Journal of Energy Storage 55 (2022) 105563

FI. SEVIER

Contents lists available at ScienceDirect

Ener
Storagg

ﬂ

Journal of Energy Storage

journal homepage: www.elsevier.com/locate/est

Research papers

L)

Check for

Storage-integrated virtual power plants for resiliency enhancement of smart s

distribution systems

Ghasem Piltan ?, Sasan Pirouzi”, Alireza Azarhooshang “, Ahmad Rezaee Jordehi &" Ali Paeizi ¢,

Mojtaba Ghadamyari *'

@ Department of Electrical Engineering, Malayer University, Malayer, Iran

b power System Group, Semirom Branch, Islamic Azad University, Semirom, Iran

¢ Department of Electrical and Electronics Engineering, Shahid Beheshti University, Tehran, Iran
4 Department of Electrical Engineering, Rasht Branch, Islamic Azad University, Rasht, Iran

¢ Department of Electrical Engineering, Shahid Beheshti University, Tehran, Iran

f Department of Computer Engineering, Lebanese French University, Kurdistan Region, Iraq

ARTICLE INFO

Keywords:

Storage systems

Electric vehicles

Adaptive robust optimization
Resiliency

Distribution network

Virtual power plant

ABSTRACT

With emergence of Flexible Renewable Virtual Power Plants (FRVPPs) as the aggregator of renewable energy
systems and flexibility resources such as demand response programs and electric vehicles (EVs) in the Smart
Distribution Network (SDN), FRVPPs are expected to have significant capability resiliency enhancement against
natural disasters. This paper focuses on the resilient operation of SDN influenced by FRVPPs for flood and
earthquake conditions and minimizes the total cost of the SDN against natural disasters. The constraints of the
problem include AC optimal power flow equations, resiliency constraints and FRVPP constraints. The un-
certainties of load, energy prices, renewable power generation, EVs demand, accessibility of SDN devices and
FRVPP components are modeled using a hybrid stochastic-robust strategy. A hybrid metaheuristic optimization
algorithm, based on combination of krill herd optimization and sine-cosine algorithm, has been used to solve the
proposed optimization model. The achieved results on the IEEE 69-bus SDN approve the significant capability of
FRVPP's in improving the resiliency of the SDN against flood and earthquake. Based on the simulation results, the
mentioned hybrid algorithm is capable of extracting the optimal point in lower computing time compared to non-
hybrid algorithms. Its standard deviation in the final response is very low, around 0.93 %, which means that the
above-mentioned solver extracts an almost unique solution. In addition, the proposed design with energy
management of FRVPPs has been able to improve resilience by about 95 % compared to power flow studies. This
number is about 33 % and 42 % to improve the state of energy loss and voltage profile, respectively. Of course,
these characteristics obtained for FRVPP are the result of the optimal performance of mobile energy storage (EVs)
along with the demand response program.

1. Introduction

1.1. Motivation

also refers to the low flexibility [7]. A general definition of flexibility is
“modifying the generation injection and/or consumption paths in a reaction
to the external price or activation signal to procure a service in the electrical
system” [8]. To improve this situation, it is necessary to utilize flexibility
resources alongside RESs [9]. Since EVs and demand response programs

Renewable energy sources (RESs) are promising solutions to power
systems [1], particularly for distribution systems, to provide clean en-
ergy [2]. Because RESs are a source of uncertainty [3], it is expected that
the results of day-ahead and real-time operations differ [4] because of a
prediction error in the RES output energy [5]. From the electricity
market point of view, this will pose costs for the network during day-
ahead and real-time operations [6]. From a technical perspective, it

* Corresponding author.

(DRPs) are owned by energy consumers [10], i.e., EVs and DRPs are
distributed at consumption points, and their time constants are low,
these elements are desirable sources of flexibility [11]. Moreover, the
presence of sources and active loads (ALs), i.e., EVs and DRPs, dispersed
across the distribution system reduces the rate of power outages during
faults in this system, such as the outage of distribution lines due to floods
or earthquakes [12]. The reason is that in these conditions, local sources
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Nomenclature s Uncertainty variable related to charger capacity of EVs in
) FRVPP (p.u.)

{ndlces and sets v, ¢ Voltage magnitude (p.u.) and phase angle (rad)

J Bus index x A binary variable related to charging and discharging

n, v, t, s Indices of bus, FRVPP, hour, and scenario operation modes of EVs in FRVPP

ref Slack bus e Uncertainty variable related to energy price ($/MWh)

Apn, Aypp, A1, As Sets of buses, FRVPPs, hours, and scenarios
) Constants

Variables A B Incidence matrix of buses and FRVPP, and incidence

Cost The total expected costs of operation and resiliency ($) matrix of buses and distribution lines

CRY, DR* Uncertainty variable related to charge and discharge rates
of EVs placed in FRVPPs (p.u.)

EENS Expected energy not-supplied (p.u.)

E“AT™, EP Uncertainty variable for arrival and departure energies
of EVs placed in FRVPPs (p.u.)

PPIS, pCH QY Active power of battery charging and discharging of
EVs and reactive power of charger of EVs (p.u.)

PPL QPL  Active and reactive power flowing through the distribution

line (p.u.)

PPR Active power of DRP (p.u.)

PP, @” Active and reactive power of the distribution substation (p.
u.)

pNs Load not-supplied (p.u.)

P, @’V Active and reactive power of the photovoltaics (PVs) (p.u.)

PY, @"  Uncertainty variable related to active and reactive load (p.
u.)

SUPV =uW . . . .

PP Uncertainty variable related to active power generation by
PVs and wind turbines (WTs) in p.u.

PV, QY  Active and reactive power of FRVPP (p.u.)

P", Q" Active and reactive power of WTs (p.u.)

CR, DR Charge and discharge rates of EVs (p.u.)

EA™, EP®  Arrival and departure energies of EVs (p.u.)

gb Conductance and susceptance of distribution line (p.u.)
Pt qQt Active and reactive load (p.u.)

P p"

§D LSDS The size of distribution line and substation (p.u.)
§EV Size of EV charger (p.u.)
Vg .
,S Size of PVs and WTs (p.u.)
uPl uPS bYWV, uBY Availability of distribution line and substation,
PVs, WTs, and EVs parking lot

Maximum active power generation by PVs and WTs
concerning weather conditions (p.u.)

v,V Minimum and maximum voltage magnitude (p.u.)
VOLL Value of the lost load ($/MWh)
Vies The voltage magnitude of the slack bus

The participation rate of customers in the DRP

#P’, n®® Charge and discharge efficiency of EVs battery
y) Energy price ($/MWh)
.4 Probability of occurrence of a scenario

can supply part of the network consumers. In other words, it is predicted
that the distribution of sources and ALs at the network level may
dramatically impact the resiliency enhancement of the distribution
system against natural disasters [63]. However, it should be noted that
all the mentioned advantages require proper management of these ele-
ments in the network, which is one of the requirements for the man-
agement of these elements by an aggregator such as the virtual power
plants (VPPs) [13]. It is further expected that by suitably coordinating
VPPs and distribution system operators (DSOs) a suitable energy man-
agement system is provided [14], besides improving the network
operation indices [15], the resiliency of the network during natural di-
sasters can be enhanced.

1.2. Literature review

The literature thoroughly discusses the optimal operation of VPPs. In
[16], the authors analyze the participation of flexible VPPs including
photovoltaics (PV), hydro sources, and pumped storage in the energy
market. Thus, it presents a two-stage problem, to evaluates the partici-
pation of VPPs in the market, and consider the power correction model
based on the limitations of irradiation, regional water status, and envi-
ronmental constraints for VPPs. Referring to the results obtained in [16],
the VPP can store energy, supply clean energy, and provide system
flexibility. In [17], the VPP consists of traditional generation units, en-
ergy storage, responsive loads, and wind systems, where the first
element is considered as the flexibility source of the wind system. Proper
management of these sources in the VPP helps to participation of these
sources in the ancillary services market, such as reserve regulation,
besides participation in the energy market. This is commensurate with
the promotion of its financial benefit in the electricity market [17].
Active distribution network operation influenced by VPPs is investigated
in [18], which presents a bilevel problem for this purpose. The upper-

level problem considers active distribution network operation to mini-
mizes the operating costs, while the lower-level problem deals with the
VPP operation to maximize its profit and thus provide ancillary services.
As per the results [18], VPP is a suitable solution to enhance economic
and operation indices including voltage profile and energy loss in the
distribution network by controlling its active and reactive power. The
same scheme has been implemented in [19], except that it considers the
presence of thermal energy consumers in addition to electrical energy
consumers in the VPP. Then, according to [19], VPPs enhance the
network operation indices by coordinating their operator, various
sources, and storage devices. In [20], the authors adopt a two-layer
energy management system to manage smart distribution network
(SDN) influenced by VPPs. In the first layer, VPP operator is coordinated
with sources and ALs in the VPP, while the coordination of the VPP
operator with the DSO is dealt with in the second layer. It then presents a
bilevel optimization problem. The upper-level problem models the VPP
participation in the energy market, while the SDN operation is presented
in the lower-level problem. The same results as [18,19] are obtained in
[20]. In [21], proper management of the VPP in an unbalanced distri-
bution network reduces the unbalance of the system. The capability of
VPPs in regulating the distribution network voltage is investigated in
[22], where it is observed that VPPs are capable of controlling active and
reactive power of their sources as well as ALs, thus play an effective role
in voltage regulation of the distribution system.

A VPP energy management system based on blockchain is proposed
in [23] so that energy activities between residential customers is facil-
itated using renewable energy sources, storage devices, and flexible
demand in the VPP. More importantly, end-users are able to successfully
send and receive energy so that they economically benefit while using
services, including feed-in energy, energy reserve, and demand
response, with the help of the VPP. A decentralized optimization algo-
rithm has also been introduced to respect independency and privacy of
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end-users by optimizing their energy scheduling, trade, and services.
The authors also design a sample blockchain network to manage energy
in the VPP and apply the suggested algorithm to this network. Another
interesting design is proposed in [24], in which a VPP operating based
on renewable energy sources is adopted. The VPP, in this study, operates
together with probabilistic wind and solar units, non-renewable
distributed generation (DG) units, and dispatchable loads. To enhance
efficiency in terms of economic, the VPP's operation scheduling is
optimized in a market. In another study, the authors [25] suggest an
optimal bidding strategy for VPPs that are involved in energy markets.
Ref. [26] categorize renewable power, electricity price in the market,
and the demand level as the basic uncertain parameters. According to
this, the required formulations are structured while presenting the
optimization expressions including objective functions and constraints
with the ultimate aim of improving the performance of VPPs subject to
some uncertain factors.

As observed in [16-22], VPPs suitably manage their sources active
and reactive power, while ALs can improve the technical characteristics
of the network such as operation, security, and reliability. Nonetheless,
most research studies investigate improving performance indicators
including voltage profile and energy loss by VPPs. Yet, since VPPs are
distributed across the network, they can be considered as local sources
in the power system. Consequently, it is possible that VPPs can reduce
the rate of blackouts or enhance network resiliency in the occurrence of
N — k contingency caused by natural disasters. However, rarely has this
been focused on in the literature. In general, to enhance the resiliency of
the distribution network, the literature proposes the establishment of
hardening sources and equipment in the network. As in [27], the con-
struction of hardening distribution lines, tie lines, and synchronous
distributed generations (SDGs) as well as the use of a system reconfi-
guration plan in the distribution network is presented for resiliency
enhancement. This plan is also presented in [28], except that it provides
a robust model for the said plan that can achieve the mentioned plan-
ning in the worst-case scenario resulting from uncertainties of energy
price and loads. Moreover, to eliminate the construction cost of sources
and equipment to improve system resiliency, only the reconfiguration
potential of the system to enhance system resiliency against natural
disasters has been investigated in [29]. Reconfiguration can reduce the
rate of blackouts in critical situations by taking the right path between
the distribution substation and customers. In [30], the effects of power
electronics and energy storage devices are considered in enhancing
network resiliency. In the end, Table 1 lists a summary of the literature.

Table 1
A summary of the literature.
Ref. Investigate VPP impactson  Obtain flexible VPP using customer  Solver
SDN resiliency devices, i.e. DRP and EVs

[16] No No NHEA
[17] No No MA
[18] No No LAM
[19] No No LAM
[20] No Yes LAM
[21] No No MA
[22] No No MA
[23] No No MA
[24] No No MA
[25] No No MA
[26] No No AM
[27] No No LAM
[28] No No LAM
[29] No No MA
[30] No No MA
PM Yes Yes HMA

PM: Proposed model, MA: Math metical approach, LAM: Linear approximation
method, NHEA: Non-hybrid hybrid algorithm, HMA: Hybrid meta-heuristic
algorithm.

Journal of Energy Storage 55 (2022) 105563
1.3. Research gaps

According to the above description of the literature (summarized in
Table 1), the study on resiliency enhancement of distribution networks
influenced by VPPs lack some considerations as given below:

e Most research utilizes hardening equipment such as distribution lines
and substations and SDGs to improve the resiliency of the distribu-
tion network against natural disasters. Note, however, that due to the
low pollution levels of RESs and EVs, the presence of these elements
in the network is expected to grow significantly in the near future.
Also, their coordination in the framework of VPP can bring technical
advantages such as achieving high flexibility and a favorable econ-
omy for the mentioned elements [20]. Additionally, due to the dis-
tribution of these VPPs at the distribution network level, it is
predicted that they will reduce the frequency of consumer in-
terruptions in the event of natural disasters. In other words, VPP can
help improve distribution network resiliency. Nevertheless, this has
rarely been examined in the literature. Note, however, that since
VPPs are owned by energy consumers, energy customers can also
increase their resiliency against natural disasters, and it is also ex-
pected that the cost of network blackout is low in these conditions.

e Most research works exploit DRP and static energy storage devices

such as batteries due to low time constants to improve the flexibility

of the power system in the presence of RESs [16-19]. However, using

a static storage device requires installation cost. But, EVs can also be

used as a source of flexibility because they include battery. Since EVs

and DRPs are owned by energy consumers and are distributed
throughout the network, it is expected that no additional costs will be
incurred to improve network flexibility under these conditions. This

case has been investigated in few studies such as [20].

The resiliency problem of distribution system and operation of VPPs

is nonlinear programming (NLP) or mixed-integer NLP (MINLP). In

some researches such as [27,28] to solve the mentioned problem,
first, a linear approximation model is obtained for it and then the
optimal solution is extracted using conventional solvers such as

Simplex. Note that this case has a significant computational error

compared to the original model of the problem so that the use of

linearized AC power flow has a computational error above 10 % for

power losses. Furthermore, some other researches such as [16,29,30]

utilize non-hybrid evolutionary algorithms (NHEA) [16] and con-

ventional mathematical solutions for NLP and MINLP problems

[29,30] so that the optimal solution is obtained. However, because

solvers lack unique response conditions, their response has low

reliability.

1.4. Contributions

According to the above mentioned research gaps, the current study
focuses on the operation of the SDN with FRVPPs constrained by
network resiliency against flood and earthquake, as shown in Fig. 1. The
FRVPP in the proposed design consists of RESs and flexibility sources
such as EVs and DRPs. The suggested design attempts to minimizes the
operating and shutting down costs associated with the SDN during
floods and earthquakes. In this case, the shutdown cost is a function of
expected energy not-supplied (EENS) due to natural disasters, which
together with EENS are considered as resiliency indices in this paper.
Constraints of the problem include AC power flow (AC-PF) equations,
network operation and resiliency constraints, and the FRVPP operation
model. It is worth noting that in this scheme, the load, energy price,
RESs generation power, EVs energy demand, and availability of SDN
equipment and FRVPP elements are uncertainties. Following this, the
hybrid stochastic-robust programming (HSRP) is incorporated so that
these uncertainties are appropriately modeled. The hybrid meta-
heuristic algorithm (HMA)-based adaptive robust optimization ARO, i.
e. HMA-based ARO, helps to accurately model the first four uncertainty
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Fig. 1. The framework of the suggested design.

parameters. To provide a model for the last uncertainty, stochastic
programming is adopted so that the Monte Carlo simulation (MCS)
generates scenarios. Next, the simultaneous backward method (SBM) as
a scenario reduction technique selects highly probable scenarios with
short distance from each other. Since the exact number of resiliency
indices is available in the case of analysis of several availability condi-
tions of network equipment and FRVPP elements, stochastic program-
ming was used for the last uncertainty. Robust modeling gives models of
other uncertainty parameters and improves the solution time, and it will
evaluate the FRVPP capability to enhance network resiliency in the
worst-case scenario. The HMA based on the combination of krill herd
optimization (KHO) and sine-cosine algorithm (SCA) is adopted to solve
this problem to achieve the optimal solution and cover the third research
gap. As this solver updates decision variables within different processes,
it is predicted that the dispersion of the final response is low, which is
corresponding to the unique response conditions. Finally, the contri-
butions and objectives of the proposed design include:

e Resilient operation of an SDN with FRVPPs distributed throughout
the network;

e Evaluation of the capability of FRVPPs in providing resiliency to the
SDN during natural disasters, even for the worst-case scenario;

e Accurate calculation of resiliency indices by considering stochastic
modeling of uncertainties of network equipment and FRVPP ele-
ments availability;

e Using HMA algorithm based on the combination of KHO and SCA to
find the optimal solution with unique approximate response condi-
tions; and

e Utilizing the HMA-based ARO technique for robust modeling of NLP
and MINLP problems.

1.5. Paper origination

The layout of the paper is given here. Section 2 formulates the pro-
posed problem is presented, then Section 3 describes the HSRP model.
Section 4 addresses the HMA-based solution process. Results are pre-
sented in Section 5, and a summary of conclusions are reported in Sec-
tion 6.

2. Problem formulation

The problem of an SDN with FRVPPs, resilient against flood and

earthquake, is formulate in this section. This scheme attempts to mini-
mize the total expected operating and shutdown costs to assess the
operation state and optimal resiliency against the mentioned natural
disasters. The constraints include AC optimal power flow (AC-OPF)
equations, the network resiliency limit, and the operation model of
FRVPP with RESs and FSs. Therefore, the model of the problem in the
mentioned scheme is described as follows.

A) Objective functions: The objective function, Eq. (1), of the proposed
scheme consists of two terms. The first term minimizes the expected cost
of SDN energy purchase from the upstream network [31]. The second
term minimizes the expected cost of system outage in the case of floods
or earthquakes, which is considered in this article, as [27,28], as an
index to evaluate the resiliency status of the SDN. This cost is calculated
by multiplying the EENS and the value of lost load (VOLL). The objective
function is commensurate with social welfare goals because, in the event
of natural disasters, energy customers tend to minimize their interrup-
tion duration. Besides, they always seek to keep their energy costs to a
minimum, whether or not natural disasters occur.

EENS

—_—
+VOLL. >,

. L DS NS
min Cost = E ﬂ.\ﬂz\P,‘f“ Pnts &)
t€AT neAy
sEAg 1%&1
SEAg

B) SDN constraints: Network constraints in the proposed problem
include AC-PF equations, (2)-(7) [8], network operation constraints (8)-
(10) [31], and system resiliency (11) [27]. The AC-PF constraints show
active-reactive power balance at the network terminals, respectively, (2)
and (3), the active and reactive power on distribution lines, (4) and (5),
and the slack bus voltage angle and magnitude, (6) and (7), (8). Also,
SDN operation constraints, such as (8)-(10), include constraints on the
size of distribution line and substation and bus voltage range limits,
respectively [31]. The equations assume that a distribution substation
placed on the slack bus connects the SDN to the upstream network.
Hence, for the slack bus, we have non-zero PPS and QP5, while they are
zero for the rest of buses [58]. Besides, in (10), the upper limit of the
voltage range is used to prevent insulation damage to the equipment
caused by overvoltage. Moreover, its low limit is to prevent consumers
from interruption resulting from high voltage drop (8) [68]. Finally, the
SDN resiliency limit is presented in (11), which indicates the switched-
off load limit of individual buses [27].
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for that time [31]. Also, the EA™ (EP?) at any given time equals the sum
of the arrival energy (energy required for travel) of the newly plugged-in
(plugged-out) EVs to (from) the network at that period [60]. The arrival
energy of an EV is calculated by multiplying its battery capacity (BC)
and the state of charge (SOC), while energy required for travel is equal to
BG, i.e., the full charge status is considered [31]. Additionally, the bi-
nary variable x represents the state of charge or discharge performance

—ViasVias {g,,JCOS (¢n,1.x - ¢_/‘.1,s) + b't,/'Sin (¢n./,x - ¢_/’,1,s) }u}'?;:.\ vn,j,t,s @

0P = = by (V)" + VirsVins {bascos (s = brs) = 8uisin (B — b)) Yulky ¥n,jit,s (5)

¢, =0 Vn = Slackbus, 1, s ®)

Viis = Vi Vn = Slackbus, ¢, s @
2

(PS‘/Lts> +< nj!S) <Sf,/ Vn,j,t,s 8

(P’;’f\) + (Q,,,\) <5"°uPS n = Slackbus, 1, s ©

V <V <V Vnyt,s 10)

0<PY <P Vnits an

C) FRVPP constraints: The FRVPP equations in the presence of RESs
and flexibility sources (FSs), including DRP and EV parking lot, are
expressed in (12)-(23). Constraints (12) and (13) describe active and
reactive power balance in this system. In (14) and (15), the active power
generated by photovoltaics (PVs) and wind turbines (WTs) is modeled.
Then, the limit of apparent power flowing through these RESs is
formulated in constraints (16) and (17) [57]. It is noteworthy that a DC/
AC inverter connects PVs to the network [32]. WTs also have an asyn-
chronous generator and an AC/AC converter connects WTs to the grid
[32]. Therefore, by adopting a suitable structure for the mentioned
converters (e.g. selecting the IGBT bridge for the converters) and the
asynchronous generator, the converters will be capable of controlling
reactive power [32]. Therefore, constraints (16) and (17) also consider
the reactive power control capability of the RESs. Furthermore, con-
straints (18) and (19) express the operating model of the incentive-based
DRP (IDRP) [20]. In this type of DRP, because energy cost is minimized
in the objective function [66,67], customers reduce their energy con-
sumption within peak period when energy price is high [61]. Then,
during off-peak interval corresponding with low energy prices, cus-
tomers are supplied with their reduced energy consumption during off-
peak hours [62]. Hence, constraint (18) represents the limitation of DRP
active power control, and constraint (19) ensures that customers
participating in the IDRP reduce their consumed energy within inex-
pensive energy price period [20]. Finally, the constraints on the EVs
parking lot are presented in (20)-(23) [31], which introduce the limits
of charge and discharge rates of EVs, (20) and (21) [70], energy storage
in their batteries, (22), and the charger capacity of EVs, (23) [69].

Parameter CR (DR / §°') at time ¢ equals the overall charge rate
(discharge rate/charger capacity) of the EVs connected to the network

of EVs in the parking lot, so that x = 1 indicates the charging status,
otherwise, it refers to the discharging status of EVs.

Pl =PIy Pl o+ (PP =P ) 4 POE = PL Wots a2
vas = QUi T QU + O — QL Wit a3
P =Pl ot a4
vanip\m “:V\ Vv, t, s (15)
2
(Pr) + (o) <sl'ut wvts 16)
(Pr.) + () <sVull, wots 17)
1P SPUCS TP, Wit a8
NP =0 Wvs 19)
teAT
0 <P < CRysxy Yit,s (20)
0 < PtD{Sy < DR\ !s(l 7x1’.l) VV,I,S (21)
1
(7, — 2 a4 2( cip fﬁ‘fﬁp(){i) >0 Vot 22)
V(P =P Y s (0) < St e 23

The model described by (1)-(23), the parameters WP PSPV uY,

and u*" represent the availability of distribution lines and substations,
PV, WT, and EV parking lots in the case of floods and earthquakes. Thus,
if uis equal to one for each of the mentioned elements, then that element
is connected to the network in the mentioned conditions, otherwise, it is
disconnected from the network.

3. Uncertainties modeling by the HSRP

The uncertainties associated with the problem, (1)-(23), include
active and reactive load, P* and Q%, the maximum active power gener-

ation by WTs and PVs, p" and P’ V, energy price, 1, charge and discharge
rates of EVs, CR and DR, arrival energy and departure energy of EVs, EA™
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and EP?, the charging capacity of EVs, 5% and the availability of
network equipment and the FRVPP elements, uPt uDS, PV, u", and /Y
are uncertainties. Since the number of uncertainty parameters is high, it
is essential to extract many scenarios to achieve a guaranteed solution
using stochastic and probabilistic programming [64,65], in which case
problem-solving will be time-consuming. Therefore, the HSRP is incor-
porated in this study to model the uncertainties mentioned in the pro-
posed scheme. In this design, the EENS index assesses the network
resiliency. The exact value of this index based on [28] is available
provided that different scenarios of equipment availability, such as uF,
uPS, WPV, ", and uFY, are taken into account. Therefore, stochastic
modeling for these uncertainties is considered. Other uncertainties will
also be based on robust modeling. This modeling requires a scenario
known as the “worst-case scenario” [33]. This scenario also has some
uncertainties that create the worst conditions for the problem, i.e.,
reduce the solution space of the problem. HSRP is therefore a convenient
method for modeling uncertainties and has a lower computational time
than stochastic and probabilistic programming [8]. Moreover, FRVPP
will be a source of uncertainty due to the uncertainty in the behavior of
RESs and EVs. It is also envisaged to be a good source to increase the
resiliency of the distribution network. Hence, robust modeling of its
uncertainties achieves the robust capability of the FRVPP to achieve a
flexible network. In other words, in the event of a flood or earthquake,
the answer to the question “Is the FRVPP able to improve SDN resiliency in
the worst-case scenario?” is evaluated.

3.1. Stochastic programming

In the stochastic programming for uncertainties of availability of
network equipment and FRVPP elements, the MCS first generates so
many scenarios [59]. In each scenario, Bernoulli's probability distribu-
tion function (PDF) was adopted to find the probability values of pa-
rameters u’F, uDS, PV, u%, and «FY [27]. For instance, the probability of
availability of WT (") in a scenario will be proportional to m‘,’f’ s=Q0—
u“f,/ S)FOR‘YV a- FOR“,'V )2° [27]. 7° indicates the probability of occurrence
of a scenario in which no equipment or element is disconnected from the
network and it can be calculated from [24].

#'=(1-For?) T (1-FoR2) T] (1-FOR™)(1-FORY) (1-FOR™)

(nj)eAn vEAvPP

(24)

In this equation, FOR represents the forced outage rate (FOR) of
network devices and FRVPP elements during floods and earthquakes.
Note that, in the proposed scheme, the resistance of network elements
against natural disasters is considered as an input parameter. This
parameter is called Forced Outage Rate (FOR) for elements. If the FOR is
low for an element, it means that element has low resilience against
natural disasters. Therefore, the probability of the outage of the given
element from the network is high. So, in the proposed scheme, for
different natural disasters, there are different FORs for network equip-
ment and FRVPP. In the following, the probability of outage of an
element is based on the Bernoulli distribution, which is calculated based
on Eq. (24). Furthermore, the occurrence probability for each scenario
can be found by multiplying the probabilities of uPr, uDS, PV, u", and
uE”. The SBM is then employed to decrease the number of scenarios by
selecting a specific number of scenarios generated by the MCS that are
close to each other and have a high occurrence probability. For mor
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information about this method, the eager reader can refer to [34].

3.2. Robust programming

The current study employs the ARO to model the uncertainties of PL,

qQ, ﬂ,l_JW,}_’P V, CR, DR, EA", EP®, and 5*¥_ Since in this method only one
scenario is needed for the mentioned parameters [33], the index s is
removed from these uncertainty parameters. Thereby, the matrix of
uncertainty parameters required by ARO () is defined as [25]. Ac-
cording to this equation, the number of rows is equal to the number of
operating hours (n7), and the number of its columns (n¢) is equal to n¢ =
2ng + 9ny + 1, where ng is network buses number, and ny denote
FRVPPs number. True value for the mentioned uncertainties in ARO is
variable, which is known as the uncertainty variable (u). Therefore, for
the matrix 4, the matrix of uncertainty variables is presented as [26].
Then, based on [33], there is a need to define the uncertainties set for the
ARO technique for these uncertainties, which is expressed for the t-th
row of the matrix u as [27].

@= [2,P, 0, P OL PP, CR, DR, EL EDYS, | 25)
u=[2p, 0P, 0P Pl CRY DR B B, | (26)

1 O |uip — Uy -
A =< u €R: o Z% <A, Yu, € | — Uig, Wig + iy vt
C it

27)

In (27), U has the predicted uncertainty value and u denotes the
uncertainty deviation. A is the uncertainty budget within [0 1]. A zero
indicates the deterministic state of uncertainty u, but if it is 1, it indicates
that the state of all the elements of the matrix u is indeterministic (33).

Moreover, the term |U;, — U;,, U;, + U;,| represents the amplitude of

change of an uncertainty matrix element. Finally, the set of uncertainties
will be equal to unions of Afas given in (28).
A= UA} (28)
1EAT

In the ARO technique, the worst-case scenario and the corresponding
optimal point are determined at the same time [33]. In this technique,
the objective function associated with the worst-case scenario has the
worst value compared to other scenarios. For instance, should the
objective function of the main problem to minimized, a higher value is
obtained for the objective function in the worst-case scenario compared
to other scenarios. To present the mathematical model of this topic, the
term max is used in the uncertainty set in the objective function of the
main problem, so that correct value of uncertainty variable (u) is
determined. Hence, in this case, the variable u replaces the uncertainty
parameter (u). Also, the constraints of the robust problem based on ARO
will be the same as the constraints of the main problem and (28) [33].
Therefore, for the problem (1)-(23), the ARO-based robust modeling is
expressed as follows:

minymax,enn Cost = E AP+ VOLL. E mPY 29
t€AT nehy
seAg teAT
seAs
Subject to

Constraints (2) — (23) with replacing uncertainty parameters of (25) with uncertainty variables of matrix u and removing the index s (30)
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Eq.(28) 381

In problem (29)-(31), the variable y represents the vector of the
variables of the problem (1)-(23) including the active and reactive
power of different elements, the binary variable x, and the voltage
magnitude and angle of the SDN buses. Term of min in (29) uses to
obtain optimal value of y based on the original problem, (1)-(23), and
term max in (25) achieves values of uncertainty parameters related to
the worst-case scenario. Robust model constraints, (30), are same with
Egs. (2)-(23), but the variable u replaces to the parameter u (33).
Constraint (31) is expressed limit of variable u (33). According to the
problem (1)-(23), the binary variable x is independent of uncertainty
and is known as the “wait and see” variable. Other variables of this
problem depend on uncertainty, which is referred to as “here and now”.
Also, according to the problem (29)-(31), the variable u is independent
of the uncertainty of availability of network equipment and FRVPP el-
ements. Since the index s is removed from the variable u in problem
(29)-(31), its independence from the uncertainty of the availability of
SDN and FRVPP elements is observed. Yet, this does not observe the
independence of the variable x from uncertainties. To solve this chal-

lenge, the term min, > X, is added as (32) to the objective function

teAT
veAypp

of the robust problem.

. . S S
MiNye(o,1} g Xyt + minymaxyenr E ”SATPZ/,IJ‘FVOLL' E ﬂSP{zv.r,.x
teAr teAT neAy
veAypp SEA reg//\\}
5 S
(32)

In (32), the value of x is determined according to the objective

functionmin, . x,,and theset {0, 1}, thereby its independence from

teAT
vEAypp

uncertainties is observed. It should also be noted that according to the
problem (1)-(23), the value of x is so determined that SDN shutdown
cost plus operation costs is minimum. Since x = 1 indicates the state of
charge of EVs and as EVs receive power from the network in this oper-
ating mode, the number of operating hours of EVs in the charging mode
should be minimized to minimize the costs. This can be extracted in line

with selecting min, Y  x,.. In other words, the first part of the

teAT
VEAVPP

objective function (32) is in line with the objective function (1).
4., HMA-based solution
4.1. Motivation to HMA using

The objective function (32) subject to constraints (30)-(31) is an
MINLP problem. If one aims to solve the problem by using mathematical
solvers, the dual model of the second part of (32) should be extracted
until the min-max term becomes a max or min term. However, since
finding the dual model of an MINLP problem requires observing duality
gap and complementarity (equilibrium) constraints, the original
formulation is difficult to obtain and will also complicate the solution
process (35). To this end, in most researches such as (8), (33), a linear
approximation formulation is first obtained for robust modeling of an
optimization problem. However, this technique is associated with
computational errors, and computational error for power losses in linear
AC-OPF problem is higher than 10 % compared to that of the nonlinear
model in the distribution network (8). Therefore, the solution obtained
from this method has a small reliability coefficient. Another solution is
to use evolutionary algorithms (EAs). In this method, a type of EA is
generally exploited that can obtain a more optimal point. However, in
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NHEAs, dispersion of the final response has a significant value, which
makes these algorithms lack unique response conditions. HMA can be
used to address this issue. In this technique, decision variables are
updated in several different processes, so it is expected that HMA can
achieve a unique approximate response. To prove this, one can refer to
the use of the mutation process in the genetic algorithm (GA) [36]. In
this algorithm, using the mutation process, decision variables are
updated in two processes (GA process and mutation). Finally, in this
algorithm, a more optimal point with lower dispersion in the final
response is obtained compared to that of the non-mutant GA [36]. Thus,
the HMA based on a hybrid KHO [37]-SCA [38] algorithm is utilized in
the present paper.

4.2. Solution method

In the proposed problem, the decision variables include PPS, PH,
PPR PYS Q™. QY, Q% x, and the uncertainty variable u. Therefore, EA
and/or the mentioned algorithm, i.e., SCA + KHO, updates these vari-

ables based on constraints (21), (20), (18), (11), intervals [0, EPVuPV],

[o, gwuw], [o, 5 VuEV], sets {0, 1} and A", respectively. Then, the
dependent variables of PPS pY, pPL pPV p¥ QP S, QV, Q" v, and ¢ can
be found observing constraints (2)-(7) and (12)-(15) and decision var-
iables. To put is simply, initially, the values of variables PV, PP V, PW, and
QV are determined using (12)-(15). Next, the values of other dependent
variables are calculated based on the power flow Egs. (2)-(7). The
backward-forward method solves the power flow equations given in this
study [39]. To estimate SDN operation limits, (8)-(10), capacity limit of
RESs, (16)-(17), DRP constraint, (19), energy limit and EV charger ca-
pacity, (22)-(23), the penalty function method [40] is used. The penalty
function for limit of a < b is equal to @.max(0, a — b), and it for constraint
ofa=bisasf.(b-a). a>0and p € (—o0, +0o0) are Lagrangian multi-
pliers that are considered as decision variables and are updated by SCA
-+ KHO. In the next step, the fitness function (FF) is formed by adding the
objective functions of the main problem (32) to all penalty functions.
Note that constraints (8)-(10), (16)-(17), (19), and (22)-(23) depend on
the uncertainty variables, so the penalty functions are added to the
second part of (32). The value of FF is then found based on decision-
making and dependent variables. Then, the optimal value is calculated
and then the decision variables are updated according to the optimal
value of the FF in the next steps. It is noteworthy that these steps
continue until the convergence point is achieved. The convergence point
is obtained after performing the maximum number of iteration (Iqy) of
updating the decision variables and Lagrange multipliers. Solution
procedure steps using the SCA + KHO method are provided as follows:

e Stepl: Generate N (population size) random values for decision
variables and Lagrange multipliers considering their constraints.

e Step 2: Calculate the values of dependent variables and the fitness
function for total population of decision variables and Lagrange
multipliers, and then determine the optimal value of FF.

e Step 3: If the problem has converged, the procedure will be termi-
nated, otherwise Step 4 will be performed. In this part, it is assumed
that the convergence of the problem is achieved after updating the
decision variables and Lagrange multipliers for Iy times.

e Step 4: Update the decision variables and Lagrange multipliers based
on the optimal value of FF in the previous step, so that first SCA
performs the updating and then KHO executes this process. Then, run
Step 2.

5. Simulation results
5.1. Case studies

The problem is applied to the IEEE 69-bus SDN as illustrated in Fig. 2,
where the specifications of the line and distribution substation and peak
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Fig. 2. The proposed test system [20].
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Fig. 3. Daily curve of load factor [20], RES power rate [20] and EVs pene-
tration rate [51].

load data were extracted from (20). The base power and voltage are 1
MVA and 12.66 kV, and the permissible voltage range is [0.9, 1.05] p.u
[41], [42], [43], [44], [45]. The daily load data is calculated by
multiplying the peak load and the daily load factor curve, as shown in
Fig. 3 [20]. Energy prices for 1:00-7:00, 8:00-16:00, and 23:00-00:00,
and 17:00-22:00 are 16 $/MWh, 24 $/MWh, and 30 $/MWh, respec-
tively [35]. The network has seven FRVPPs whose locations are shown
in Fig. 2. FRVPPs 1, 2, 6, and 7 (3-5) are equipped with PV and WT units
with capacity of 0.3 (0.5) MVA, and these FRVPPs include 150 (200) EVs
[20]. The customer participation rate for these FRVPPs is also set at 50 %
in the DRP, with peak data reported in [20]. Also, the daily power output
profile of RESs, which are PV and WT, is the multiplication of its ca-
pacity and the daily power rate curve of RESs [46-50], as depicted in
Fig. 3 [20]. Also, the daily profile of the number of EVs in FRVPP is
proportional to the product of the total number of EVs and their pene-
tration rate curve, which is depicted in Fig. 3 [51]. Other specifications

of EVs including charge/discharge rate, SOC, battery capacity, charger
capacity, and more are reported in [31,35,51]. It is assumed that floods
may occur in areas including feeders between buses 1-27, 51-52, 66-67,
and 68-69 in Fig. 2, and earthquakes may occur in other feeders, where
the FOR of distribution lines is set 1 % against these natural disasters,
and the distribution substation is set 10 %. This value is set at 10 % for
FRVPP elements. MCS then generates 1000 scenarios for the uncertainty
of availability of SDN equipment and FRVPP elements, which SBM then
selects 60 generated scenarios. Concerning the robust model, the un-
certainty deviation (u) is calculated by multiplying the uncertainty level
(r) and the uncertainty budget (4), where this uncertainty level for all
uncertainties of the load, energy price, generation capacity of the RESs,
and EV energy demand are considered the same. Finally, the VOLL is set
at 100 $/MWh so that high resiliency is achieved for the SDN.

6. Results

The problem and the solution process mentioned in this paper are
implemented using the MATLAB software. The obtained results are
provided below.

A) Evaluation of the HMA solver capability for the proposed problem: In
this part, SCA + KHO, KHO, SCA, Teaching and Learning-based
Optimization (TLBO) [52], and Differential Egs. (DE) [53] algo-
rithms are incorporated so that the optimal solution is found. The
details of these algorithms along with the necessary formulations
are presented in [37,38,52,53]. In all these algorithms, it is
necessary to determine the size of the population and the
maximum iteration of convergence. SCA and TLBO algorithms do
not have other setting parameters. In the DE algorithm, there are
two other setting parameters, such as crossover rate and
weighting rate, whose values were chosen as 0.8 and 0.3,

Table 2
Convergence results of the proposed problem obtained by different solvers for different values of the uncertainty level and 4 = 1.
r 0 0.1
Algorithm Cost ($) CI CT (s) SD (%) Cost ($) ClI CT (s) SD (%)
SCA + KHO 1507.2 729 131.4 0.933 1648.3 786 136.2 0.934
KHO 1545.1 907 142.3 1.12 1689.1 997 149.1 1.19
SCA 1559.7 934 144.7 1.43 1705.5 1036 152.4 1.55
TLBO 1611.5 1226 162.5 2.05 1765.2 1331 172.8 2.34
DE 1638.3 1451 183.1 2.67 1796.8 1568 194.6 2.98
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Fig. 4. Objective function curve for uncertainty level for different values of
uncertainty budget.

respectively [53]. Other setting parameters in the KHO algorithm
include mutation rate, crossover rate, position constant number,
inertia weight of the foraging motion, and inertia weight of the
motion induced, which are set at 0.15, 0.8, 1.5, 0.8, and 0.8,
respectively [37]. The population size (N) and Iyq for these
solvers are 50 and 2000, respectively. To calculate the statistical
indices of the problem response such as standard deviation (SD),
the problem is solved using these algorithms 20 times. Table 2
reports the results, where the SCA + KHO algorithm finds the
minimum value of the objective function or Cost function, that is
$1507 (1648.3) at the convergence iteration (CI) number of 729
(786) for the HSRP model with zero uncertainty level (0.1). This
algorithm obtains the mentioned convergence point in the
computational time (CT) of 131.4 (136.2) s. Yet, other NHEA-
based algorithms have a higher cost rate than SCA + KHO. Be-
sides, they obtain the convergence point at a CI over 900 s and CT
over 142 s for the proposed HSRP model for different levels of
uncertainty. Alternatively, the SCA + KHO solver has an SD of
about 0.93 %, while this parameter value for other algorithms is
higher than 1.1 %. This means that the final response obtained by
the algorithm is less dispersed than NHEAs. Hence, it has almost
unique response conditions. Also, with changing the uncertainty
level, the SD for the final response obtained by this algorithm
changes slightly, but this is not the case for NHEAs. In other
words, the dependence of the dispersion of problem solution by
SCA + KHO on the volume of the problem is very small, so it can
be inferred that by implementing the proposed problem on
different data, it will always find the optimal solution with high
reliability.

B) Analysis of the suggested HSRB model: Fig. 4 depicts the diagram of
total expected operating and resiliency costs (Cost) of the SDN in
terms of load uncertainty level, energy price, active power genera-
tion by RESs, and EV energy demand, i.e., r, in terms of different
uncertainty budget (A) values associated with these parameters.

Journal of Energy Storage 55 (2022) 105563

According to this figure, for A = 0 and r = 0, the Cost function is
always constant and equal to $1507.2. Because in these circum-
stances, according to (27), the rate of deviation of these uncertainties
is zero, so the true values of these uncertainties are always equal to
their predicted values. Hence, the objective function value is fixed.
Nonetheless, with increasing A, the Cost vs r curve is saturated so that
for A = 0.5 (1), the Cost function value remains always constant for
changes in the uncertainty level at r > 0.8 (0.4). Also, for r < 0.8
(0.4), increasing the uncertainty level of the mentioned parameters
increases the operating cost and resiliency of the SDN. The reason is
that increasing r and A will increase the load, energy price, and en-
ergy consumption of EVs in the worst-case scenario compared to
their predicted values (refer to Table 4). Nevertheless, under these
conditions, the active power generation by RESs, charge/discharge
rate, and charger capacity of EVs decrease in this scenario. Therefore,
in general, it can be said that increasing the uncertainty level of the
load, energy price, active power generation by RESs, and energy
demand of EVs to achieve the worst conditions or a robust situation
with respect to these uncertainties increases the energy consumption
of active and passive loads., reduces the capacity of power genera-
tion sources, and increase the energy prices in the worst-case sce-
nario. Consequently, operating and resiliency costs of the SDN
increase with increasing r relative to the case with r = 0. Because
according to (1), in order to minimize operating and resiliency costs,
local sources and ALs must provide high power injection into the
network, which in case of increasing r, their power injection based on
Table 3 is reduced. Note, however, that excessive values of these
uncertainties may make the problem infeasible. Thus, the ARO
technique does not allow an excessive increase of these parameters
based on (27), so for r > 0.8 (0.4) at A = 0.5 (1), the Cost function
always has a constant value.

C) Investigation of FRVPPs performance: Figs. 5 and 6 indicate the
active and reactive power curves of FRVPPs and their elements
for different values of uncertainty level and uncertainty budget 1.
Referring to Fig. 5(a), the RESs inject high reactive power into
FRVPPs between 7:00 and 18:00 because during these hours,
according to Fig. 3, both types of RESs, namely PV and WT,
produce active power. At other operating hours, only the WTs
generate energy and the PVs are switched off (Fig. 3). Therefore,
active power generation by all RESs during these hours is less
than that of the period 7:00-18:00. Also, increasing the uncer-
tainty level in all operating hours reduces the active power of
RESs in comparison to a case with r = 0, confirming the results
reported in Table 3. In the following, as illustrated in Fig. 5(b),
customers participating in the proposed DRP increase energy
consumption during the off-peak hours, 1:00-7:00, and mid-peak
period 8:00-16:00 and 23:00-00:00 so that the percentage of
increase during off-peak hours is higher than that of the mid-peak
hours. However, they also consume less energy during peak

Table 3

Value of uncertainty parameters related to robust model for different values of uncertainty level and budget.
A 0 0.5 1
r 0 0.1 0.2 0 0.1 0.2 0 0.1 0.2
Sum of 2* ($/MWh) 556 556 556 556 583.8 611.6 556 611.6 667.2
Sum of P* (p.u) 70.248 70.248 70.248 70.248 73.760 77.273 70.248 77.273 84.297
Sum of Q" (p.u) 49.451 49.451 49.451 49.451 51.923 54.396 49.451 54.396 59.341
Sum of v (p.u) 20.316 20.316 20.316 20.316 19.300 18.284 20.316 18.284 16.253
sum of P (p.u) 51.487 51.487 51.487 51.487 48.912 46.338 51.487 46.338 41.189
Sum of CR (p.u) 49.869 49.869 49.869 49.869 47.375 44.882 49.869 44.882 39.895
Sum of DR" (p.u) 49.869 49.869 49.869 49.869 47.375 44.882 49.869 44.882 39.895
Sum of E*A™ (p.w) 2.88 2.88 2.88 2.88 2.736 2.592 2.88 2.592 2.304
Sum of E“P%® (p.u) 14.4 14.4 14.4 14.4 15.12 15.84 14.4 15.84 17.28
Sum of $* (p.w) 76.466 76.466 76.466 76.466 72.643 68.819 76.466 68.819 61.173
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Fig. 5. Daily active power curve of, a) RESs, b) DRPs, c) EVs, d) FRVPPs for

different values of uncertainty level and 4 = 1.

period. Such a performance relies on load data and energy prices
and aims to minimize operating and resiliency costs so that
during low energy price and load, customers consume more en-
ergy, and during the peak-period with high energy prices, they
consume less energy. Also, according to (18), the performance of
DRPs depends on the demand value. Therefore, in the worst-case
scenario, a larger r increases the load compared to r = 0 according
to Table 3. As a result, in these conditions, DRP power will in-
crease both in the mode of decreasing consumption and in the
mode of increasing consumption. This is also evident in Fig. 5(b).
Fig. 5(c) shows the daily active power curve of EVs. As per Fig. 5
(c), EVs receive active power from FRVPP to supply their travel
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Fig. 6. Daily reactive power curve of, a) PVs, b) WTs, c¢) EVs, d) FRVPPs for
different values of uncertainty level and A = 1.

energy during off-peak hours. They also receive energy from the
FRVPP from 12:00 to 16:00 so that they can inject this energy into
the network during peak hours, 17:00-22:00. Because according
to Section 4.1, energy prices are low in the off-peak period and
12:00-16:00 but are high in the off-peak period. Consequently, to
reduce the operating cost, it is recommended to charge
(discharge) EVs at inexpensive energy price periods. Further-
more, as shown in Fig. 5(c), increasing r decreases the charge and
discharge power levels of EVs to the case r = 0, but their charging
interval to supply EV travel energy increases compared to the
previous case. The increase in the mentioned interval according
to Table 3 is due to the increase in consumption of energy
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required for EVs travel (EP® — E*™) in the mentioned conditions.
Eventually, the daily active power curve of FRVPPs is propor-
tional to Fig. 5(d), which is calculated from (12). According to
this figure, FRVPPs with proper management of sources and ALs
can inject active power into the SDN during most operating
hours, 5:00-22:00, and act as a local source. This helps some
network customers to be supplied by FRVPPs in the event of a
flood or earthquake in the network or when some SDN equipment
is disconnected, which confirms the ability of FRVPPs to enhance
SDN resiliency. At 1:00-4:00 and 23:00-00:00 periods, the en-
ergy consumption by EVs and DRPs is higher than the energy
generated by RESs, so during these hours, FRVPPs act as
consumers.

Fig. 6 shows the daily reactive power curve of FRVPPs and their el-
ements. As given in Eq. (13), reactive power sources of FRVPPs include
RESs and EVs. According to Fig. 6(a)-(b), RESs generally provide a
percentage of the network's reactive load at all hours of operation, so
their daily reactive power curve is similar to the daily load factor curve.
However, in hours when their active power output is high, such as 12:00
for PVs and 17:00 for WTs, the capacity of RESs to generate reactive
power decreases. This is evident at 12:00 for Fig. 6(a) and at 17:00 for
Fig. 6(b) at r = 0. Furthermore, increased uncertainty level in the worst-
case scenario escalated reactive power generation by RESs compared to
the case with r = 0 because according to Fig. 5(a), the active power of
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Fig. 7. Resiliency and economic indices curve, a) EENS, b) resilience cost, c)
operation cost in VOLL for different values of uncertainty level and 4 = 1.
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RESs decreases in these conditions and they can produce higher reactive
power in these conditions based on (16) and (17). Fig. 6(c) shows the
daily reactive power curve of EVs in FRVPPs. Based on this figure and
Fig. 3, it can be stated that the amount of reactive power of EVs in FRVPP
relies on the number of EVs, so that during the hours when the number
of EVs is high (low), their injected reactive power is also high (low).
Also, increasing r reduces EVs reactive power in all operating hours
compared to r = 0. This is due to the reduction in EVs charger capacity in
the worst-case scenario (Table 3). Eventually, the daily reactive power
curve of FRVPPs based on (13) will be as shown in Fig. 6(d). Since the
reactive power produced by EVs is higher than that of RESs, the
impactability of EVs in controlling the reactive power of FRVPPs is
greater than RESs. Hence, the daily reactive power curve of FRVPPs has
a trend of changes similar to the curve in Fig. 6(c). Following this,
increasing r reduces the reactive power of FRVPPs compared to r = 0.

D) Evaluation of SDN technical indices: Fig. 7 depicts the curve of
resiliency indices, that are EENS and resiliency cost (the second
part of (1)), and economic index, i.e., the operating cost (first part
of (1)) in terms of VOLL for different values of uncertainty level
and uncertainty budget 1. Fig. 7(a) shows that increasing the
penalty price of the VOLL reduces the EENS in the SDN, so that for
a VOLL greater than 70 $/MWh, the minimum value of the EENS
is obtained for different values of r. Therefore, for the proposed
scheme, following the data in Section 4.1, the penalty price to
reduce the rate of blackouts caused by floods and earthquakes is
70 $/MWHh. The diagram of the resiliency cost in terms of VOLL is
shown in Fig. 7(b). The resiliency cost given in Eq. (1) is calcu-
lated by multiplying the EENS and VOLL. For VOLL values be-
tween 0 and 10 $/MWHh, the increase in VOLL is greater than the
decrease in EENS, so the resiliency cost increases in proportion to
the increase in VOLL. Nonetheless, for VOLLs between 10 $/MWh
and 70 $/MWh, the impact of decreasing EENS is greater than
that of increasing VOLL. Hence, in this case, the resiliency cost
decreases in proportion to the increase in VOLL.

At VOLL above 70 $/MWh, the EENS is fixed, and changes in the
resiliency cost will only depend on changes in VOLL. In general,
increasing the VOLL improves the SDN resiliency, but this increases the
operating cost as well according to Fig. 7(c). Because in these conditions,
supplying energy from the upstream network, which sells energy at a
price of 1, is more economical and will be commensurate with the cost
function minimization. Besides, energy supply by FRVPPs is also cost-
effective during natural disasters, as RESs in FRVPPs have zero oper-
ating costs, and the performance of DRPs and EVs, as shown in Fig. 5, is
such that the cost of energy purchased from the upstream network be-
comes minimum. Yet, since increasing VOLL increases the importance of
minimizing the resiliency cost in (1) with respect to the operating cost of
SDNs, EVs and DRPs attempt to inject high energy into the network. This
also requires them to receive high energy during off-peak hours, which
will be commensurate with the increase in operating costs compared to
low VOLL cases. Besides, the increase in r due to the increase in energy
consumption of FRVPPs and SDNs, the decrease in energy generation by
FRVPPs, and the increase in energy prices according to Table 3 will
increase EENS, and resiliency and operating costs, which is clear in
Fig. 7.

Table 4

Technical indices value for different values of uncertainty level and A = 1.
Case I I
R 0 0.1 0.2 0 0.1 0.2
EENS (MWh) 42.1 46.3 50.5 211 2.28 2.45
EEL (MWh) 2.31 2.54 2.77 1.58 1.71 1.84
MVD (p.u) 0.091 0.094 0.097 0.0531 0.0548 0.0563
MOV (p.u) 0 0 0 0.0112 0.0108 0.0105
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In the proposed scheme, EENS and outage cost (the second part of Eq.
(1)) are included as resilience indicators. So, if the amount of these in-
dicators is low, then social welfare is high in the event of natural di-
sasters because the shutdown of consumers will be low. Therefore, in
this situation, it can be said that the resilience of the network against
natural disasters is high. Now, in order for the outage of consumers to be
low in the conditions of natural disasters, it is necessary that in those
conditions, resources, or substations or distribution lines are available.
In the proposed scheme, based on Section 5.1, it is assumed that the
resistance of FRVPPs against natural disasters is high, and since they are
located in the consumption areas at the distribution network level, ac-
cording to Fig. 2, if natural disasters occur and some of the network
equipment like distribution lines are interrupted, FRVPPs are able to
supply a portion of the energy consumption. Thus, they can obtain
acceptable resilience in the network.

Eventually, SDN technical indicators [54,55,56] such as EENS, en-
ergy loss (EL), maximum voltage drop (MVD), and maximum over-
voltage (MOV) for power flow analysis (I) and the suggested design (II)
are analyzed and the results are listed in Table 4 for different values of
uncertainty levels and uncertainty budget 1. As per Table 4, the design
reduces EENS, EL, and MVD relative to the power flow so that in the
worst-case scenario (r = 0.2), these parameters in the proposed scheme
are approximately 95.15 % ((50.5-2.45)/50.5), 33.6 %, and 42 %,
respectively, which are reduced in comparison to power flow studies.
However, the decrease in MVD requires an increase in MOV of about
0.0105 p.u. in the mentioned conditions, which is smaller than the
allowable limit of 0.05 (1.05-1) p.u. Therefore, it can be said that proper
energy management of FRVPPs can enhance the resiliency and opera-
tion indices by roughly 95 % and 38 %, respectively.

7. Conclusion

This paper describes the operation of SDN with FRVPPs subject to
network resiliency against flood and earthquake. FRVPPs utilized DRPs
and EVs in the presence of RESs to establish flexibility. Subsequently, the
proposed scheme minimized the total operating and resiliency costs of
the SDN, where it was constrained by the optimal AC power flow
equations, SDN resiliency against floods and earthquakes, and the
operating model of FRVPPs. Then, the hybrid stochastic-robust planning
(HSRP) was used to model the uncertainties, in which the stochastic
planning part models the uncertainties associated with availability of
SDN devices and FRVPP elements, and the robust planning based on the
HMA-based ARO technique models the uncertainties associated with
load, energy prices, active power generation by RESs, and EV energy
demand. In this paper, HMA based on the hybrid SCA-KHO algorithm
obtains the optimal solution. Referring to the results, the hybrid algo-
rithm finds the optimal solution within minimum possible convergence
iterations and computational time in comparison to NHEAs. Addition-
ally, the SD of its final response to the proposed problem is around 0.93
%, which due to the low dispersion of its response has approximately
unique response conditions. Additionally, in the worst-case scenario, the
resulting uncertainties related to the robust model, the energy con-
sumption of SDNs and FRVPPs, the energy generation capacity of the
FRVPPs, and the energy price relative to the scenario with the predicted
values of these uncertainties increased. However, with proper man-
agement of FRVPPs in the SDN under the proposed scheme, FRVPPs
were able to improve the resiliency of the network against the flood and
earthquake by roughly 95 % in comparison with power flow studies,
even in the worst-case scenario. It also enhances network operation
indicators like energy loss and voltage profile by approximately 33.6 %
and 42 %, respectively, in comparison with power flow under these
conditions.
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