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Service Restoration of Coordinated Gas and Power
Networks in Self-Healing Mode by Chance
Constrained Adaptive Distributionally
Robust Optimization

Navid Afsari

Abstract—This article studies the role of coordination between a
natural gas network and an electric power system in the optimal ser-
vice restoration (SR) problem results. In the proposed coordinated
model, the failure causes the upstream network’s interruption,
and the network’s self-healing feature has been used for SR. The
microgrid configuration changes are considered a variable and a
choice for the operator. The SR problem faces some ambiguity in
parameters due to the stochastic nature of electric vehicles and
plug-in hybrid electric vehicles, as well as the availability and dis-
patching of natural gas-fired generation units, the ability to electric
network reconfiguration, and the flexibility in demand response.
Chance-constrained adaptive distributionally robust optimization
(ADRO) is used to overcome these ambiguities of the uncertain
parameters. A mixed-integer linear programming model is used
for the problem, and the modified Civanlar test system is selected to
evaluate the model. Besides ADRO, Stochastic Programming (SP),
and ARO are applied to the model. In conclusion, SR in ADRO is
4% higher than SR in ARO owing to uncertainty realization in the
worst possible way inside an uncertainty set. Also, SR for ex-ante
protection is 19% lower than SP.

Index Terms—Adaptive distributionally robust optimization
(ADRO), dispatchable gas units, electric vehicles (EVs), gas
network, service restoration (SR).

NOMENCLATURE

Indices and Sets:

t, T Index and set of the timeslots [1 : IV;].

n, N Index and set of the network nodes [1 : N,,].

SN State  Number of the network topology
[1 : NSN]-

w, Index and set of the scenarios [1 : N,,].

b, B Index and set of the electric vehicles’ brand
[1 : Nb]

k, K Index and set of the intervals in piecewise lin-
earization [1 : Ng].

xeX Feasible set of network structures.

i1 Index and set of the NGFGUs [1 : N,].
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Variables:

SR; Maximum service restoration in the ith structure.

yeY (x,(r) Decision variables vector of the second stage.

ixh Objective function of the optimization variables
of the first stage.

x%¢1 Results of the SR problem on the feasible set X

2(Eh.
Objective function corresponding to the vector of
optimization variables of the second stage.

Fx', x%e)

Ee {2511} Expected value of the objective function associ-
ated to the variables in the second stage.

Pgﬁf’tﬁtal Total charging power of the EV b, in the node n,
at time t, and scenario w.

Pgéﬁ’ft otal  Total discharging power of the EV b, in the node
n, at time t, and scenario w.

Prate . Total EG output of the EV b, in the node n, at time
t, and scenario w.

P}é’ﬁ’t’“ Charging power of the EV b, in the node n, at time
t, and scenario w.

Pg’é’}t{“ Discharging power of the EV b, in the node n, at
time t, and scenario w.

Pg’é’t’“’ EG output of the EV b, in the node n, at time t,

and scenario w.
Operating SOC of the EV b, in the node n, at time
t, and scenario w.

SOOb,n,t,w

Nw, C Aucxiliary variables used in CVaR calculation.
qut Binary variable equals 1 if line 1 is closed.

&t Binary variable equals 1 if node j is a root node.
fit Artificial power flow on line 1.

Tl Tm Nodal gas pressure.

fln Pipeline flow.

Constants and parameters:
&r Uncertain parameters corresponding to the
weight coefficient of the load demands.

FeD Unknown but bounded distribution of the each
element in the vector éx.
uelU Variables associated with the weight coefficient

of the load demands on the feasible set U.

77bc o 77?30 ; Charging and discharging of the EV b.

soch. Maximum SOC of the EV b.
SOCP"  Minimum SOC of the EV b.
yeax pmin Max / min gas delivery of suppliers sp.
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Linax [min Max/min gas load.

ag, by, cqg  Coefficients of the function of the EGs power
generation.

A, B, C Coefficients of the function of the natural gas
consumption by NGFGUs.

)fé“’ Demand values of the load type E at time t.

)Lg“ Demand values of the load type Q at time t.

Ag“ Demand values of the load type G at time t.

P! Probability of clearing the fault at time t.

Du Occurrence probability of scenario w.

E" Size of the load type E in the node n(kW).

Q" Size of the load type Q in the node n(kW).

G" Size of the load type G in the node n(kW).

X"™? Number of the EV b, in the node n.

gmnte Statues indicator of the load type E where 1
means satisfied and 0 means shed.

ynte Statues indicator of the load type Q where 1
means satisfied and 0 means shed.

ymtw Statues indicator of the load type G where 1

) means satisfied and 0 means shed.

P;\}tc’;“}GU NGFGU output of unit i, at time t, and scenario
w.

th e et Total natural gas consumption at time t, and
scenario w.

F;’;;‘“ Natural gas consumption of unit i, at time t, and
scenario w.

Vep Gas delivery amount of suppliers sp.
Risk weight}.

«a Confidence level.

CVaR,, CVaR with confidence level .

T Availability factor of supplierl.
ny, Number of nodes in the distribution system.
M Large constant.

Cmn Gas pipeline constant.

1. INTRODUCTION

A. Aim

ESEARCHERS have focused on the coordinated opera-
R tion of electric power systems and natural gas networks
due to the need for communication infrastructures and the
availability of gas network information as a fuel for power grid
generation units [1], [2]. The integration of these two systems
is crucial for ensuring reliability and efficiency in the overall
energy supply. By optimizing the coordination between electric
power systems and natural gas networks, researchers aim to
enhance the stability and resilience of the interconnected grid
infrastructure.

Typically, the upstream network will feed loads in such a man-
ner as to reduce operational costs while the system is in a normal
operating state. As soon as a problem is detected, the network
immediately begins the self-healing process. In order to restore
load in the fault-affected regions, a flexible network operating
in the self-healing mode can be provided by natural gas-fired
generation units (NGFGUs), energy storage systems (ESSs),
vehicle-to-grids (V2Gs), grid-to-vehicles (G2Vs), engine gen-
erators embedded in plug-in hybrid electric vehicles (PHEVs),
as well as remote-control switches [3]. These technologies work
together to quickly identify faults and automatically reconfigure
the network to minimize downtime and maintain reliable power
supply. By utilizing these advanced systems, grid operators can
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improve overall system resilience and minimize the impact of
outages on customers.

B. Literature Review

Under the normal operating condition, the optimal operation
schedule of distributed generations (DGs) in the microgrids
(MGs) has been studied by researchers [4], [5]. On the other
hand, resiliency, security, and reliability are the essential char-
acteristics of the self-heal smart grids. The reason for the lack of a
single standard for a self-healing network is because researchers
are still learning about this subject. According to a National En-
ergy Technology Laboratory assessment, self-healing is among
the most important of the seven features of a modern grid [6].

Natural gas usage has grown exponentially in the recent
decade as one of the most important fossil fuels, particularly
for power production. Gas generators are expected to increase
by more than 230% by 2030 [7], [8]. In this system, the gas
network and the electricity network can exchange electric energy
and natural gas, thus forming a multiple energy system [9]. In
this condition, both electricity and natural gas networks should
be operated simultaneously due to their interconnection in an
economical way. In [10], the researchers analyzed the integration
of gas pipelines with electricity distribution networks to improve
overall system efficiency. In this article, a gas supply network
is integrated with the IEEE-33 network, and the goal of optimal
operation of this system is to use the conversion of natural
gas into electricity to meet the load demand, considering the
real-time price of electric energy in the upstream network.

In [11], the indirect effects of wind speed fluctuation and
the effects of wind turbine output on the gas network have
been studied through the mathematical model of the natural-gas
price fluctuations with demand. In [12], an integrated power-gas-
heat energy system nonlinear model coordinates the day-ahead
schedule in the energy hub framework. The interconnection of
electricity and natural gas systems is considered by a short-term
stochastic model in [13]. In this article, a MILP model is applied
for the coordinated natural gas and electricity systems, and
the results are evaluated by considering the probability-based
outages of transmission lines and generating units, as well as
load forecast deviation.

In [14], an operational coordination optimization method is
proposed for electricity and natural gas networks to overcome
challenges in renewable energy generation. The method
involves bidirectional energy flows through power-to-gas units
and gas-fired power plants. The method is demonstrated in case
studies, minimizing total operational cost, installed renewable
energy generation curtailment, voltage imbalance, and overall
carbon emissions.

The comparison of economic and environmental benefits of
coordinated electricity and natural gas network planning to tra-
ditional independent planning, using piecewise linearization for
efficient optimization, is evaluated in [15]. In [16], a risk-averse
framework for optimizing an integrated power, gas, and electric
vehicles (EVs) traffic network is provided, promoting social
and environmental benefits and demonstrating its feasibility and
effectiveness in various case studies.

C. Contribution

Emergency situations and network self-healing modes are
not covered in the literature, despite the fact that it addresses
how well natural gas and electric power networks coordinate
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to operate as efficiently as possible. A mathematical model
for the service restoration (SR) problem during the upstream
network outage is presented in this article, allowing for op-
timal load restoration in the interaction between the electric
power system and the gas supply network. The proposed model
takes into account various constraints such as network capac-
ity, demand, and operational costs to determine the optimal
load restoration strategy. By incorporating gas and power net-
work dynamics, this model provides a comprehensive approach
to addressing emergency conditions and improving system
resilience.

This article focuses on the optimal reconfiguration and op-
eration of gas and power networks to increase the reliability
and resilience of the system by maximizing SR. On the other
hand, the load values as weighted coefficients are subject to
uncertainty. The current problem has three dimensions. The first
step is a planning strategy that is implemented prior to deciding
on the MG configuration. The second level represents the most
extreme realization of uncertainty when discussing uncertainty
sets. The third level of the model illustrates the operational
measures implemented to mitigate the undesirable consequences
of uncertainty. As a result, it aims to increase the value of the
objective function.

It is not necessary that the uncertain parameters be married
to a strict probability distribution. They may, however, include
some ambiguity regarding the probability distribution. ADRO
is used to overcome these ambiguities of uncertain parameters.
Along with NGFGUs and gas network dispatching, other
evaluations include the program’s ability to adjust and demand
response in the presence of PHEVs and EVs, as well as their
stochastic nature. A modified Civanlar test system is used to
evaluate the model, and the problem is formulated as an MILP.
Besides ADRO, stochastic programming and ARO are applied
to the model.

Four case studies investigate the impact of solving method
and dispatching in NGFGUs with EVs and PHEVs on SR
problem analysis, verifying coordination between the electric
power system and gas network. This study has made significant
contributions, which include following.

1) The SR is maximized when MGs are isolated from the
upstream grid, influenced by network capabilities such as
reconfiguration, EV presence, and coordinated gas and
electricity supply network operations.

2) Stochastic programming and robust optimization (RO) are
two main methods for effectively dealing with uncertain
parameters, which have also been used in this article.
By incorporating ambiguity into the analysis, decision-
makers can better understand the potential variability in
outcomes in an unknown but bounded distribution and
make more informed choices.

3) A nonanticipative concept is used to model the decisions
by taking into account multistage classification for the
different types of loads.

4) Plug-in hybrid EVs, load weights that are randomly as-
signed, demand response programs, and the gas system’s
coordinated operation are all taken into account simulta-
neously.
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5) Bycomparing the ADRO response with ARO and Stochas-
tic Programming (SP), it is clear that each method has a
unique switching and optimal SR schedule, so the choice
of the problem-solving method will be important.

6) Taking the ARO response as a basis, it can be concluded
that by choosing ADRO, the optimal load recovery plan-
ning is protected from damage. On the other hand, the
response obtained for SP can improve the SR plan, but it
will not prevent significant damage from being incurred.

II. FORMULATION OF OPTIMAL SERVICE RESTORATION
PROBLEM

The suggested robust and stochastic simulation model of SR
incorporates the hourly optimal energizing schedule for control-
ling the interdependency of gas and power system constraints.
This model takes into account uncertainties in both gas and
power systems, providing a more realistic representation of
the dynamic interactions between the two. The optimization
model will optimize unit dispatching and energizing schedules
to maximize SR while addressing natural gas and electricity
constraints. Here is an illustration of the optimization model’s
framework

Max: Expected SR

S.t.

1) MGs, EVs, and NGFGUs constraints.

2) Hourly demand response constraints.

3) Fuel and natural gas network constraints.

A. Objective Function

In this SR problem, the objective function is the best hourly
schedule of the MGs components, which includes NGFGUs,
EVs, and PHEVs. It maximizes load restoration by considering
technical constraints. In other words, to minimize the unsupplied
customers, the SR problems can determine the restoration and
operation program of the customers. Here, the objective function
is maximizing the total weighted restored loads during the
restoration as (1) shown at the bottom of this page.

B. MGs and Generator Units Constraints

1) Power Balance Constraint: Each MG’s internal power
balance is represented by

Z (EnUn,t,w + ann,t,w + Gnyn,t,w) < Z P[t)’g
NeMG,; DG;eMG,;
t,
+ Z PyNGrau,
Pyngrcu,i€MG;
\t it L, .
+ Z (P;chjotal - sz_t:)tal + P;Gjatal)’
NeMG,;
Vne NVteTVwe QVie MG. 2)

Based on this constraint, the total power generation of
NGFGU sources and EV batteries, as well as the engine
generator of the EVs in each MG, must be equal to the total

SR : Maximize
Unitw Yntw yntw

weN teT

Vne NVteTVw e .

neN

Z st {Z PSt (Z (}LtE,wEnUn,t,w + AngnVn,t,w + )\'ngnyn,t,w>> } :

ey
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Fig. 1. Various scenarios according to present an EV in the parking lot during
the outage.

partial restoration of the three types of responsive loads on each
bus.

2) Charge/Discharge Constraints of the EVs: In this article,
six possibilities depending on the start and end times of the
outage, as well as the availability of an EV in the parking lot,
are explored for the fault conditions represented in Fig. 1. These
scenarios are classified based on the presence of the EV/PHEV
in the parking lot during the emergence when the MGs are
isolated from the main grid. The EV/PHEV uncertainty model
includes: random SoC, fuel level for 8 brands, and the number
of the present EVs during the fault, considering the parking lot’s
capacity [9].

Operational model of EV and PHEV with V2G and G2V
capability has the charging/discharging schedule defined as
follows:

b,n,t,w b b,n,t,w
0 § Pch § PCHfmax X Tch )

Vbe BVYne NVteT VYw e 3)
0 < P(?(;}I:’t,w < PgCHfmax X Tr]]?(,:;:’t,w7

Vbe BVne NVteTVweQ 4)
S0cCt. < sochmtv < 80Ch ..

Vbe BVne NVte T Vw e Q (5)

SOCb’n’H_l’w — Sch,n,t,w + (Tb,n,mw % Pcb},lmt,w « ngh

ch

JAtVb e BVne NVt €T Yw e Q

b,n,t,w b,n,t,w
_ Taen | XPglp

Nen (6
)
oY bt < 1Y e BYne NVte TYw e Q (7)

SOCt™tw — §OCP™ Y h e BYn € NVt € T Yw € Q

arr initial

®)
SOCG =SOCTM“ b e BV¥n € NVt € T Vw € Q
(€))

Equations (10)—(11), which consider the discharge or charge
power of each brand, the quantity of EVs from different brands,
and the discharge/charge state of the binary control variable,
calculate the total discharge and charge power of ESSs

n,t,w o § : n,b bn,t,w b,n,t,w,
Pch?total - X X Pch X Tch ’
beB

Vbe BVYne NVt e T VYw € (10)
n,t,w n, b,n,t,w bn,t,w,
Paer total = Z X" x P deh X Tgen
beB
Vbe BVne NVteTVw e Q. (11
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Three-stage scenario tree of the load demand values: Type E, Type Q,

By multiplying two continuous and binary variables, these
equations have a nonlinear form. The “big-M” approach is used
to reform the problem in the MILP format and linearize this
section of the problem [9], [17]. This model’s big-M parameters
are set to surpass the combined maximum discharge and charge
power capacities of all EVs and PHEVs.

3) Engine Generators Embedded in PHEVs Constraint: An
estimated curve and measured data can be used to create an
example quadratic equation for an EG [18]. For example, (12)
shows a relationship between the Chevrolet—Volt’s output power
and fuel consumption [19]. The fuel consumption during an
hour, denoted by g(t), and the power generated by EG in an
hour, denoted by P(g(t)), are represented as

P(g(t))=—0.000105x g(t)*+5.291 x g(t)+588.3; Vte T.
(12)

This equation uses a linear piecewise function to approximate
the nonlinear relation for each EG [9].

4) Uncertainty of Load Demand Values Based on Nonantici-
pativity: The nonanticipativity constraints of the example are
detailed in [9] and [20]. In this reference, the details of the
value of the load demands with the nonanticipative behavior are
indirectly related to the financial issues of network operation.

The design of the scenario tree of the load demand values
for this problem is shown in Fig. 2. For type E, type Q, and
type G load values, respectively, the values of the vectors AF,
AQ and AS are configured. The details of the scenario tree and
establishing the vectors are presented in [20]. Vectors AF and
AQ are presented in (13) and (14)

AP = A9 =11,1,1,0,1,1,1,0,1,1,1,0].
The vector of AS is defined as
A% =11,0,1,0,1,0,1,0,1,0,1,0]. (14)

To sort the load values in an increasing procedure for every
scenario w for type E and in each period t, nondecreasing value
curves in the matrix OF are expressed as

(13)

111122223333

s 111122223333

O"=11 11122223333 (15)
111122223333

Furthermore, as demonstrated below, nonanticipativity con-
straints are used to ensure that the value of the load demands
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does not decrease

Umte —gnty < 0Wne NVt e T Vw € Q:

OF(t,w) +1=0F(t, ), if AF(w)=AF()=0 (16)
ygrbe —gmtetl —gvn e NVt e T Vw € Q;

if AB(w) =1 17)
ymte _yntetl — gvyp e NVt e T Yw € §;

if AQw) =1 (18)
ymtw _ymtetl —gvp e NVt e T Yw € Q;

if AS(w) =1. (19)

Due to the hierarchical dependence of uncertainty, this prob-
lem takes into account nonanticipative uncertain scenarios.
Here, scenarios are dependent on the conditions that were
achieved in the preceding hour and are not independent over
time. As demonstrated in this section, modeling nonanticipa-
tivity uncertainty adds complexity to the problem. However,
in a real-world system, the scenarios may be independent and
simple. As a result, solving the optimization problem in such
conditions will be simpler, and according to experiments, the
results obtained from optimizing the problem usually converge
to a single answer, and there will be no variation in the answers.

5) General Connectivity Constraints: In this article, accord-
ing to graph theory, the fundamental loops are used to recon-
figure MGs. The network is represented as a graph equivalent.
The details of the fundamental loop vectors are presented in
[17] and [18]. The graph theory states that a radiant graph needs
to meet two requirements: 1) each subgraph needs to ensure
connectivity; 2) the number of edges must equal the number of
nodes minus the number of subgraphs. The following constraints
are used to formulate these two requirements [21]

Dai=n =Y &aVteT (20)
leN; JER

S fu— Y fu=1VteTVje Ny/R @1
1€6(j) lea(j)
1— M < Z fie — Z fro <1+ ME,VteT,

1€6(j) lea(j)
VieR (22)

— Mg < fit <MgVt €TVl EN,. (23)

It is assumed that each fundamental loop contains a set of
controllable switches. So, there are three fundamental loops in
the studied network (C1-C3), as shown in Fig. 3. This modular
design allows for flexibility and efficient management of the
network’s operations

FLVy = {Ly,La,Ly,Ls,Lg, Ly, L11, L17}
FLVy = {Ly, L3, Lg, L1o, L13, L14, L1s}
FLVs = {Ly,Ls, Ly, L¢, L7, L3, L15, L1g, L19} .

C. Natural Gas System Constraints

1) NGFGU Generating Constraints: Physical constraint on
capacity limits for each NGFGU power production is expressed
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Fig. 3. Branch-node (Graph) model of the studied network.
as [13]
i 2,t,w . .
PNGreu, < PrNérau SPNGreu,; V€T Vw e QVie I

(24)

2) Natural Gas Fuel Constraints: The hourly generation of

NGFGU s is used to calculate natural gas consumption in (25).

The natural gas network model categorizes the supply of NGF-

GUs as a natural gas load. On the other hand, the natural gas

consumption by NGFGUs cannot exceed the capacity of the
natural gas network

it,w _ it,w i,t,w ® i
Fgats =A+ BPNZJFGU + C(PNEJFGU) viel,
VteT; Yw e Q) (25)
Zpgig;w SES s Vi€ IVEETVw Q. (26)
el

The nonlinear relation of the natural gas consumption is
approximated with the linear piecewise function to linear con-
straints in [9].

3) Natural Gas Supply and Load Constraints: There are sim-
ilarities between gas and electricity systems. Both are designed
to operate within reasonable ranges. The natural gas transmis-
sion system, one of the largest and most complex nonlinear
systems, can be represented by its steady-state and dynamic
operating characteristics [13]. In steady-state conditions, the
extracted natural gas from each node equals the amount injected
into the node. The gas delivery amount of suppliers sp restricted
by its upper and lower limits and availability factors 7 as

A<vy, <B
B=vmaxr 27)
A= l/min

sp

There are other potential categories of gas loads outside
NGFGUs, including residential, commercial, and industrial. The
gas load is constrained in the same ways that the maximum and
minimum generating limitations of NGFGUs are

L™ < [y < L, (28)

The pipeline’s parameters, such as its length, diameter, operat-
ing temperature, and pressure differential between its connected
nodes, affect its flow. In a pipeline, the gas always moves from
the higher-pressure node to the lower-pressure node. The model
for the Weymouth equation is as follows:

flmn = Sgn(ﬂ-’fﬂ7 7Tn) . CnLn V |7T1%n - 77721|

(29)
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1, Tm = T
SEN (T, ) = {_1 Tom < Tn G0
A < < e, D)

Actually, there is negligible loss in the flow in a single pipeline
that is connected to the supply and load. This article, inspired by
dc power flow, defines a linear relation for flow and Generation
Shift Factor (GSFg,s) matrix to reflect the impact of nodal gas
supply and load on the pipeline flow [22].

To evaluate the solution methods introduced for the SR,
analysis and comparison of numerical results have been used
in this section. The test systems’ components are first presented.
Then, the ability to dispatch in NGFGUs and the availability of
the gas suppliers are evaluated using the ADRO. Also, SP and
ARO are applied to the model, and the results are compared with
ADRO. A linear structure expresses the mathematical model.
The CPLEX solver is used to solve the model, which is imple-
mented in GAMS as an MILP problem. Data entry and result
presentation are done in the MATLAB environment, which is
linked to GAMS by gdx.

III. COORDINATED NATURAL GAS AND ELECTRIC POWER
SYSTEM MODELING WITH ROBUST AND STOCHASTIC
SIMULATION

In this article, multistage classification is considered for the
load types to generate scenarios. Also, changes in the MGs
configuration are considered as a decision variable and a choice
for the operator. There are two main methods for dealing with
uncertain parameters. SP is a method that considers a large but
limited number of uncertain parameters as scenarios [23]. The
range of uncertain parameters is specified using sets or distribu-
tion bounds in RO [24]. A type of RO problem called Adaptive
Distributionally Robust Optimization (ADRO) allows the user
to make a decision before solving the optimization problem by
taking into account the ambiguity of the uncertain parameters in
an unknown range of the probability distribution function.

A. Tri-Level RO Model of Optimal SR Problem

When an upstream network failure occurs, the distribution
network is separated into multiple sections. These sections
can all be utilized as MGs since they can have storage and
distribute generating resources. Based on these capacities, each
subgrid needs to be able to restore the MG’s maximum load.
Here, this SR problem has a tri-level format for its objective
function; the upper layer can determine the optimal network
switching strategy until the fault is fixed. The restored loads are
maximized at the lower level based on the load demand values.
At the lower level, MGs with distributed power-generating
sources, EVs, micro-generation turbines, and flexible loads
address the optimum SR problem. Since there are two levels
in the lower-level problem, tri-level solution techniques must
be used. The upper level problem (UPPER) represents the
high-level decision-making process, while the lower level
monarch problem (LMP) focuses on optimizing the overall
objective function. The lower level subproblem (LSP) is
responsible for providing the inputs and constraints to the LMP,
ensuring that it accurately reflects the system’s behavior.

In the restoration process, a large number of (/1 variables are
added to the model because it involves optimal power dispatch
and network reconfiguration. The suggested tri-level resilient
optimization model corresponds to a large-scale MILP model.
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UPPER

Objective: Maximize SR by operational programming

| Given information | | Control variables

e Network configuration
o Location of RCSs
o Location of fault section

® RCSs dispatch

} The reconfiguration The optimal

suggestion

Lower level problem

LMP
Objective: Minimize SR in ambiguity distribution of sets

| Given information | | Control variables |

o Confidence level o Ambiguity of the

® Risk weight ncertain parameters
The problem The expected
conditions result of SR
LSP

Objective: Maximize SR in each scenario

| Given information | Control variables

e New network configuration
o Power balance i

e Demand response controllers
® Charge/discharge of EVs
o Participation of H, tank

Fig. 4. Problems at the upper and lower levels.

The tri-level problem-solving process for optimal SR is also
briefly shown in Fig. 4.

B. ADRO in SR Problem

In ADRO, each uncertain parameter is taken to follow an
unknown bounded distribution. In fact, it is not practical to
describe each parameter with a variable corresponding to the
robust set. The model is as follows [25], [26]:

max

E ~ X,Y,8.7 .
o e, /(xy,€9}

It is possible to violate the constraint because of the uncer-
tainty of the uncertain parameters. A chance constraint is a prob-
abilistic constraint that is physically involved in approximating
these constraints [27].

1) Upper-Level Objective Function: The position of the
fault, the controllable switches, the network architecture, and
the placement of each MG’s slack bus (generation unit) with
frequency control are among the problem’s upper-level inputs.
During the restoration time, the upper-level objective function
seeks the best SR program. The reconfiguration of the network
and establishing power balance inside the reconfigured network
are the constraints at this level. The constraints that are taken
into account when forming the configuration of each MG for
this purpose include the basic network structure, the location
of the fault, the position of the controllable switches, and the
buses connecting to the DG units with the ability to control the
frequency using graph theory. The configuration of the newly
created MGs updates the power balance constraint in each MG.

The formulation of the objective function and constraints at
different levels of the problem is explained in Section II. The
objective function will define the SR problem, while the con-
straints, such as general connectivity and radiality constraints
and power balance at every MG, will limit the possible solutions
to ensure they are feasible [28].

2) Lower-Level Objective Function: Lower-level optimiza-
tion is used to address the SR problem and its parameter ambigu-
ity caused by the stochastic nature of EVs and PHEVs, as well as

min
TeC)

(32)

max
xXEW
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Maximize SR:{SR;Vie 0}

General Connectivity and Radiality Constraints (Eqs:20-23)

H . Power Balance at Each Microgrid (Eq:2)
Sub-l ect to: l lParamclcrs extracted from LSP Constraints

e

o . . l
Minimize Z¢‘” LSP +B[C—liz¢mnw]
e o
,VneN,vte T,VoeQ

nm+LSPm—220 , VoeQ

Subject to:
Ny 20, VoeQ

LMP: o t l
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LG YLD L6 :
Urte Ve Yt e, op =

KBanV"'["m 4 }\'émGnYn,l,m)

LSP:)> VneN,VteT,voeQ

Non-anticipativity constraints (Eqs:13-19)
T - JPHEV constraints (Eqs:3-12)
SUbJCCt to: NGFGU constraints(Eqs:24-26)
GAS Network constraints (Eqs:27-28)

Fig. 5. Unified framework of the tri-level SR problem.

Macrogrid
Microgrid

NGFGU 1

S;

Fig. 6. Network configuration consisting of NGFGUs and parking lots.

the availability and dispatching of NGFGUs and the flexibility of
demand response. The optimum SR issue’s LMP takes the form
of a conditional value-at-risk (CVaR) risk management problem.
This approach allows for a more robust and efficient solution
to the SR problem by considering the uncertainties and risks
associated with various factors. By incorporating CVaR into
the optimization framework, decision-makers can make more
informed choices that prioritize reliability and cost-operational-
effectiveness in SR planning.

The optimization problem in this article can be presented in
a single format as Fig. 5.

The SR problem and its ambiguity in parameters due to the
stochastic nature of EVs and PHEVs, as well as the availability
and dispatching of NGFGUs, and the flexibility in demand
response are optimized at lower level. The LMP for the optimal
SR problem is formulated in the form of a risk management
problem, specifically CVaR.
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Gas system
L1 to NGFGU1 L5 to NGFGU2
O Supplierl

L2 () ©

L3 to NGFGU3 7) \
L4

Six-node natural gas system [13].

@4— Supplier2

Fig. 7.

The value of the objective function at the LSP level is specified
in the first section of the objective function in the LMP equation.
The second term is related to risk management applied to the
problem.

Maximization and minimization problems can be incorpo-
rated into the risk metric of CVaR when dealing with discrete
scenarios. CVaR is the expected profit value below the (1—a)-
quantile, where a€(0,1) is the scenario’s confidence level, in a
maximization problem, and the model maximizes the objective
function with lower risk.

The CVaR criterion is the best method for evaluating am-
biguity in sets, so it is used in this article even though it is
more computationally complex than other approaches such as
Bernstein and Wasserstein.

C. Adaptive RO in SR Problem

Often when uncertainty is realized, the inherent destructive
effect of uncertainty may be reduced. This issue is included
in the adaptive RO model. The problem of optimal SR in the
coordination of the gas and electricity networks with the adaptive
RO problem model has the following form:
min
ue@/

max
xXE

max
yeUx,u)

f(x,y,u). (33)

An ARO problem consists of three levels. In general, Y is
dependent on both x and u vectors.

D. Stochastic Programming in SR Problem

The problem of optimal SR in the coordination of the electric-
ity and gas networks with the two-stage stochastic programming
method has the following form [23], [29]:

17,1 1
max 7 = (=4},
where : zgl = max  f? (xl,xgl) (34)

le ca?(eh)

IV. COMPUTATIONAL MODELING OF SELF-HEALING GAS AND
POWER SYSTEMS

A. IEEE-13 Bus Power Network

The model described in Fig. 6 has been applied to the modified
IEEE-13bus (Civanlar) network’s island configuration [29]. In
the presence of EVs as storage systems, this network has three
NGFGUs with a nominal capacity of 80 kW. All three types of
loads (E, Q, and G) are considered by each bus; their respective
sizes are given in kW in [30]. Six tie-switches and ten lines
connect the thirteen buses. Graph theory reconfiguration of this
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network forms the matrix of fundamental loops in the same man-
ner as that described in [31]. Three matrices will be created by
matching the studied network with the branch-node model [19].

Uncontrollable factors include the quantity of electric cars in
the parking lot at the time of the incident, the state of charge of
the batteries, and the fuel level of the cars. Operating parameters
of EVs are presented in [27]. Buses 1, 5, and 10 have parking
lots nearby. Each brand has a limited quantity of electric cars;
there are three of each brand’s vehicles and 24 in the MGs. The
number, charge state, and fuel level of EVs are assumed to follow
random behavior.

B. Six-Node Gas Network

According to Fig. 7, the gas supply network consists of six
buses that are fed from two nodes. Loads are connected to the
network through three nodes. Gas loads connected to nodes 1, 2,
and 3, respectively, are the fuel sources of the NGFGUs in buses
1,5, and 10 in the power system network, in Fig. 6. The amount
of these loads is determined based on the hourly production of
NGFGUs. In addition, other gas consumers are also connected
to nodes 1 and 3 named L2 and L4. Natural gas testing data
adapted to this problem is presented in [32].

C. Basic Case Study

First of all, the network is considered to be unable to switch or
reconfigure. Furthermore, the impact of EV's has been ignored.
The NGFGU with continuous production (80, 80, 80, 80) kW
sources starts to restore the loads when the upstream network
is disconnected. This process lasts for 4 h until the upstream
grid is connected again. During this time, the NGFGU operates
in islanded mode to provide power to critical loads. In addition,
the restoration process involves carefully balancing the available
power sources with the demand to ensure a stable supply.

To evaluate the sensitivity of the problem to /3, this parameter
is gradually increased from O to 3, and the simulation is repeated.
The confidence level is assumed to be o = 0.9.

As [ increases from O to 3, four individual responses are
detected for the expected SR and CVaR. The locations of these
variables are shown on a cumulative distribution function (PDF).
The efficient curve for the problem can be created using PDFs of
four optimization problem results as the efficient points, so the
trend of variations in results for different (3 is shown in Fig. 8.

Details of the optimization results, including optimization re-
sults in 12 scenarios obtained from the scenario tree, and the ex-
pected value of the SR, as well as CVaR and value at risk (¢), are
presented in Table . In this table, the results for /5 ranging from 0
to 3 are calculated for sensitivity analysis and are presented. The
efficient Frontier’s curve displays the trend of the optimization
results’ standard deviation decreasing from 45% to 26% as (3
increases. The CVaR result increases with an increase in [3,
which is an important advantage of the risk management tool.

The worst scenario in each 3 analysis has the most robustness
across the solutions. Comparing the expected SR with CVaR
(or VaR) for 5 = {0, 1, 2, 3} reveals that employing the risk
management tool improves the robustness of the solutions.

The characteristics of each MG’s optimal SR schedule are
shown in Fig. 9, including the 4-h steps until fault clearance
for B = 3 and w = 4. The program outlines specific actions
to be taken in order to restore service efficiently within the
given time frame. It highlights the importance of quick response
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TABLE 1
RESULTS OF SR WITH VARIOUS SETA
=0 B=1 p=2 p=3

SR No SR No SR No SR No
ol 37886 | 0 | 3572.6 0 29343 | 0 | 27748 | 0
2 27971 | 0 | 2833.1 0 28053 | 0 | 27558 | 0
3 30361 | 0 | 3000.1 0 29723 | 0 | 28128 | 0
Y 24846 | 0 | 25565 | 2765 | 26953 | 110 | 27558 | 0
o5 3854 0 | 37173 0 3534.1 0 | 3396 | 0
w6 32646 | 0 | 32358 0 3219.1 0 | 33016 | 0
w7 40946 | 0 | 3993.8 0 36441 | 0 | 33966 | 0
©8 30056 | 0 | 30128 0 31071 | 0 | 32446 | 0
9 45293 | 0 | 45293 0 40742 | 0 | 3722 | 0
©10 39558 | 0 | 39558 0 37782 | 0 | 36462 | 0
oll 40298 | 0 | 4029.8 0 38522 | 0 | 36652 | 0
012 35858 | 0 | 3585.8 0 36302 | 0 | 36082 | 0

Exl’sesed 35355 3501.9 3353.9 3256.7

CVaR 2484.6 2602.6 2713.6 27555

3 2484.6 2833.1 28053 27555
17-18-19 (#1) 17-18-19 (#1) 17-18-19 (#1) | 17-18-19 (#1)
Lines 17-18-19 (#2) 17-18-19 (#2) 17-18-19 (#2) | 17-18-19 (#2)
opened | 17-18-19 (#3) 17-18-19 (#3) 17-18-19 (#3) | 17-18-19 (#3)
17-18-19 (#4) 17-18-19 (#4) 17-18-19 (#4) | 17-18-19 (#4)

and effective coordination among MG components to minimize
downtime and ensure a reliable power supply.

D. Supplementary Case Studies

In order to demonstrate how natural gas transmission con-

straints and MG operations affect the scheduling of SR in
coordinated electricity and natural gas networks, four cases are
provided.
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TABLE IT
RESULTS OF SR PROBLEM IN FOUR CASES
Case 1 Case 2 Case 3 Case 4
Decision s o o s

Under L;b»]ect.lve Lines opened UbJeCt.We Lines opened ObJeCt.We Lines opened ObJECl.We Lines opened

Uncertainty unction function function function
T2-T3-T4 (#1) T2-T3-T4 (#1) T2-T3-T4 (#1) T2-T3-T4 (#1)
ADRO 68316 TI1-T2-T3 (#2) 5984.1 T1-T2-T3 (#2) 7120.8 T1-T2-T6 (#2) 6445 T1-T2-T6 (#2)
. TI1-T2-T3 (#3) . T1-T2-T6 (#3) . T1-T2-T6 (#3) T1-T2-T6 (#3)
T1-T2-T3 (#4) T2-T3-T4 (#4) T1-T2-T6 (#4) T1-T2-T6 (#4)
T2-T3-T4 (#1) T2-T3-T4 (#1) T1-T2-T3 (#1) T1-T2-T3 (#1)
Adaptive T2-T3-T4 (#2) TI1-T2-T6 (#2) T1-T2-T6 (#2) T1-T2-T3 (#2)
RO 6367.1 TI-T2-T6 (#3) ST711 T2-T3-T4 (#3) 69708 TI-T2-T3 (#3) 6239.5 TI-T2-T6 (#3)
T2-T3-T4 (#4) TI-T2-T3 (#4) T1-T2-T6 (#4) T1-T2-T6 (#4)
TI1-T2-T3 (#1) T1-T2-T6 (#1) T2-T3-T4 (#1) T1-T2-T3 (#1)
Two-Stage T2-T3-T4 (#2) T2-T3-T4 (#2) T1-T2-T6 (#2) TI-T2-T6 (#2)
Pi‘;ﬂﬁ:}‘;g 84T rimaey [ 001 i) | 00 ey [ Y mimtew
T2-T3-T4 (#4) T2- T3-T4(#4) T1- T2-T6(#4) T1- T2-T3(#4)
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Fig. 9. Four-time step SR (kW) scheduling for 8 = 3 and w = 4.

1) Case 1: Equal dispatch of natural gas between NGFGUs
and deterministic injection of gas from supplier 1.

2) Case 2: Equal dispatch of natural gas between NGFGUs
and stochastic injection of gas from supplier 1.

3) Case 3: Dispatching of natural gas between NGFGUs and
deterministic injection of gas from supplier 1.

4) Case 4: Dispatching of natural gas between NGFGUs and
stochastic injection of gas from supplier 1.

The simulation results of SR and the structure of MGs during
the 4 h and four case studies are presented in Table II.

The tree diagram related to the availability of supplier 1 is
shown in Fig. 10. In this figure, the possibility of fault clearing
and connection to the upstream network is shown in 4 h with
blue color. It is assumed that the compressor is affected and
stopped during the fault. Thus, in the first hour, the probability
of fault clearing is 0.2, and the availability of supplier 1 is equal
to 0.2 x 100%, the probability of fault presence is 0.8, and the
availability with half capacity is equal to 0.8 x 50%. The total
availability in the first hour is obtained by (0.2 x 100) + (0.8 x
50) = 60%.

Incase 1, it shows that the result of ADRO is 4% more and 19%
less than the result of ARO and SP, respectively. Considering
the solution of the ARO, it is concluded that the solution of
the ADRO protects the optimal schedule of SR against 4% loss.
While the SR problem can gain 19% with the SP approach, it can

Availability of Supplier 1

100% 60% 75% 95% 100%

1l capacity

ul

(0.2x100)+(0.8%50)=60%

Half capacity

DB e — = —

1 0.2 0.3 0.4 0.1
Probability of the fault clearing

Fig. 10. Tree diagram related to the availability of supplier 1.

still suffer a large loss if it is implemented. Due to the reduction
of the availability of supplier 1 in case 2, it can be seen that
the objective function of ADRO is reduced by 14% compared
to case 1. This also happens 13% and 11% for ARO and SP,
comparison to case 1, respectively.

As shown in Table I, ADRO has increased by about 5%
compared to case 1 and by about 20% compared to case 2.
Also, the objective function has increased for ARO and SP
compared to case 1 and case 2. This shows the importance of
the dispatching capability in the gas supply network in order to
achieve the optimal response. By comparing the results, ADRO
in case 4 is 6% less and 8% more than case 1 and case 2,
respectively. Also, it is 10% less than the result of case 3. This
shows the importance of a reliable supply of natural gas for
NGFGUs. The production of NGFGUs and engine generators
embedded in PHEVs, as well as the power exchange of EVs’
battery in each of the formed MGs, and the amount of restored
loads in case 4 are presented in Fig. 11. Comparing the total
production in each MG with the SR shows that the power balance
constraint has been established.

In case 4, the operation detail in 4 h until clearing the fault
is presented in Fig. 12. This figure shows the production of
NGFGUs, power exchange of EVs (green), load restoration
(E.Q,G) in kilowatt, and switching program in each step.

By analyzing the results for ADRO, it is clear that in the
first hour, due to the low importance and weight coefficient of
loads, the restoration value is zero. It shows the importance of
dynamic programming instead of step-by-step solution to get
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Fig. 11.

Fig. 12.

(E.Q.G)].

Microgrids power balance in stage |

Microgrids power balance in stage 2

Microgrids power balance in stage 3

Microgrids power balance in stage 4

100 [ 0 Prcros [0 P [ Petcer) [N Lond
I~ = ~ 100 ~
100 5
Z s Z Z e
P g o [
£ £ £ £
E £ oo % 100 E |
5 50 5 5 5
H H g g 50
£ £ 00 £ 200 &
-100
MGl MG2 MG3 MG1 MG2 MG3 - MG1 MG2 MG3 - MGl MG2 MG3
Microgrids power balance in stage 1 Microgrids power balance in stage 2 Microgrids power balance in stage 3 Microgrids power balance in stage 4
100 1 2 0
= - ~ 100 _
g B B B
= =5 =z, =
3 Z 3 i
2 0 H 2 2 H
E 2 -100 2 1100 2 0
g 50 g g ] I
5 5 5 200
z Z -200 z z 50
& 100 & & w0 &
-150 - -400 -100
MGI MG2 MG3 MGl MG2 MG MGI MG2 MG3 MG1 MG2 MG
Microgrids power balance in stage 1 Microgrids power balance in stage 2 Microgrids power balance in stage 3 Microgrids power balance in stage 4
100 100
) H I s, g s,
=3 & & 0 =
5 ol 5 1 5
s I 2 100 5 100 s
2 g. £- N
g 0 |
o -200 o
2 100 § -200 § 2 =50
& & & 300 &
-150 -300 4 -10
MG1 MG2 MG3 MG1 MG2 MG3 MG1 MG2  MG3 MG1 MG2 MG3

Power exchange program in each SR model.

Adaptive Distributionally Robust

Adaptive Robust Optimization

Two-Stage Stochastic Programming

Optimization
NGFGU 1 NGFGU 2 NGFGU 3 NGFGU | NGFGU 2 NGFGU 3 NGFGU 1 NGFGU 2 NGFGU 3
(1243 kW) (14.1 kW) (77.89 kW) (10 kW) (10 kW) (77.89 KW) (10 kW) (10 KW)
0.00)
(7243 kW (10 kW), (77.89 kW),
(0.00) O BTN, ©, ©.00
0,0,0)
(0,0,0) 0,00) )
(0,0.0) 0,0.0)
tl tl <
NGFGU 1 NGFGU 2 NGFGU 3 NGFGU | NGFGU 2 NGFGU 3 NGFGU 1 NGFGU 2 NGFGU 3
(80 kW) (10 kW) (50.7 kW) (80 kW) (10 kW) (50.7 kW) (80 kW) (10 kW) (50.7 kW)
(30,0,0) (41,030)
(154.2 kW) (34.9 kW), (138.6 kW) 0. (138.6KW)
©9,000Q) 0,006 (58.6,030) D QO (58.6,0,30 D

(19.9,0,0)
@

(45,000 )

25,00 &
2
NGFGU | NGFGU2 NGFGU 3
(80 kW) (2478 kW) (80 kW)

(204.9 kW)
(100,0,30) O

D,
(524,0,0) (85.9.0.30)

(45.0,15) ()
(30,00) (40,0,0)
(34.9,0,0)
2505 )
3
NGFGU 1 NGFGU 2 NGFGU 3
(80 kW) (3245kW) (80 kW)

(0 kW)
0,030
@05 0,0.0) (0.030)
©0.10) (05.0,15)(2)
0,0,10
0.05) (5 g )o
t4

0,0,25) 0.030)

45015 Q)

ORT0) 40,0,15) (2

(250.5) (D (35,0,10)
1¥]
NGFGU I NGFGU2 NGFGU 3
(80 kW) (2478 kW) (80 kW)
(225 kW)
(100,030 P
©015@ (0.025) (95.030)
0.0.10) 400,15 @
(250.5) oo
0.5 ()
t3
NGFGU 1 NGFGU 2 NGFGU 3
(80 KW) (35 kW) (75.29 kW)

(10,0,10)

(0,0,20) (0,0.30)

©00) 0.30,15)

00,10

t4

00,15 @)
40,0,15) @
(35.0.10)
(2505 @)
]
NGFGU 1 NGFGU 2 NGFGU 3
(80 kW) (2478 kW) (80 kW)

(25,0.10)

(225 kW)
(E0man) D zzs kW)
95,0,30)
@815 @) (25.6,025) (95.0.30)
300.10) 0,0,15)
@509 (35,0,10)
3
NGFGU 1 NGFGU 2 NGFGU 3
(80 kW) (32.45 kW) (80 kW)

(0 kW) @R

0.030)

0015 )

(2005 ()

t4

Optimal operation and SR program in self-healing mode [NGFGU generation: Bold, PHEV power exchange: Green and restored load in each bus:



1222

TABLE III
SR IN EACH MG AND FOUR TIME STEPS IN THREE OPTIMIZATION METHODS
Decision Under ADRO Adaptive Two-Stage
Uncertaint Stochastic
¥ (CVaR) RO Programming
Z AxP

tl 0 0 0

t2 3864.5 3458.1 3433.1
MGl 03 3393.3 3613.5 3613

t4 1150 1150 1115

tl 0 0 0

t2 742.29 980 1010.3
MG2 t3 2389.3 2009.7 1987.4

t4 474.5 525 474.5

tl 0 0 0

t2 3795 3117.6 3142.6
MG3 t3 3334 3608 3608

t4 1175 1128 1175

more comprehensive results. In the first hour, all the production
of the NGFGU s is used to charge the batteries of EVs to be used
in the next hours.

By comparing the results of ADRO with ARO and SP in
Fig. 12, itis clear that there is a unique structure and SR program
during the fault period for each of the methods, and the decision
maker can select both planning decisions to ex-ante preventive
actions and operation decisions to ex-post correction actions,
based on his/her criteria.

The details of the optimization response and SR in the worst
scenario (w = 4) are presented in Table III. It shows that in all
three optimization methods, the amount of load restored in the
first hour is zero. Fig. 12 illustrates how the power generated
by the generators in the first hour is used to store energy for
load restoration in the next hours. Table III also demonstrates
that the optimization methods are effective in optimal load
restoration over time and comprehensive results. This highlights
the importance of strategic energy management in using a global
optimization instead of using a step-by-step optimal solution for
successful SR in emergency scenarios.

Furthermore, for each of the three MGs, Table III presents the
optimal response of the hourly product of load in the important
coefficient (> Ag X Pg + Ag X Pg + Ag X Pg).

Thus, according to the highlighted better responses, it is
proven that using each method, it is possible to obtain a superior
optimal response for a specific period. However, it is important
to choose a problem-solving method for the entire operational
period.

In Table IV, the optimization response for each scenario in
each of the problem-solving methods is presented. A detailed
analysis of the characteristics of the optimal points as well as
the final decision of each method is described in this table.
This analysis allows decision-makers for a comparison of the
effectiveness of each problem-solving method in addressing the
scenarios presented. By examining the optimization output of
each method, insights can be gained into which approach may
be most suitable for different types of optimization problems.

By analyzing the results, it is clear that the standard deviation
of the optimization results for different scenarios in ADRO is
equal to 27.5%. This value is the lowest standard deviation
compared to ARO and SP with 35.6% and 36.01%, respectively.
The lowest standard deviation at ADRO can be considered an im-
portant advantage because decision-makers can take decisions
with greater confidence when faced with different scenarios.
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TABLE IV
OPTIMIZATION RESULT FOR EACH SCENARIO IN EACH STATISTICAL
COMPARISON OF RESULTS

Decision Under ADRO Adaptive "l;«o-hStatgigc
Uncertainty (CVaR) RO P ochastic
rogramming
Cplex time (s) 0.33 0.27 0.5
ol 6756.6 7420.4 7564.6
2 6444.6 6555.9 6700.6
3 6605.6 6758.9 6869.1
w4 6447.1 6239.4 6347.6
5 8239.7 8544.2 8748.7
®6 8062.9 8016.7 8195.2
o7 8255.8 8892.2 9076.2
®8 7971.9 7816.7 7942.7
®9 8895.5 9743.5 9920.4
©l0 8743.5 9107.0 9253.9
oll 8781.5 9158.5 9339.9
ol2 8667.5 8672.5 8823.9
Objective function 6445 6239.5 8231.9
Deviation of the
. 27.5% 35.6% 36.01%
scenarios
A f th
verage of the 7822.7 8077.2 8231.9
scenarios
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solving.

Optimization solution box plots for three approaches to problem

Another advantage of ADRO compared to ARO is that, de-
spite adopting a robust approach to decision-making and despite
the lower standard deviation compared to ARO, it reaches better
optimal results than ARO with a value of 6445 compared to
6239.5. The high value of the objective function in SP, with
8231.9, and the highest standard deviation, with 36.01%, while
making decision-making challenging, also has a high risk of
losses and damage from exposure to undesirable scenarios.
Therefore, ADRO provides a more reliable and efficient solution
for decision-making in comparison to both ARO and SP. By
minimizing risk and maximizing optimal results, ADRO proves
to be a superior approach in complex scenarios.

Fig. 13 displays box plots of optimization problem solution
approaches for graphical analysis purposes. The box shows the
interquartile range (IQR), while the whiskers indicate the data
range defined as 1.5xIQR. The median is represented by the
horizontal line within each box, and the circle represents the
position of the objective function’s output.

In the tree optimization problems, the box plots show how
the center and spread of optimal scenario profits have been
distributed to inform decisions based on statistical analysis. A
robust response is provided by ADRO and ARO, as shown by
the position of the ideal response point on the lower whisker in
Fig. 13, where an increase in the distance between the whiskers
indicates an increase in the standard deviation.

It shows that the distribution of the optimal SR results for
ADRO, ARO, and SP has an increasing trend from 27.5% to
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36.01%, as shown in Table I'V. It should be noted that risk-averse
solutions are indicated by comparatively low profit standard
deviation values and high objective function values.

V. CONCLUSION

In this article, a coordinated model of natural gas network
and electric power system is proposed for SR problems in
self-healing mode. By employing advanced optimization tech-
niques such as ADRO and SP, the study not only maximizes SR
but also equips decision-makers with the tools to navigate the
complexities of uncertain operational parameters effectively. To
evaluate the results, ADRO is analyzed in several case studies.
In case 4, it is 6% less and 8% more than case 1 and case
2, respectively. Also, it is 10% less than the result of case 3.
This shows the importance of a reliable supply of natural gas
for NGFGUs. According to the results, it is clear that after the
reliable supply of natural gas, the dispatching capability of the
gas network is the second priority to reach the best optimal
response. Furthermore, by comparing the outcome of ADRO
with that of ARO and SP, the decision-maker can conclude the
following bullets.

1) All three optimization methods show zero load restoration
in the first hour, highlighting the importance of strategic
energy management.

2) The standard deviation of optimization results for different
scenarios in ADRO is 27.5%, the lowest compared to ARO
and SP.

3) ADRO provides a more reliable and efficient solution for
decision-making compared to both ARO and SP.

4) Box plots of optimization problem solution approaches
are displayed for graphical analysis.

5) The distribution of optimal scenario profits for ADRO,
ARO, and SP shows an increased trend from 27.5%
to 36.01%; so, risk-averse solutions are indicated by
comparatively low profit standard deviation values and
high objective function values.
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