increased to be 5 times larger for relax phase. The convergence
computation shows that, 1) during the relax phase, all loads of
each SLA are energized and switches are converged to correct
status; 2) by exchanging data among clusters and adjusting
Lagrange multipliers, power flow equations start to affect, and
the amount of load pickup drops following the total available
power; 3) during the drive phase, the load pickup amounts are
driven toward Boolean values; and also despite switch status
change and inspecting other values, they are reverted back
immediately since the initial values are optimal; 4) at the end
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Fig. 9. Primal and dual residuals of the projection method (16).

of drive phase, by  — oo, all remaining binary variables are
projected to the nearest Boolean values; 5) during polish phase,
switches status and configuration are fixed, and the distributed
load restoration problem is solved to provide a high-quality
suboptimal restoration procedure which is operational for the
real network; and 6) the final results for load restoration and
reconfiguration are verified with the centralized solution for
service restoration in DNs, which shows the proposed DDSR
method might also achieve the optimal solution. Also, Fig. 8
shows the evolution of ¢ during the convergence, as it equals
to zero during relax phase, and increases to larger values based
on residuals during drive phase.

1) Comparison of the proposed DDSR method with ADMM-
based projection method: Fig. 9 shows the residuals using the
conventional projection method of (16). For this projection
method, the warm-start as relaxing binary variables is also
performed to find a good initial point. Next, the projection
procedure is implemented in which the method starts oscillat-
ing even after a large number of iterations as shown in Fig. 9.
Then, the simulations are halted and the results are compared
with the DDSR method in Fig. 10. In this figure, the right
bar shows the total available power from substation and PV
generators during each time step, while the left and middle
bars show the total picked up loads of the projection method
in (16) and the proposed DDSR method, respectively. Accord-
ingly, in time step 1, DDSR can pick up more loads compared
to the projection method by considering the available power
from the substation and PV generators. Moreover, in time step
2, the results of the projection method are infeasible since it
picks up more loads than the available power. Therefore, the
proposed DDSR method can outperform the projection method
by providing feasible and reliable solutions.

2) Effect of stopping criteria on the DDSR method: The al-
gorithm is adjusted to stop at each phase when both primal and
dual residuals are less than the defined threshold. Increasing
stopping criteria may result in fewer convergence iterations or
computation time for the DDSR. This is shown in Fig. 11 for
scenario 1, in which the stopping criteria 1 and 2 are 20 and 10
times larger than the stopping criterion 3 as used in this paper,
respectively. However, the results especially for load pickup
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may not be optimal, and many loads are not energized despite
available power, which is shown for total energized loads by
Fig. 12. On the other hand, decreasing stopping criteria and
consequently tightening the relaxed constraints may achieve
slightly better results. This is shown by stopping criterion
4, which is 10 times smaller than the proposed threshold,
with slightly better load pickup in time step 2 in Fig. 12.
However, it requires more convergence iterations as shown in
Fig. 11. Furthermore, if the residuals cannot be less than the
threshold after a predefined number of iterations, the algorithm
is adjusted to stop. Accordingly, in Fig. 11 for the small
threshold of stopping criterion 4, the algorithm is terminated
in the drive phase after 2,000 iterations since it cannot satisfy
the stopping criteria. Then, in the polish phase, the algorithm
converges under the required threshold within a large number
of iterations compared to the other stopping criteria.

C. Scalability of the proposed ADMM-based DDSR

First, IEEE 8500-node network is integrated with 1,505
distributed small-scale PV generators on 2,522 primary buses
with about 30% penetration level. The circuit consists of 44
switches including 38 normally-closed switches and 6 tie-
switches. There are total 3 restoration steps with the power
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Fig. 12. Comparison of total restored loads for various stop-
ping criteria in scenario 1.
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Fig. 13. Clustering of IEEE 8500-node DN for DDSR.

capacity of [1,000kW, 5,000kW, 12,000kW] following trans-
mission restoration. Using the proposed clustering strategy,
the network is divided into 50 clusters as shown in Fig.
13. A blackout restoration is assumed with a faulted line
between buses ‘M1125934° and ‘L2730163°, which is iso-
lated through sectionalizing switches ‘A8645_48332_sw’ and
‘A8611_48332_sw’.

Fig. 14 shows the last time step of restoration. The long tie-
line switch is closed to provide power for the out-of-service
area impacted by the faulted line. It is clear that all other
tie-switches are open as shown by a yellow arrow, to prevent
any loop in the operation. Furthermore, the convergence of
the proposed method, in terms of total restored loads at each
time step, is shown in Fig. 15. Similarly, SLAs solve the
problem in each phase and exchange data among neighbors,
until the related Lagrange multipliers for the power balance
affected and the total available power adjusted during the drive
phase. During the polish phase, configuration is fixed and load
restoration is solved to yield an optimal solution for DDSR.

To further demonstrate the scalability and capability of
the proposed DDSR framework, twelve 8500-node networks
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are connected through a sub-transmission network to form
an extremely large-scale 100k-node network in Fig. 16. The
network consists of 520 switches including 63 tie-switches,
with one long tie line in feeder F1 (similar to the previous
8500-node network) and two long tie lines between F8 and
F9 and also F10 and F11. Furthermore, the network is being
integrated with distributed PV generators at 20% penetration
for feeders 1, 6, 7 and 10, 30% for feeders 2, 3, 4, 8, 9 and 12,
and 40% for feeders 5 and 11. The entire network is divided
into 48 clusters, with 4 clusters in each feeder. A combined
scenario of blackout service restoration with 3 time steps
[IOMW, 50MW, 150MW] and emergency restoration with two
faulted lines in F1 and F11 is considered for this network.
Fig. 16 shows the location of faults, switching status, and
load pickup for the second time step during DDSR operation
procedure. According to this figure, the faulted areas are being
isolated through opening sectionalizing switches close to the
faulted lines in both F1 and F11. Also, a tie-switch in F1 and
a long tie line between F10 and F11 are closed to energize

loads in the unfaulted out-of-service areas within both sub-
feeders, while other tie-switches remain open to prevent any
loop during restoration. Furthermore, considering the available
power from substation and PVs, the load pickup locations are
shown in this figure as green dots.

Considering the proposed framework of the DDSR method
in Fig. 1 for real DNs, the method should be implemented on
various SLAs with a processor to solve a single subproblem
in parallel with other agents. Therefore, each iteration of the
DDSR can be solved at once for all clusters or SLAs. Then,
the total computation performance and solution time can be
rendered by the number of iterations which is dependent on
the number of clusters and the size of clusters. The proposed
DDSR method is flexible to deal with any number of clusters
while determining the optimal number of clusters depends on
the network topology, and convergence rate of subproblems
and distributed method, which is considered as future work. If
the simulations can be run in multi-processor framework with
parallel fashion, for the first test case of IEEE 123-node net-
work, the subproblems are small and on average for all clusters
and phases, it takes 0.031s for each SLA (considering calling
solver and submitting and receiving data) to solve it. Assuming
a parallel computation framework, to perform 700 iterations
of DDSR, the algorithm requires 21.72s to converge and reach
optimal restoration procedure. For the 8500-node and 100k-
node DNs, on average each SLA requires 0.115s and 0.377s
to perform one iteration, respectively. Therefore, considering
the parallel framework, carrying out 1,812 iterations for 8500-
node and 1,506 iterations for the 100k-node network to reach
a solution requires about 208s and 567s, respectively.

VI. CONCLUSION

Service restoration can be formulated as a challenging
mixed-integer nonlinear programming problem, which deals
with many binary variables representing loads and switching
operations. In this paper, an ADMM-based fully distributed
solution procedure is developed for the service restoration
problem in large-scale active distribution networks. The algo-
rithm is incorporated with consensus ADMM to provide a fully
distributed cluster-based framework. Moreover, an adaptive
clustering strategy is developed for large-scale networks, in
which each cluster consists of a smart agent to carry out the
distributed restoration procedure with limited data exchange
with neighbors. Simulation results on extremely large-scale
IEEE test networks demonstrate the capability of the fully
distributed restoration to deal with various blackout or emer-
gency restoration problems, and also the superiority of the pro-
posed method over simple projection models. In future work,
this model can be further developed to consider distributed
restoration framework to energize the network through black-
start or grid forming DERS, and consequently forming islanded
areas and restoring high priority loads or whole network by
synchronizing them without transmission system energization.

REFERENCES

[1] Z. Bie, Y. Lin, G. Li, and F. Li, “Battling the extreme: A study on the
power system resilience,” Proceedings of the IEEE, vol. 105, no. 7, pp.
1253-1266, 2017.



IEEE TRANSACTIONS ON SMART GRID

[2]

[3]

[4]

[51

[6]

[71

[8]

[91

[10]

(11]

[12]

[13]

[14]

[15]

[16]

Sub-trans

Unfaulted out—of;
eservice area

sectionalizing
switches to M
isolate fault

Sub-trans

Open sectionalizing
switches to isolate

Closed long
tie-line

of-service area

Fig. 16. DDSR operation in the second restoration step for 100k-node DN with two faulted lines.

S. Yao, P. Wang, X. Liu, H. Zhang, and T. Zhao, “Rolling optimization
of mobile energy storage fleets for resilient service restoration,” IEEE
Transactions on Smart Grid, vol. 11, no. 2, pp. 1030-1043, 2020.

Y. Xu, C. Liu, K. P. Schneider, F. K. Tuffner, and D. T. Ton, “Microgrids
for service restoration to critical load in a resilient distribution system,”
IEEE Transactions on Smart Grid, vol. 9, no. 1, pp. 426-437, 2018.
Y. X. Ying Wang, “Coordinating multiple sources for service restoration
to enhance resilience of distribution systems,” IEEE Transaction on
Smart Grid, 2019.

Z. Wang and J. Wang, “Self-healing resilient distribution systems
based on sectionalization into microgrids,” IEEE Transactions on Power
Systems, vol. 30, no. 6, pp. 3139-3149, 2015.

B. Chen, C. Chen, J. Wang, and K. L. Butler-Purry, “Sequential service
restoration for unbalanced distribution systems and microgrids,” IEEE
Transactions on Power Systems, vol. 33, no. 2, pp. 1507-1520, 2018.
M. N. Ambia, K. Meng, W. Xiao, and Z. Y. Dong, “Nested formation
approach for networked microgrid self-healing in islanded mode,” IEEE
Transactions on Power Delivery, pp. 1-1, 2020.

G. Pathirikkat and et al., “Remote monitoring system for real time
detection and classification of transmission line faults in a power grid
using pmu measurements,” Protection and Control of Modern Power
Systems, vol. 3, no. 1, 2018.

R. Roofegari Nejad and W. Sun, “Distributed load restoration in unbal-
anced active distribution systems,” IEEE Transactions on Smart Grid,
vol. 10, no. 5, pp. 5759-5769, 2019.

L. T. Marques and et al., “Service restoration with prioritization of
customers and switches and determination of switching sequence,” [EEE
Transactions on Smart Grid, vol. 9, no. 3, pp. 2359-2370, 2018.

W. Li and et al., “A full decentralized multi-agent service restoration
for distribution network with dgs,” IEEE Transactions on Smart Grid,
vol. 11, no. 2, pp. 1100-1111, 2020.

A. Sharma, D. Srinivasan, and A. Trivedi, “A decentralized multiagent
system approach for service restoration using dg islanding,” IEEE
Transactions on Smart Grid, vol. 6, no. 6, pp. 2784-2793, 2015.

A. Elmitwally and et al., “A fuzzy-multiagent service restoration scheme
for distribution system with distributed generation,” IEEE Transactions
on Sustainable Energy, vol. 6, no. 3, pp. 810-821, 2015.

A. Abel Hafez and et al., “A decentralized technique for autonomous
service restoration in active radial distribution networks,” IEEE Trans-
actions on Smart Grid, vol. 9, no. 3, pp. 1911-1919, 2018.

F. Shen and et al.,, “Distributed self-healing scheme for unbalanced
electrical distribution systems based on admm,” IEEE Transactions on
Power Systems, pp. 1-1, 2019.

R. Takapoui, N. Moehle, S. Boyd, and A. Bemporad, “A simple

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

effective heuristic for embedded mixed-integer quadratic programming,”
International Journal of Control, vol. 0, no. 0, pp. 1-11, 2017.

S. Diamond, R. Takapoui, and S. Boyd, “A general system for heuristic
minimization of convex functions over non-convex sets,” Optimization
Methods and Software, vol. 33, no. 1, pp. 165-193, 2018.

S. Boyd and et al., “Distributed optimization and statistical learning via
the alternating direction method of multipliers,” Foundations and Trends
in Machine Learning, vol. 3, no. 1, pp. 1-122, 2011.

M. Feizollahi, M. Costley, S. Ahmed, and S. Grijalva, “Large-scale
decentralized unit commitment,” International Journal of Electrical
Power & Energy Systems, vol. 73, pp. 97 — 106, 2015.

R. Roofegari nejad, W. Sun, and A. Golshani, “Distributed restoration
for integrated transmission and distribution systems with ders,” IEEE
Transactions on Power Systems, vol. 34, no. 6, pp. 4964—4973, 2019.
J. A. Taylor and F. S. Hover, “Convex models of distribution system
reconfiguration,” IEEE Transactions on Power Systems, vol. 27, no. 3,
pp. 1407-1413, Aug 2012.

B. A. Robbins and et al., “Optimal reactive power dispatch for voltage
regulation in unbalanced distribution systems,” IEEE Transactions on
Power Systems, vol. 31, no. 4, pp. 2903-2913, July 2016.

S. H. Low, “Convex relaxation of optimal power flow—part i: For-
mulations and equivalence,” IEEE Transactions on Control of Network
Systems, vol. 1, no. 1, pp. 15-27, 2014.

J. Eckstein, “Splitting methods for monotone operators with applications
to parallel optimization,” Ph.D. dissertation, MIT, 1989.

A. Golshani and et al., “Coordination of wind farm and pumped-storage
hydro for a self-healing power grid,” IEEE Transactions on Sustainable
Energy, vol. 9, no. 4, pp. 1910-1920, Oct 2018.



IEEE TRANSACTIONS ON SMART GRID

Reza Roofegari nejad received his Ph.D. degree
in electrical engineering from University of Cen-
tral Florida, Orlando, FL, USA, in 2021. He is
currently a power system developer and engineer
in OSI Digital Grid Solutions, Medina, MN, USA.
His research interests include self-healing smart-
grid, power system resilience, smart active distri-
bution networks, smart grid modeling and control,
optimization methods, and machine learning.




