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The electrical distribution grid is unremittingly vulnerable to natural disasters. Many researchers propose stra-
tegies mainly based on grid-side solutions to improve critical load’s survivability during the targeted emergency
period. However, the main agenda of resilience enhancement is to improve the overall system resilience.
Therefore, this paper proposes a proactive framework that combines the grid-side and demand-side solutions to
enhance the overall system resilience. Here, the grid-side approach presents optimal hardening of the distri-
bution grid by using resilient energy storage units (ESUs), underground cables (UCs), and the demand-side by
using home battery inverters (HBIs) & its communication infrastructure. For resilient hardening against earth-
quakes, it is essential to identify it’s all possible occurrences. Therefore, a Monte-Carlo-based probabilistic
earthquake hazard model is developed through which the vulnerability is characterized using the peak ground
acceleration (PGA) model and fragility curves. For optimized hardening investments, the vulnerable zones of the
system are identified via clustering algorithms. With the formulated mixed-integer nonlinear problem, the
optimal ESUs and UCs are identified for each cluster. The proposed methodology is tested on a real-world 156-

bus distribution system of Dehradun district, India, under seismic zone IV.

1. Introduction

In recent years, the integration of renewable energy resources into
the distribution grid is increasing; and the uncertainty of power gener-
ation from renewable plants led to the integration of energy storage
units (ESUs) to increase the grid flexibility [1-4]. Besides, direct inte-
gration of ESUs into the distribution grid poses various advantages like
reliability enhancement, peak management, etc. For example, in India,
TATA Power Delhi Distribution Limited (TPDDL) has established an ESU
with a size of 10MW at Rohini Substation to enhance the grid flexibility
[5]. Since the installation of ESUs will fetch a considerable capital in-
vestment for utility companies, an optimal number of ESUs are identi-
fied, which can enhance the grid flexibility and the overall cost [6-9].
On the other side, the frequency of natural disasters has increased
significantly compared to the past [10,11]. In the United States, massive
blackouts are caused by natural disasters like hurricanes. A recent study
shows that hurricane Harvey hugely affected the transmission system’s
tower-line link, which caused a complete blackout in the region [12].
Likewise, in 2015 the livelihood of people from Chennai, India has been
affected by the floods, mainly due to improper planning [13]. Therefore,
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the situation demands the power system planners to develop a resilient
grid that can serve at least part of its load during emergency condition.
A resilient grid’s main idea is to serve the demand without much
change in the system performance, even during an event. The concept of
enhancing power system resilience is in its initial phase, and there is a
need to create awareness and raise fund for the utility. Therefore, the
notion of a resilient power grid is restricted to serve at least critical loads
such as hospitals, water pump houses, community centers (where the
disaster affected people are accommodated) and priority loads. The
ideal expectation and the practical system performance while pre-event,
during the event, and post-event, respectively, is shown in Fig. 1 [14].
Various strategies have been developed in the literature to improve
the system resilience which is dependent on the type of disaster such as
floods, hurricanes, landslides, earthquakes, etc. [15-17]. The strategies
developed are mainly based on grid-side solutions by hardening the grid,
i.e. by replacing the distribution system poles that are vulnerable to
disaster, mobilizing the repair crew, etc., and operational enhancement
by installing of optimal sectionalizers for feasible microgrids with the
available resources [18]. Considering the overall expenditure required
to harden the system, many researchers have proposed various optimal
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Fig. 1. Ideal and Practical Resilience Curve.

solutions to minimize the overall investment to enhance system resil-
ience [19]. For example, one way is to improve transmission system
resilience by expanding its capacity. However, considering the invest-
ment, an optimization problem is formulated, which minimizes the cost
of capacity expansion and cost for installing switches [20].

Similarly, a mixed-integer linear programming (MILP) model is
proposed to enhance distribution system flexibility under common
faults. Here, the optimization problem is formulated to minimize the
cost of sectionalizers and energy not supplied, respectively constrained
with budget limitations [21]. For a better operation of the prior installed
sectionalizer switches, a methodology is proposed based on graph the-
ory which identifies the optimal path to satisfy the demand using greedy
algorithm [22]. Alternatively, a framework is proposed to effectively
utilize temporary distributed generators meeting the demand during the
emergency and normal conditions [23]. In [24], the authors have opti-
mized the power generation from solar PV and the ESU by developing
various scenarios of extreme events affecting the transmission system to
improve its resilience without considering the vulnerability of solar PV
and ESU against the disaster. To enhance system resilience, many au-
thors proposed various methodologies for effective utilization of prior
installed REPs and ESUs [25-33]. However, in these methodologies,
there are possibilities of REPs and ESUs failing to supply the expected
energy demand (EED) during the event because of the following: (i)
failure of connected substations, (ii) failure of distribution lines con-
necting the critical demand, and (iii) failure of REPs and/or ESUs.
Therefore, it is essential to consider the vulnerability of electrical
infrastructure against the disaster.

In general, the vulnerability of infrastructure depends on the type of
disaster; therefore, its assessment is disaster-dependent. For example, to
assess an electric pole’s withstanding capability against the high-speed
wind, it is essential to derive its failure probability for a given wind
speed. This failure probability is generally obtained by using fragility
curves which are infrastructure and disaster specific. A damage model-
ling framework is proposed to enhance the system resilience against
high wind speed by utilizing the fragility curves to estimate the failure
probability of electric poles [34,35]. Here, to improve the estimation of
damage probability obtained from fragility curves, the same is cali-
brated based on the past data’s empirical relationship. With the concept
of fragility curves for distribution lines against earthquake, a framework
is proposed to identify the optimal capacity of ESU, which can satisfy the
energy demand of limited critical loads [36]. Considering the capital
investment, the installation of ESUs to serve the demand during a high
impact low probability (HILP) event is highly debatable. After a natural
disaster, it is essential to operate the ESUs to satisfy the required demand
optimally. An optional operational strategy based on fuzzy logic is
proposed to enhance system resilience [28]. A resilience cut is proposed
to ensure the desired state of charge (SOC) level of the placed ESUs for
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serving the emergency period’s demand during the pre-disaster period
[30]. As mentioned earlier, system restoration after the disaster is very
crucial in determining system resilience.

Regarding this, a mathematical model for infrastructure recovery
(both physical and service) is proposed based on repair crew manage-
ment and fragility curves against earthquakes [37]. Here, the model
essentially describes a component’s vulnerability against a disaster and
its state of operation during the disaster. In [38], the importance and the
impact of ESU planning strategies on resilience are discussed. Here, a
generalized methodology based on the area of resilience trapezoid is
proposed (by the authors of this paper) for optimal planning of ESUs to
enhance system resilience.

The literature review shows that many authors mainly focused on
grid-side strategies leaving behind the demand-side resilience. More-
over, the methodologies that consider the available REPs and ESUs to
enhance system resilience fail to consider these infrastructure’s
vulnerability against disaster. The methods that consider the vulnera-
bility of electrical infrastructure (mainly distribution lines) fail to
consider the vulnerability of REPs, ESUs and the substations to which it
connected. Therefore, it is essential to redesign the ESU planning stra-
tegies adaptable to both normal and extreme conditions. Hence, this
paper proposes a framework that includes both grid-side and demand-
side resilience strategies to improve distribution system’s overall resil-
ience. In this study, to address grid-side hardening strategy, ESUs and
UCs are considered and to address demand-side strategy, home battery
inverters (HBIs) are considered. The HBI constitutes of BIS, solar rooftop
plants, and electric vehicles. Here, the cost of the communication
infrastructure of HBI (shown in figure 2) is included in the optimization
problem to make it three-dimensional thereby to enhance the overall
system resilience. In other words, the three-dimensional hardening
provides the effectual capacity addition and the optimal operation of
ESUs, considering the available power from REPs and HBIs will enhance
the overall resilience of the distribution grid. Various heuristic algo-
rithms are applied in the literature to solve similar optimization problem
(i.e., placement of renewable-based distributed generators). Among
those, the PSO algorithm provides a better solution with faster conver-
gence and a higher probability to find the global minima.

In contrast, algorithms like ant colony optimization (ACO), harmony
search (HS), simulated annealing (SA) suffers from premature conver-
gence, dependence on initial configuration, uncertain convergence time,
change of variable distribution at each iteration, etc., [39]. Therefore, in
this article, a hybrid algorithm based on adaptive particle swarm opti-
mization (APSO) and binary particle swarm optimization (BPSO) is
applied [40]. Besides, the choice of ESUs is made by considering their
impact on the environment. The natural disaster considered in this study
is the earthquake. Therefore, a practical 156-bus distribution system of
Dehradun district, Uttarakhand, India, which comes under seismic zone
IV, is chosen to validate the effectiveness of the proposed methodology
[41].

The main contributions of this paper are:
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Fig. 3. Overall representation of the proposed framework.

1 A proactive framework to enhance system resilience by considering
both grid-side and demand-side solutions.

2 Monte-Carlo based Probabilistic Earthquake hazard model for
generating all possible occurrences of seismic activity within the
chosen location and thereby estimating all possible failure proba-
bilities of substations and distribution lines.

3 Clustering the network into vulnerable zones and identifying the
required three-dimensional hardening to enhance the overall system
resilience.

To implement the proposed methodology, it is essential to collect the
required data, such as the density of various components of HBIs across
the network and the historical seismic activity data for the chosen re-
gion. Therefore, a survey is conducted to gather all the data as
mentioned earlier. The numerical experiments are performed by linking
DigSILENT PowerFactory and Python, where DigSILENT PowerFactory
is used to develop the distribution network, and Python is used to
implement the proposed methodology. Section 2 elaborates on the
proposed framework. Section 3 explains the characterization of earth-
quakes and the Monte-Carlo based probabilistic earthquake hazard
model. Section 4 describes the optimization problem for three-
dimensional hardening and optimal operation of ESUs during ERT.
The proposed methodology to solve the formulated problem enhance the
resiliency of the distribution network is discussed in section 5. The re-
sults obtained by implementing the proposed methodology on a real-
world system by considering two schemes are elaborated in section 6.
Section 7 interprets the critical findings of this paper, and section 8
concludes the article.

2. Proposed framework

This section elaborates the proposed proactive framework, which
combines both grid-side and demand-side resilience shown in figure 3.
As mentioned earlier, ESUs and UCs are considered under grid-side, and
HBIs distributed across the distribution system are considered under
demand-side resilience enhancement strategy.
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2.1. Resilience enhancement via hardening

Concerning resilience enhancement, it is essential to perform
vulnerability studies of hardening infrastructure. Since hardening the
grid particularly to increase the system resilience will increase the in-
vestment, this paper proposes a three-stride hardening methodology to
improve both system resilience and flexibility as follows:

Vulnerability Assessment against Earthquakes: The earthquake data
considered in this study contains the moment magnitude of the earth-
quake, its location (latitude and longitude), and the distance from the
epicenter to the hypocenter. The ground acceleration due to an earth-
quake gets attenuated as it travels along with various soil types.
Therefore, it is essential to consider the soil type in the seismic model. In
this paper, the peak ground acceleration (PGA) model derives the effect
of seismic activity on electrical infrastructure (both substation and dis-
tribution lines) through an analytical relationship. The algorithm to
estimate the potential risk due to seismic hazard is as follows:

i From the seismic catalogue of the chosen region, categorize the se-
vere earthquake magnitude (M,,).

ii Determine the soil type, distance from the epicenter to the hypo-
center, and infrastructure location, respectively.

iii Based on the chosen region’s historical data, develop a regression
model that reflects the relationship of attenuation [42].

iv The standard fragility curves developed by the Federal Emergency
Management Agency (FEMA) for electrical infrastructures, and the
developed regression model, estimate the potential damage proba-
bility [43].

A detailed explanation of earthquake characterization and vulnera-
bility assessment is discussed in section 3.

e Distribution network modelling: The modelling of the distribution
network aligned with the chosen problem is essential. In other words,
it is necessary to model the system with available energy resources
(both grid-side and demand-side). In this article, the optimal plan-
ning of ESUs and UCs is considered under grid-side resources, which
can enhance the system performance during both normal and
emergency conditions. The HBIs having BIS, solar rooftop PV and
electric vehicles are considered under demand-side energy resources
(depending on its availability). For better system hardening to
improve overall system resilience, the cost of communication infra-
structure between HBIs and the control centre is included in the
formulated objective function for optimal hardening. Here, the HBI is
modelled as a load during the normal condition and as a demand-side
energy resource during emergency conditions. Therefore, the dis-
tribution system is modelled with domestic loads (with HBIs ob-
tained from the survey) and the uncertainties associated with REPs
and load. The beta and normal distribution function is given by (1)
and (2) are assumed to represent the uncertainties associated with
REPs and load, respectively [44,45].

1 a—1 A1 .
i l—x ;€ [0,1
PDFpy(x,)= { B(@.B) x X (L=x)" if % € [0, 1] o

0 otherwise

1
V(@2r)o(P,)

PDFp(P;) = x ¢~ (PimEP/20[P)? @

where the subscripts PV and D represents the solar PV plants and load
connected to the system. x; represents the power generation from the
solar PV power plant, and P; represents the power demand.
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e Optimal planning for Hardening: This paper proposes a three-
dimensional hardening procedure in which the formulated objec-
tive function consists of cost corresponding to ESUs, UCs and
communication infrastructure of HBIs. Minimizing this objective
function provides the optimal hardening of the system. A detailed
explanation of this optimization problem is mentioned in section 4.

2.2. Resilience enhancement via operational strategies

Even though the grid is hardened with significant resources, it is
essential to effectively operate the system to serve the emergency pe-
riod’s demand. To serve the demand during ERT, thereby to enhance the
system resilience, here an operational strategy is formulated, and its
procedure is discussed below:

e Clustering of distribution network: Following an earthquake, the dis-
tribution network groups into a ‘k’ number of clusters to restore the
supply for maximum possible consumers, including critical/priority-
based. In other words, the formation of clusters leads to minimal
overall load curtailment. Here we assume that the communication
link is available between the control centre and HBIs during the
event.

Optimal operation of ESUs: Initially, the communication infrastruc-
ture derives the SOC level of HBIs to the control centre available
within the cluster. The formulated optimization problem consists of
the status of HBIs (i.e., its SOC level), the power demand of the
critical/priority-based load, and the demand for domestic load
within the clusters. Maximizing the overall energy served during the
targeted emergency response time (ERT) using linear programming
(LP) provides optimal operation of ESUs within the clusters.

The conceptual system performance to enhance system resiliency
against natural disasters has been proposed in many literature studies
[38,46,47]. Fig. 4 compares various resilience enhancement strategies
and the proposed framework against the natural disaster using the dis-
tribution system performance. Here during the occurrence of an event at
the time ¢, the system has begun to degrade and reached a minimum
level at the time t1. Suppose the ESU planning for improving the grid
flexibility considers the impact of a natural disaster; in that case, the
interruption time will shift to t,5 by a factor of AT; and the system
performance improves by APp;. It is also evident that, by considering the
effect of HBI in the system, the interruption time and the system per-
formance improves by AT, and APp,, respectively.
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Fig. 5. The Fragility curves of (a) Electrical substation (b) Distribution lines.
3. Earthquake characterization and vulnerability assessment
3.1. Modelling seismic activity

The estimation of seismic hazard is essential for any infrastructure
planner. The earthquake intensity varies from hypocenter to the point of
a particular location due to attenuation. Experts accept that the soil type
and geotechnical characteristics are significant factors for high ground
acceleration during earthquakes. In general, regression analysis includes
the parameters such as the intensity of the earthquake, distance from the
surface (at the epicenter) to the hypocenter, commonly known as depth,
and the distance between the equipment and the epicenter (fault loca-
tion) represents the attenuation. A general regression model for atten-
uation is shown in (3) [42].

ll'l(X) :C0+(,‘1F1(R)+C2F2(D)+C3F3(MW) (3)

where X is the peak ground acceleration or spectral displacement in gals
[gl, R is the distance between the epicenter and the location of the
equipment, D is the distance between the epicenter and the hypocenter,
M,, is the moment magnitude, and ¢y, c3, ¢z & c3 are regression
coefficients.

3.2. Fragility model

The fragility model of equipment can be derived through various
means such as (i) by experts’ viewpoint, (ii) statistical models built from
an extensive failure record database, (iii) experimental or simulation-
based characterization of specific equipment under a series of shocks
with various intensities, and (iv) mixed model by combining the above
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methods [48]. This model’s outcome provides the probability of failure
of the equipment (electrical infrastructure) under the potential intensity
of a disaster. For deriving a better solution, the various damage states
defined in this paper are none, minor, moderate, extensive, and com-
plete, depending on the seismic activity’s intensity. For a given level of
seismic activity (X), the lognormal fragility curves derive the level of
damage reflecting the probability of attaining or surpassing a damaged
state. The fragility curve corresponding to a damage state is defined by
its median value of spectral displacement and lognormal standard de-
viation (f4) [49]. Equation 4 represents the probability of attaining or
surpassing a particular damage state (d).

1 S,
Pld,S) = ¢ ﬁ—dln i 4

where, Sy is the spectral displacement, Sqq4, is the median value of
spectral displacement, f,, is the standard deviation of lognormal of
spectral displacement for a damage state d;, and ¢ is the standard normal
cumulative distribution function. In this article, the fragility model de-
rives the failure probability of both electrical substations and distribu-
tion lines. Its corresponding fragility curves are shown in Fig. 5(a) and
Fig. 5(b), respectively.

3.3. Damage probability of electrical infrastructure

Since the ESU investment is high, the location chosen to install it
must have a null or minimum impact due to natural disaster, or it must
be more structurally stable to withstand the disaster (which may cater to
an additional cost). Estimation of substation’s unavailability due to the
earthquake is equally vital as estimating the unavailability of overhead
distribution lines that carry power to the end-users, the reason being
that the large-scale ESUs connects the grid via substations. Henceforth,
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in this article, the combined fragility model of both substation and
distribution lines is proposed, which quantifies the overall failure
probability and its damage states such as none, minor, moderate,
extensive, and complete. Equation (5) to (9) represents the cumulative
probability of each damage state of substation (SS) and distribution lines
(DL). Each state’s damage probability is assessed by simplifying the
equations (5) — (9). Equation (10) represents the combined cumulative
damage probability, and the evaluation procedure of combined damage
probability is shown in figure 6.

P(dy = noX)ggp;, = Puo+ Poi + Pro + Pex + Poy = 1 5)
P(dy = miX)ggp; = Pmi+ Puo + Pex + Pey (6)
P(d, = moX)SS‘DL = P,y + P+ P, 7)
P(d, = exX)SS‘DL = P, +P, (8)
P(d, = coX)SS‘DL =P, 9)
CDP; = Pld,Sa]ss; & {PldySa]pp, [PldsSalpia || PldsSalpu} a0

where the subscripts no, mi, mo, ex, and co represents the damage state
such as none, minor, moderate, extensive, and complete respectively; l is
the number of distribution lines connected to the node j.

3.4. Monte-carlo based probabilistic earthquake hazard model

The occurrence of earthquakes at any location is purely a random
event, and therefore modelling earthquakes using the probabilistic
approach might be more realistic. For better infrastructure planning, it is
essential to consider all the possible earthquake scenarios (within the
chosen region) and therefore, a Monte-Carlo based probabilistic
approach is developed in this paper to evaluate the vulnerability of
substations and distribution lines. The procedure followed to develop
this model is explained as follows:

Step 1: From the d seismic catalogue, parameters such as moment
magnitude, location (latitude and longitude), and distance from the
epicenter to the hypocenter are derived.

Step 2: Using the data derived in step 1, identify the best suitable
distribution function to evaluate the parameters such as mean,
standard deviation, and variance for the variables such as earthquake
magnitudes, its location, and source to chosen site distance.

Step 3: Based on the statistical data obtained from step 2 characterize
the earthquake probability distribution function (PDF) for parame-
ters such as earthquake magnitudes (M,,), its location (Loc) (Latitude
and Longitude), source to chosen site distance (R). For instance,
based on the historical seismic data for the selected region of study,
the skewness and kurtosis measures are evaluated (which are within
the range of -1 to 1), from which it is evident that the earthquake
parameters can be modelled using normal distribution function as
shown in (11), (12), and (13) respectively.

1 .
PDFy, (M) = —————— x ¢~ (M B0 V20li) (1n
) = o]
PDFype(Loc) = —————— x (b Bltoo2fto? (12)
v/ (27)o]Loc]
1 .
PDFg(R) = ————— x ¢~ (R-ERW2IK) (13)
0= e
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Step 4: With the PDF for earthquake parameters, generate n number
of possible earthquake scenarios for the chosen region using a Monte-
Carlo based approach.

Step 5: The spectral displacement or PGA in gals [g] is evaluated with
the outcomes of step 4.

Step 6: With PGA as input to the substations and distribution lines’
fragility model, all possible failure likelihood of substations and
distribution lines are evaluated.

4. Optimization problem
4.1. Three-dimensional hardening

The objective function consists of three components: cost for estab-
lishing ESUs, UCs, and communication infrastructure for HBIs as given
in (14). The costs associated with ESUs are capital investment (which
includes energy rating cost, power rating cost, and fixed installation
cost), land required to install ESU and its allied cost, operation &
maintenance cost of ESUs, and grid performance cost due to ESUs
(which includes voltage deviation cost, line loading cost and cost of
power loss) which are represented from (15) to (18). The costs associ-
ated with cabling are the capital investment of UCs (which includes
cable cost per km, and its fixed cost) is represented in (19). The cost
associated with HBIs is the capital investment of communication infra-
structure for HBIs represented in (20). As mentioned earlier, the pres-
ence of HBI components may differ among load center. This aspect is
reflected using the binary variables such as by, bpy, and bgy for BIS,
standalone solar-rooftop, and electric vehicles, respectively in (20).

Nesy

CpY =) [Ch + CEY + R (4o
=1
Nesy .

CBY =D Clhy PSSV N, (e
=1
Nesy T

CEY = Z Z Pt X Tsetre = Prure X Tpurs] + CPV x PEC, a17)

=l =1

Na Ni,
CEY =3 Vi — VEY| x Gy + 3 LBV 5 5,

n=1 =1

N

+ Z <P im‘x,[ + Qio.\'.\'.l) X Crogs (18)
=1
Nuc
cc = ZLUC, e 19)
Nugr
CPP' =" " bpis x CUF + bpy x CIY + bey x CY + C (20)

i=1

4.1.1. Optimization constraints

In the modern distribution system, the real and reactive power de-
mand of general load, electric-vehicle, and HBI at any time t at i bus
must be satisfied by the power from the REPs, the power absorbed or
injected from ESUs, the power grid, and the power losses. This balance
in real and reactive power is represented by (21) — (22). The operational
constraints governing the real and reactive power flow is given by (23) —
(24). When REPs and large-scale ESUs are integrated into the grid, its
performance will be affected. To ensure this, limits of the node voltage
and line loading (of already installed lines) are considered as given in

(25) — (26).
Py + Py + Py = PRy + Py + Pty + P V=12, T & i

=12,..., N, (2D
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Q;Bl +Q[é’v ""QZBI = Q;Iv +Q!égu + Q;ﬁ-m + Q;o:: Vi=12,..T&i

=1,2,..., N, (22)

Pl = VX Y V'(Gycosy, + Bysindy, ) (23)
ijEN,

Qﬂ[m = Vi'x ZVN (Gijsmezj.z *Bijcosgijm) 24)
ijEN,

Vm[n<Vln<Vmaxvnz 1327---7Nn (25)

Ll <LL VYi= 1,2,...N, (26)

‘max

The power absorbed or injected by ESUs depends on its mode of
operation, such as charging or discharging. The SOC of ESU decides the
mode of operation. Since this article’s main objective is to operate ESUs
under the emergency response period, only discharging mode is shown.
Therefore, the constraints corresponding to ESUs are limits of dis-
charging power and energy from ESUs, limits of SOC of ESUs, and
apparent power, which is given by (27) — (30). As mentioned earlier, UCs
are installed to increase the possibility of load connectivity during the
emergency response period. Therefore, it is essential to consider the
loading capacity of UCs as given by (31). Apart from all the technical
constraints, budget allocation for hardening is the major constraint
which is given by (32).

PEU < PPV < PEU N = 1,2,3,....,T (27)
EEV < BV < EEVU N p— 1,2,3,.....T 28)
SOCEY < SOCPV < SOCEY @9
SV = \/m @0
LIS < Ll YV UC= 1,2, ey
CBY 4 Y€ 4 CHB! < Budget,g, ©2)

4.2. Optimal ESU operation during ERT

Following an event (or disaster), the system’s performance degrades,
as shown in figure 4. As mentioned earlier, it is assumed that the
communication link between the control center and HBIs is in operation
during ERT through which the SOC of HBIs across the distribution sys-
tem is derived. To improve the system performance during ERT, it is
essential to maximize the resiliency index (RI), defined as the ratio of
energy served during ERT to the expected energy demand. For the
maximum value of RI within the cluster during ERT, it is essential to find
the optimal power output from ESU for the given SOC level of HBIs
(distributed within the cluster). Maximizing the objective function given
by (33) constrained with (34) to (39) using LP provides the optimal
power output of ESU during ERT. In equation (33), the difference be-
tween t, and t., given the value of ERT.

Iy
RI = Z( Pyt +Pf,"," /Pf,‘f‘ v k (33)
1=t,
PSPE 4 plok — pESU L pHBI Yy 1 — 123, E, (34)
Iy
S oPEU < BT (35)
1=t,
1,3
S OPEU s Ar < EBY (36)

1=t,
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Fig. 7. Flowchart of clustering methodology for Optimal vulnerable zones.

SOCEY < SOCHY < SOCESY 37)
0 < PBY < pESY (38)
0 < EBSV < gBSU (39)

where, Pg{f * and Pf,‘_’t'krepresents the power demand of critical/priority-

based load and domestic load in k™ cluster respectively at time t, ES‘P
represents the expected energy demand from a critical/priority-based
load during the emergency period (E,), PESU represents the power
output from ESU at time t, EZSU represents the energy demand satisfied
by ESU at time t, and PP represents the power output from HBI at time
t.

5. Proposed methodology

The problem formulated in this article includes both grid-side and
demand-side hardening to enhance the overall system performance
during the emergency period. Hardening of a network comes under
planning activity; therefore, the distribution system modelled in this
study includes the uncertainty of REPs and load (as mentioned in sec-
tion 2) [40]. A bi-level approach is proposed to solve the formulated
optimization problem. In the first level, optimal clusters reflecting the
possible vulnerable zones of the distribution network are identified. In
the second level, the objective function given by (14) is minimized
constrained with (21) — (32) using the hybrid algorithm.

5.1. First level optimization

The utilities’ main objective is to ensure the power supply for all the
loads during both normal and extreme conditions. However, there are
many practical challenges faced by the utilities to supply power during

Reliability Engineering and System Safety 213 (2021) 107682

extreme conditions. The utilities can streamline these challenges if the
vulnerable zones of the distribution network are identified. Also, these
challenges may vary across the distribution network, depending on load
density. Therefore, to identify the vulnerable zones, the distribution
network is clustered based on the probabilistic earthquake hazard
model’s outcome, the density of HBIs, and load density using the k-
means algorithm. Since the number of clusters is provided as an input for
the k-means algorithm, a methodology based on the Silhouette index
(SD) and Davies Bouldin index (DI) given in (40) and (41) respectively is
applied to find the optimal number of clusters. The flowchart of the
clustering methodology is shown in Fig. 7.

1 Niot 1 N,
SI = > < sg)) (40)
1

N[Ol i—1 C =

DBI =

1 &% max (M) (41)

N 2= i#i\ dy
where Ny, is the total number of nodes in a given set, N, is the number of
clusters and S(j) represents the ratio of the difference between the
minimum average distance and the average distance between jth node
and all other nodes to the maximum of both, X(i) and X(j) are the
average distance between each location of cluster i & j and centroid of
that cluster respectively, dj is the distance between the centroids of
cluster i and cluster j.

5.2. Second level optimization

In this section, the proposed methodology to optimize the overall
hardening is discussed. The flowchart of the proposed methodology is
shown in Fig. 8. Here, the set of buses/nodes and distribution lines that
belong to the optimization algorithm’s search space is derived using
Algorithm — 1. Here, the nodes for set {B} are chosen to not fall on the
vulnerable zones. The distribution lines for set {L} is chosen based on
step 8 and step 9 of the Algorithm — I discussed below. In this algorithm,
the distance matrix API is imported from cloud service to calculate the
distance between the given two nodes (represented by CS;). Here in the
expression of CS;, OHfﬁs represents the distance of overhead line [, the
parameters d and m are constants whose value depends on the line
loading and budget. Generally, the effect of earthquakes on substations
and distribution lines is calculated based on PGA and for the under-
ground cables, it is computed using peak ground velocity (PGV). The
expression for PGV applied in this article is given by (42) [50]. The
worst-case PGV mentioned in Fig. 8 is obtained by calculating PGV for
the worst earthquake magnitude.

—0.6615 4 0.3463 x M,, — 0.0262 x R — 0.0021 x D firm soil
In(PGV)={ —1.1646 + 0.4299 x M,, — 0.0159 x R — 0.003 x D soft soil
—0.7649 4 0.3729 x M,, — 0.0229 x R — 0.0044 x D soil

(42)
6. Results of numerical experiments

The system considered in this study for optimal hardening is the 156-
bus power distribution system of Dehradun district, Uttarakhand, India,
which comes under seismic zone IV. Based on the chosen region’s
seismic catalogue, the moment magnitude of the earthquake ranges
between 3.5 <M, < 5.3 and the equation (43) represents its corre-
sponding regression model [42,51].

In(PGA) = ¢y + ¢1In(R) + caM,, — c3in(R+15) (43)

The value of seismic regression coefficients cg,c1,¢2,c3 considered in
this study are 2.29, 1.95, 2.07, and 4.03, respectively. Here, the Na-S
battery technology is chosen for ESU because it has the least climatic
impact of 30 kg CO2-eq/kWh [52]. Additional input parameters
considered in this study are shown in Table 1. In this table, the Time of
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Day (TOD) and its corresponding tariff is obtained from [53]. Table 2
shows the predicted critical/priority-based load (hospitals, water pump
houses, VIP/VVIP) across the distribution system. Table 3 shows the
median and lognormal standard deviation of the fragility curves corre-
sponding to the different damage states considered in this study [49].
These days, the presence of BIS across the distribution system is

significant. However, solar PV rooftop and electric vehicles across the
distribution system are significantly less compared to BIS. Therefore,
this study is performed by considering two schemes. The first scheme
considers only BIS (modelled as HBI with bpy = bgy = 0), and the
second scheme considers HBI (consisting of BIS, solar PV rooftop and
electric vehicles) as a part of the demand-side strategy. The results
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Table 1
Input Parameters for Optimal Hardening.

Time of Day & Tariff

Summer April — September
Off-peak 12 AM - 7AM 0.065%/unit
Normal 7AM - 6PM 0.081$/unit
Evening Peak 6PM — 11PM 0.11$/unit
Off-peak 11 PM - 12AM 0.065$/unit
Winter October — March
Off-peak 12AM - 6AM 0.065%/unit
Morning Peak 6AM - 9AM 0.11$/unit
Normal 9AM - 6PM 0.081$/unit
Evening Peak 6PM - 10PM 0.11$/unit
Off-peak 10PM - 12AM 0.065$/unit
Earthquake parameters

Mean SD Variance
M, 3.645349 0.761215 0.579449
Location 30.165N, 80.004E 0.761536,1.511734 0.579937, 2.285339

Parameters for Optimization

cue 46725$/km
cPs 508$/BIS
loid 1508/PV
cv 100$/EV
Ceny 0.0085 $/kg CO2
Cvp 0.142in $/p.u
(OF73 0.503 in $/p.u
Clross 0.265 in $/p.u
[Vinin, Vinax] [0.95 p.u, 1.05 p.u]
LLL . 80% of line capacity
Table 2
Predicted Peak Values of Critical/Priority-Based Loads.
Location Load in MVA Location Load in MVA
Anarwala 0.3964 Govindgarh 0.6442
Araghar 3.3698 HimalayanHospital 0.9911
Bhaniyawala 0.7434 Jollygrant 0.5451
Bindal 0.8672 Kunjbhavan 1.4867
Dakpatti 1.9822 Natraj 0.0991
Table 3
Median and j, Values of Electrical Infrastructures for Different Damage States.
Electrical Infrastructure Damage State Median [g] Pa,
Substation Minor 0.15 0.7
Moderate 0.29 0.55
Extensive 0.45 0.45
Complete 0.9 0.45
Distribution Lines Minor 0.28 0.3
Moderate 0.4 0.2
Extensive 0.72 0.15
Complete 1.1 0.15

obtained from these schemes are discussed further.
6.1. Results of first scheme

As mentioned earlier, in this scheme, the demand-side strategy ap-
plies only BIS. From the survey conducted across the system, 60% of
domestic load center have installed a local backup using BIS. Therefore,
it is essential to introduce the BIS model into the distribution system
model. The normal distribution function given by (44) represents the
uncertainty introduced by the presence of BIS (rated between 600 VA to
1150 VA) during the planning horizon (of 10 years) in this scheme.
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Fig. 9. Normalized Occurrence frequency of Earthquakes in the region
of study.

\/(2 )l [P ] X e*(PBIX*E(PBIS)/\/ZH[PBIS])2 (44)
)0 | Bis

In this scheme, the cases considered to study the proposed frame-
work are case A: worst-case seismic faults and case B: the most frequent
seismic fault in the region. Here, based on equation (45) (derived from
the seismic study performed in the chosen region [42]), and the
normalized (by a factor 100) frequency of occurrence data (for the past
five years) shown in Fig. 9 (representing the historical catalog of seismic
activity), it is evident that the most frequent seismic fault in the chosen
region is of moment magnitude 3.3. The frequent earthquake of moment
magnitude 3.3 occurs in eight different locations across the region of
study.

PDFp;s(Pgis) =

Log\oN =5.7—-0.71M (45)

where M is the moment magnitude of the earthquake and N is the
number of earthquakes with moment magnitude M. Based on the his-
torical seismic catalogue, the seismic fault that occurred in the location
(30.45°N 77.92°E) with a moment magnitude of 5.4 is the worst-case
seismic fault stricken in the region of study. As described in Section 5,
the Algorithm - I, based on the vulnerability assessment (described in
Section 3), the set of nodes and distribution lines for ESU placement are
derived. The accessible substations and distribution lines after the worst
seismic fault are obtained, shown in Table 4 and Table 5, respectively
(for case A). Followed by the most frequent earthquakes analyzed for all
eight different locations in the study region, all substations and distri-
bution lines are accessible as per the Algorithm - I. Therefore, for the
chosen system, identifying the optimal solution for case B is like ESU
planning for normal conditions.

Having the accessible substations and distribution lines, the objec-
tive function is given by (14) (considering bpy = bgy = 0) constrained
with (21) - (32) derives the optimal size and location of ESUs, which can
improve the grid flexibility during the normal condition and the system
resiliency during the emergency condition. The results of the optimal
solution shown in Table 6 reflect the global minima obtained using an
algorithm that combines APSO and BPSO [40]. During normal condi-
tions, the optimal ESU improves the bus voltage profile of the distri-
bution system. This is evident from Fig. 10, which represents the
percentage comparison of bus voltage profile for cases with and without
ESUs. Here the x-axis represents the buses in the system and y-axis
represents the difference in voltage magnitude (in p.u.) with and
without ESU in percentage.

As mentioned earlier, the objective function (34) constrained with
(35) - (40) (by considering PP in place of HBI in (35)) solved using LP
derives the optimal operation of ESUs within the cluster by assuming
two SOC levels for BIS such as 0% and 100%. Fig. 11 shows the maxi-
mized value of RI by the optimal operation of ESUs along with BIS for
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Table 4

Accessible Distribution Lines Followed by Worst Case Seismic Fault: for the first scheme.
LineSection DamageProbability DSIp LineSection DamageProbability DSIpy, LineSection DamageProbability DSIpL
L08 0.5114 1 L42 0.6010 3 L66 0.6460 0
LO9 0.8922 0 L48 0.7887 2 L67 0.8006 0
L10 0.5156 1 L49 0.9027 2 L68 0.8673 2
L11 0.8975 0 L56 0.6258 3 L69 0.8004 0
L12 0.5213 2 L57 0.6258 3 L70 0.8409 0
L19 0.6428 3 L60 0.6411 3 L72 0.5024 3
L20 0.5558 3 L61 0.6411 3 L73 0.6601 0
132 0.5401 1 L63 0.5213 3 L75 0.5878 3
L33 0.5293 1 L64 0.7461 2 L76 0.5932 3
134 0.4371 2 L65 0.8338 0

Table 5

Accessible Substations Followed by Worst Case Seismic Fault: for First Scheme.
Substation Damage Probability DSlgg Substation Damage Probability DSlgs Substation Damage Probability DSlgg
Araghar 0.488396 3 Lachiwala 0.486559 3 Ramnagar Danda 0.11555 2
Bairaj 0.331563 1 Lakhamandal 0.346177 3 Rishikesh 0.302965 1
Bhaniyawala 0.107374 2 Laltapper 0.179293 1 Savra 0.167859 2
Bhoopatwala 0.378232 1 ManeriBhali 0.293203 1 ShantiKunj 0.349822 1
Doiwala 0.103981 2 Nagarpalika 0.292999 1 Transport Nagar 0.479541 3
Himalayan Hospital 0.112021 2 Raiwala 0.340927 1 Tuini 0.339201 1
Jollygrant 0.128834 2

seismic fault mentioned above) is tested for two cases. Case I: by
Table 6

Optimal Results of Distribution System Hardening: for First Scheme.

No of  Location Lat(°N) Lon(°E) Size of Optimal value of
ESUs Name ESU Objective Function
14 Bhaniya 30.3657 78.0445 0.5601 442388953.234594

wala

Bhoopat 30.3069 78.0499 1.1191

wala

Jollygrant 30.3305 78.0297 0.6001

Lachiwala 30.3916 78.0944 0.9977

Lakha 30.3015 78.0583 1.0158

mandal

Laltapper 30.4555 78.1023 0.6393

Maneri 30.2670 78.0909 0.9557

Bhali

Nagar 30.1064 78.2815 1.6935

palika

Raipur 30.5721 77.9721 1.6228

Ramnagar 30.2967 78.0141 1.9725

Danda

ShantiKunj 30.3090 78.0948 0.5136

Transport 30.0222 78.2147 1.2547

Nagar

Bhaniya 30.3927 77.8096 0.9243

wala

Bhoopat 30.8223 77.8546 1.1330

wala

various targeted ERTs.

6.2. Results of second scheme

In the second scheme, the proposed demand-side resiliency
enhancement strategy applies HBI. As mentioned earlier, the outcome of
the survey across the system shows that the BIS is installed in about 60%
of the domestic load center. Here, the BIS’s presence is modelled similar
to the first scheme. A similar distribution function is followed for the
presence of solar PV rooftop and electric vehicles with a capacity of
(3x10) kWp and 30kW, respectively in the distribution system model of
DigSILENT PowerFactory. With the input data mentioned from Table 1
to Table 3, the proposed bi-level approach is applied to obtain the
optimal hardening solution. After getting the optimal hardening, this
scheme’s effectiveness during the extreme condition (i.e., the worst-case

10

considering the complete load connected to the system, and Case II: by
considering only the critical loads of the system (mentioned in Table 2).

As discussed in section 5, the distribution network is clustered to
obtain its vulnerable zones. The major components of the distribution
network considered in this study are substations and distribution lines.
Here the vulnerability of buses/nodes (substations) and the distribution
lines are derived using the Monte-Carlo earthquake hazard model, as
explained in section 3. Since the fragility of substations and distribution
lines are different for the same earthquake activity [49], individual
clustering of substations and distribution lines is performed. However,
the combined damage probability is derived using (10). Using the
clustering methodology mentioned in figure 7, the optimal number of
vulnerable zones are obtained for substations and distribution lines.
Fig. 12 and Figure 13, show that the optimal number of clusters for
substations and distribution lines are two and four respectively. The
optimal number of vulnerability zones and the possibility of risk are
shown in Table 7.

Applying the Algorithm — I, twenty and thirty-one number of buses/
nodes and distribution lines is obtained for {B} and {L} respectively
shown in figure 14. In this figure, the substations and the distribution
lines in the set {B} and {L} are represented by a red circle and red lines,
respectively. With the derived input data for second-level optimization,
the optimized cost of (14) obtained is 508847398.68 dollars. The
optimal size and location of ESUs are shown in Table 8, and the optimal
location of UCs is shown in Table 9.

During the normal condition, placing the ESUs at optimal locations
with optimal size has significantly improved the bus voltage profile. The
same can be evident from Fig. 15, which shows the percentage com-
parison of bus voltage profile cases with and without ESUs. Here the x-
axis represents the buses in the system, and the y-axis represents the
difference in voltage magnitude (in p.u) with and without ESU in per-
centage. Resiliency index (RI) is defined to measure the overall system
performance for both cases I & II during the emergency period given by
(33).

6.2.1. Casel

In this case, the value of Rl is calculated using (33) by considering the
complete load connected to the distribution system. Table 10 repre-
senting the RI values for various conditions such as without hardening,
with only ESUs, and the proposed methodology shows the proposed
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Fig. 10. Bus Voltage Profile Comparison - with and without ESU in percentage: for First Scheme.
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Fig. 12. Cluster Quality Index of Substation for different number of clusters.

framework’s effectiveness. From this, it is evident that the proposed
method has improved the overall energy served by three times of the
case without any hardening measures and 1.5 times of the case with only
ESUs.

6.2.2. Case Il
Considering only the critical loads of the distribution system, as
mentioned in Table 2, RI is calculated using (33) against various
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Fig. 13. Cluster Quality Index of Distribution Lines for different number
of clusters.

Table 7
Optimal Clusters and its risk possibility of Substations and Distribution Lines.

Substations Optimal Clusters = 2
Possibility of Risk Cluster 1 Cluster 2
High Low
Distribution Lines Optimal Clusters = 4
Possibility of Risk Cluster 0 Cluster 1 Cluster 2 Cluster 3
High Nil Medium Low

targeted ERT. A comparison is made with RIs for various conditions such
as, with only ESUs and with the proposed methodology shown in
Table 11. From this, it is apparent that the proposed method has
significantly improved the energy served during the emergency period.

The obtained hardening results can improve the overall system
performance during normal conditions. The results obtained for both
cases I & II, show the proposed methodology can effectively improve the
energy served during the emergency condition.
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Table 8
Optimal Size and Location of ESUs: for Second Scheme.
Optimal Number of ESUs Location Size in MVA
Latitude Longitude MSL
5 30.448 77.7195 439 1.3848
30.3306 77.9574 610 1.1914
30.30925 78.031806 640 1.5593
30.6115 77.8753 1049 0.7573
30.2811 77.9903 601 0.7208

7. Discussions

This section elaborates the proposed hardening strategy’s effective-
ness by comparing the system performance among various strategies (as
mentioned in figure 4), such as without ESUs, with only ESUs and the
proposed framework. As mentioned earlier, the PSO algorithm is better
suitable for solving similar optimization problems [39]. To demonstrate
the effectiveness of the hybrid algorithm (based on PSO), a comparison
with algorithms like genetic algorithm (GA) and Ant Colony Optimiza-
tion (ACO) based on parameters such as overall cost for utilities in
dollars, optimal number of ESUs and UCs for both the schemes is shown
in Table 12. Besides, other critical findings of this study are articulated
in this section. Section 6 presents the results of numerical experiments
for both schemes. The system chosen for this study is situated on a mixed
terrain (situated on both hilly and plain region) comprises fifty-nine
33kV nodes and seventy-six 33kV lines. From the results of the first
scheme, it is evident that, for case A (worst case scenario), out of

12
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Table 9
Optimal location of UCs.

Optimal No of From Bus To Bus Cluster  Distance in

UCs km

16 Anarwala Hathibakarakala 2 5.3
Bindal Anarwala 2 6.7
Bindal Kaulagarh 2 4.8
Bindal Niranjanpur 2 8.2
Bhaniyawala  HimalayanHospital 2 2.7
Bhoopatwala  ShantiKunj 3 5.5
Dhakrani Harbertpur 3 2.8
Dhakrani VikasNagar 3 8.2
Jhajra Selaqui 2 7.8
Laltapper Bhaniyawala 0 7.4
Majra Mohanpur 0 11.1
Majra Niranjanpur 2 3.6
Majra TransportNagar 2 2.4
Rishikesh Laltapper 2 24.9
Rishikesh ManeriBhali 0 7
Rishikesh Raiwala 0 10.4

fifty-nine nodes, only nineteen nodes and out of seventy-six lines, only
twenty-nine lines are accessible (shown in figure 1) whereas, for case B,
all nodes and lines are accessible. Therefore, any framework which ap-
plies to the normal condition is suitable for case B. However, the results
obtained for case A proves that the system may not withstand a high
impact low probability (HILP) seismic hazard, i.e., the worst seismic
hazard.

From figure 10, it is apparent that ESU placement obtained for case A
also improves the bus voltage profile of the system during normal con-
ditions. For any resilience enhancement framework, it is essential to
minimize the load curtailment during ERT. Maximizing (33) constrained
with (34) - (39) effectively utilizes the presence of HBIs (here, bgy =
bpy = 0) to channelize ESUs, thereby to meet the overall demand with
minimal load curtailment.

Fig. 11 shows that having 0% SOC of HBI (or without HBI), and the
ESUs can satisfy approximately 20% of the identified critical/priority-
based loads for all targeted ERT, however, having 100% SOC of HBI
(i.e., with HBI) and the ESUs can satisfy approximately 50% to 80% of
the identified load for ERT ranging six to twelve hours. This contribution
of HBI directly decreases the initial investment of ESUs for utilities.

From results obtained for case I of the second scheme, it is evident
that the overall system performance during ERT is increased approxi-
mately by 60% compared to without any hardening measures and by
33% with only ESUs. The results obtained for case II of this scheme
indicate that the overall average system performance during targeted
ERT increases by 80% compared to without any hardening measures and
by 65% with only ESUs. Fig. 16 shows the comparison of RIs for various
resilience enhancement strategies. Apart from increasing the energy
served during ERT, the proposed framework decreases the cost of in-
vestment and operation & maintenance cost three times compared to a
scenario with only ESUs as evident from Table 13.

8. Conclusion

The existing methods to enhance system resilience focuses only on
grid-side solutions like capacity addition of resources which might in-
crease the capital investment for utilities towards distribution system
hardening. Sometimes, to improve system resilience via grid-side solu-
tion, the available resources like REPs and ESUs are utilized to form
microgrids by placing sectionalizer switches at optimal nodes. However,
these resources may fail to supply the demand during ERT because of its
vulnerability towards disaster. In ESU planning, the existing method-
ologies consider the vulnerability of distribution lines ignoring the
substations to which it is connected. However, to satisfy the demand
during ERT, both the substations and distribution lines must operate. As
an essential step in planning, it is required to consider all possible



B. Venkateswaran V et al.

Reliability Engineering and System Safety 213 (2021) 107682

00000

a0s

I Votogn, Magrtuse in %

Fig. 15. Bus Voltage Profile Comparison - with and without ESU in percentage: for Second Scheme.

Table 10
Comparison of Resiliency Index for Case I.
Resiliency Index Without OnlyESU  Proposed
(RD) hardening Hardening
0.0659 0.1258 0.1887

Table 11
Comparison of Resiliency Index for Case II.

Emergency Response Time Resiliency Index (RI

With only ESU Proposed Hardening

8 0.2335 0.6935
9 0.2179 0.6013
10 0.2024 0.5857
11 0.1868 0.5318
12 0.1664 0.4935

earthquake occurrences over the chosen region. Therefore, this paper
proposes an optimal planning methodology for distribution system
hardening with the Monte-Carlo based probabilistic earthquake hazard
model. Besides, the distribution system is clustered into vulnerable
zones that can rationalize the utilities’ challenges to supply the demand
during emergency conditions, thereby providing realistic outcome from
this probabilistic model.

With the increase in natural disasters and the smart grid’s continuous
evolution, the involvement of HBIs will undoubtedly play a vital role in
developing a resilient grid. Therefore, this article proposes a resilience
enhancement framework that combines both grid-side and demand-side
strategies. The obtained results show that the capital investment to-
wards the hardening of the distribution system can be decreased while
increasing the energy served during ERT by three times.

The presented work mainly focuses on hardening strategies to

enhance distribution system resilience against earthquake by combining
grid-side and demand-side management strategies. Further directions to
the presented study could be modelling of multiple disasters scenarios
and developing various strategies to enhance system resilience.
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Table 13
Cost comparison with only ESUs and with ESU & HBI.

Cost of Investment ($) Cost of O&M ($)
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72010.08

Table 12
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ACO 17 573715185.5 9 20 696444082.7
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Algorithm - I
Selection of Set of buses/nodes and lines.

Input: Vulnerable zones and its index of the network, N,, N, and location of
substations and lines (i.e., latitude, longitude and mean sea level)

© ® g wh e

forn =1toN,:

if i does not fall under the vulnerable zone:

n € {B}

end for

forl =1toNy:

if [ falls under vulnerable zone:

if ((OHYy, — CSgis)<d) &8 ((MSLgnoge — MSLinoge)<< m):
1 e{L}

end for
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