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Abstract—This paper presents a two-stage stochastic planning
model for transmission systems and distributed energy resources
(DERs) considering power system resiliency. The model takes
into account both normal and emergency conditions as well
as the duration of each condition. The proposed model is
formulated as a mixed-integer linear program to minimize the
total investment cost of transmission lines and DERs, expected
values of generators’ operation cost in normal and emergency
situations, and load shedding cost in emergency condition. The
emergency scenarios are considered as moderate, severe, and
complete damage states, which have different recovery times
for transmission assets. The Benders decomposition technique
is utilized to solve the optimization problem. Numerical results
are demonstrated based on the IEEE 118-bus test system.

Index Terms—Distributed energy resources, extreme weather
events, transmission expansion planning, resiliency.

NOMENCLATURE

A. Sets and indices

I,L* L Index and sets of candidate and existing lines

d,D Index and set of candidate location of DERs

s, Index and set of scenarios in normal operating
condition

s, Index and set of damage scenarios in emergency
operating condition

t, T Index and set of representative days in normal
operating condition

t', T Index and set of representative days in emer-
gency operating condition

h,H Index and set of operating time intervals

b,B Index and set of buses

g,G Index and set of generators

w, W Index and set of wind farms

s(0),r(1)

B. Parameters and constants

Indices of sending and receiving buses of line [

C Annualized investment cost of candidate line [
c?9, P9 Annualized capital cost and size of each DER
unit, respectively
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Ps,y Ps’ Probabilities of normal and damage scenarios s
and s', respectively

7¢',T{ »  Duration of representative day ¢ in normal oper-
ating condition and duration of emergency day
t’ for scenario s, respectively

Cq Operation cost of generator g

cm Operation and maintenance cost of each DER
unit

T Maximum number of DER units which can be
installed at location d

P Load shedding penalty factor at bus b

i Wind curtailment penalty factor of wind farm
w

csh Load shedding cost at bus b in emergency
operating condition

0, D™**  Maximum penetration level of DER units and
the peak load, respectively

PW{’Uc nts Forecasted production of wind farm w, day ¢,

"7 time interval h, and scenario s

PDy s Amount of load at bus b, day ¢, time interval h,
and scenario s

pPLe® Maximum capacity of line [

B Susceptance of transmission line [

M Sufficiently large positive number

PgM ar Maximum generation capacity limit of genera-
tor g

PWJ}’,W’S Forecasted production of wind farm w, emer-
gency day ¢/, time interval h, and scenario s

PDy s Amount of load at bus b, emergency day ¢, time
interval h, and scenario s

Hiht s  Binary parameter that is O if line [ during time
interval h, day t/, and damage scenario s’ is
in damage state or connected to a damaged
substation; 1 otherwise.

@g.nt,s»  Binary parameter that is O if generator g during
time interval i, day ¢/, and damage scenario s’ is
connected to a damaged substation; 1 otherwise.

Yy bt s Binary parameter that is O if wind farm w during

time interval h, day t, and damage scenario s’
is in damage state or connected to a damaged
substation; 1 otherwise.

C. Variables and functions

Xy, Tq Binary and integer variables associated
with candidate line ! and candidate DER
unit at location d, respectively

Plis Power generation of generator g, time in-

terval h, day ¢, and scenario s



PLSP ), 4 s Load shedding at bus b, time interval h,

day t, and scenario s

PL}Yy Power flow of line /, time interval h, day
o t, and scenario s
O 1t Voltage angle of bus b, time interval h, day
t, and scenario s
PWCY +s  Curtailed wind power of wind farm w, time
' interval h, day ¢, and scenario s
Py s s Power generation of generator g, time in-
terval h, emergency day ¢/, damage sce-
nario s’, and scenario s
PLS; ), s Load shedding at bus b, time interval h,
/ emergency day t', damage scenario s’, and
scenario s
PLleJL,t’.s’,s Power flow of line [, time interval h,
' emergency day ¢, damage scenario s’, and
scenario s
Oy ntr s s Voltage angle of bus b, time interval h,
emergency day ', damage scenario s’, and
scenario s
PWC;,hJ’,s’,S Curtailed wind power of wind farm w,

time interval h, emergency day ¢, damage
scenario s’, and scenario s

I. INTRODUCTION

ATURAL hazards, such as hurricanes, earthquakes,

floods, wildfires, and snowstorms, are of the main causes
of major outages in power systems [1]l, [2]. For example, a
study by the US department of energy shows that extreme
weather events were responsible for 58% of component out-
ages in power systems across the US between 2003 and 2012
[3l. Major natural hazards, which are categorized as high-
impact low-probability (HILP) events, impact a large portion
of power grids and have major economic and social conse-
quences. Available data on superstorm Irene and hurricane
Sandy, which hit the Northeast of the US in 2011 and 2012
affected 6.7 and 8.7 million customers, with estimated $10 and
$20 billions of damages to the power system infrastructures,
respectively [4].

It is likely that the frequency and severity of such events
could go up in the future as a result of climate change and
global warming [3], [5]. Nevertheless, conventional power
system planning models only focus on high-probability low-
impact events [6]]. Examples of these events include equipment
breakdowns, human errors, and external interferences, which
are usually considered as N-1 or N-2 criteria in the planning
of power systems [7]]. Such plans usually do not consider the
collapse of a large portion of power systems.

Resilience is an emerging concept in power system stud-
ies dealing with HILP events. Several definitions have been
provided for resilience by power and energy organizations
worldwide, such as the CIGRE [§]], the U.K. Energy Research
Centre [9], and the Federal Energy Regulatory Commission
(FERC) [10]. The recent definition provided by FERC [10]
defines resilience as “The ability to withstand and reduce the
magnitude and/or duration of disruptive events, which includes
the capability to anticipate, absorb, adapt to, and/or rapidly

recover from such an event”. According to this definition, the
key stages of power system resilience can be outlined as 1)
anticipating and preparing to make the power system as robust
as possible before any HILP event; 2) responding in a timely
and effective manner to preserve the system functionality
during any extreme event; 3) recovering as quickly as possible
to the level before the occurrence of any disruptive event, and
4) adapting the operation and structure of the power system to
prevent or mitigate the impacts of similar events in the future
(L1

Previous research articles have discussed the aforemen-
tioned stages of power system resilience against HILP natural
hazards. Generally, the available research works can be divided
into resiliency assessment, short-term studies, and long-term
planning. Resiliency assessment works are mainly focused on
presenting metrics and quantitative frameworks to evaluate
the resilience of the power system to HILP events. For
example, [|12[]-[[14]] present comprehensive discussions on dif-
ferent metrics and techniques for resiliency assessment against
weather-oriented HILP events. Short-term studies focus on the
preventive and corrective actions before, i.e., days or weeks,
during, and after the events [15]]. These works mainly utilize
islanded microgrids to minimize and recover disconnected
loads [[16]-[[19]]. In [19], for instance, a new optimization
model is proposed to divide distribution systems into multi-
microgrids to maximize load restoration after a HILP event
using coordinated topology reconfiguration.

Papers on long-term planning, which are also the focus of
this paper, are related to power system planning for providing
robustness and adaptability against major future events [14].
In [20], a two-stage stochastic formulation is proposed for
transmission and generation expansion planning to increase the
power system resiliency to earthquakes. The model considers
different ranges of earthquake events and their associated
damage states for each power system element. In [21f], a risk-
based approach is presented to minimize the vulnerability of
transmission systems to natural hazards by defining economic
and risk indices. The authors in [22] present a distributionally
robust optimization-based planning model for the hardening
and construction of transmission lines to enhance the system
resilience against extreme weather events. In [23]], a robust
planning model is proposed for the hardening and expansion
of transmission lines to improve power system resiliency;
the model incorporates resiliency requirements by a set of
constraints called the p-robustness constraints. Reference [24]]
develops a resiliency assessment framework to determine the
weak points of the power system against Typhoon disasters.
The model also provides a planning portfolio for the hardening
and construction of new lines at weak points to enhance the
system resiliency. The authors in [25] and [26] propose tri-
level and quad-level models, respectively, for substation, trans-
mission and generation, and transmission planning considering
only extreme weather events.

In addition to the reviewed resiliency-oriented planning pa-
pers which have focused on only the hardening and expansion
of transmission systems, other technologies like distributed
energy resources (DERs) have been utilized to improve the
power system resiliency. In [27]], a planning model is proposed



to integrate distributed series reactors into transmission grids to
enhance power system resiliency against HILP events. In [28]],
a robust optimization-based grid hardening and distributed
generation allocation is proposed to enhance the resiliency of
distribution systems. Reference [29]] investigates the impact
of microgrids sizing and siting in transmission systems to
increase power system resiliency against hurricanes. In [30],
a resiliency assessment framework is proposed to investigate
the impact of DERs on power system resilience; the work
quantifies the resilience of the power system for different
scenarios of the presence of DERSs in the system, i.e., ranging
from 0% to 50%, without determining the site and size of
DER units. The authors in [31] present a multi-objective
model for sizing and siting of battery storage systems and
photovoltaic resources to improve power system resilience
in which the event-induced failures are characterized by the
concept of capacity accessibility. Reference [32] presents a
bi-level model to identify investment portfolios including
substation hardening, line construction, and DER utilization
for enhancing power system resilience. The first level of the
model in [32] determines network enhancements and, in the
second level, the response and restoration of the power system
after occurring HILP hazards are simulated using sequential
Mote-Carlo simulation.

Previous research works on transmission system resiliency
planning (e.g., [20]-[22], [32]) were mainly focused on emer-
gency condition related to HILP events without considering
the impact of the proposed plan on the normal operating
status of the system. Moreover, the previous works have
considered fail versus operational states of components and
their recovery times (e.g., [27], [29], [31]). Besides, many
electric utilities (e.g., Commonwealth Edison in Chicago) are
planning to install DERs in strategic places to reduce the
negative impact of HILP events [29], [33]]. However, despite
the efforts made on utilizing DERs for enhancing power
system resiliency (e.g. [30]-[32]), the potential of DER units in
a joint DER/transmission plan for high-voltage power system
resiliency against HILP has not been fully explored.

The main contribution of this paper is thus to present
a joint transmission system and DER planning model for
improving power system resiliency such that both the normal
and emergency operating situations and the duration of each
situation are considered. Moreover, the emergency condition
is modeled by a set of damage scenarios based on three
damage states, i.e., moderate damage, severe damage, and
complete damage for transmission system components. This
paper extends the efforts in [20], [22], [29], [31]], and [32]
by presenting a resiliency-based planning model that con-
siders system conditions not only under emergency but also
under normal operations. The inclusion of normal operating
conditions in the process leads to a plan that improves
system resiliency while reducing system operational costs in
normal condition. The present paper also builds on previous
resiliency-oriented literature [21]], [27]-[29], [31]], and [34]
by expanding the operation states of the damaged system
to include moderate damage, severe damage, and complete
damage states of components and their associated recovery
times. This consideration avoids the over-design of the sys-

tem and saves unnecessary costs. Furthermore, unlike [35]-
[37], which utilize DERs to improve the operation of power
systems in the long-term in the normal operation condition,
and building on works that have used DERs to improve
distribution system resiliency (e.g., [28]], [34]), we propose to
integrate DERs in the transmission system planning process to
enhance the system operation during not only the emergency
events but also during the normal operation condition. The
advantage of this consideration is avoiding over-design in the
planning process and saving unnecessary costs. Moreover, the
model in [32] is computationally intensive and challenging
for large-scale networks due to the utilization of sequential
Monte-Carlo simulation and a heuristic algorithm based on the
genetic algorithm; however, we utilize Benders decomposition
along with pre-determined damage scenarios which has better
computational performance and can be applied to large-scale
power systems.

The rest of this paper is organized as follows. Section
explains the general structure of the proposed model. The
mathematical formulation of the proposed model and scenario
determination procedure are also presented in this section.
Section describes the solution methodology based on
the Benders decomposition method. Simulation results and
discussions are provided in section [[V] and finally, conclusions
and future works are presented in section [V}

II. MODEL DESCRIPTION AND ASSUMPTIONS

Fig. [T] illustrates the general structure of the proposed
transmission and DER planning model. The first stage of the
model determines new transmission lines and DER units by
minimizing the total investment cost and expected operation
and load shedding costs for both normal and emergency
conditions. In the second stage, the operation subproblems are
solved for each scenario of normal and emergency conditions.
The objective of the normal subproblems is the operation
costs of conventional generators and a penalty cost on wind
power curtailment and load shedding. However, the emergency
subproblems are trying to minimize the total load shedding
costs based on load importance factors of each bus.

A. Assumptions

In this paper, in line with previous research works, we make
a set of assumptions as follows.

1) The investment decisions of new transmission lines and
DER units are optimized for a single target year [27].

2) The HILP event occurs only one time in the target year.

3) The N-1 reliability constraints related to failures of lines
and power plants in normal operating condition are not
considered in this paper [22], [24]]-[27]. However, these
constraints can be integrated into the proposed model
using “Line Outage Distribution Factors” and “Power
Transmission Distribution Factors” as in [38]].

4) We assume that power plants will not be damaged by
HILP events based on the fact that they are usually built
with high structural reliability against extreme weather
events like hurricanes [20], [39].
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. Structure of the proposed model based on Benders decomposition.

5) The cascading outages of power system components
associated with the induced HILP events are not con-
sidered in this paper [27], [32].

6) Wind farms, power plants, and transmission lines that are
connected to a damaged substation will be disconnected
for each damage scenario until it is recovered.

7) The DER units are considered as generic distributed
generators with a linear operation and maintenance cost
[35].

8) The uncertainties of future load and renewable energy
production under normal condition are modeled by gen-
erating enough number of scenarios and then reducing
them to a tractable number of scenarios using the fast-
forward method (FFM) [35]], [40]. The FFM first selects
a subset of the original generated scenarios by mini-
mizing the distance between the subset and remaining
scenarios [40], [41]. Then, the probability of each non-
selected scenario is added to its closest selected scenario
according to their distance. For more detail see [40],
[41].

B. Mathematical Formulation

The proposed two-stage resiliency-oriented stochastic trans-
mission and DER planning model is as follows.

min Y ez + Y P +EQ(r, 0] (1)

leL+ deD

The first and second terms of (I)) are the investment cost of
new transmission lines and DER units, respectively. The third
term is the expected value of operation and load shedding costs
for both normal and emergency conditions. The mathematical
representation of this term is as below:
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The first and second terms in (3) compute the operation
costs of conventional generators and installed DER units and
the third and fourth terms calculate load shedding and wind
curtailment penalties under normal condition, respectively
[27]]. In this equation, %gh and s, ¢ are load shedding and wind
curtailment penalty factors which are considered large enough
to avoid any curtailment in normal condition [42]]. Similarly,
(@) calculates the total cost of load shedding under emergency
situation. Note that the load shedding cost parameter (cgh)
should be considered less than penalty factors in normal
condition due to the high chance of load curtailment under
emergency condition. However, it should be assumed in a way
that the normal operation cost and emergency load shedding
cost are comparable [27].

The constraints of the model include investment constraints,
normal operational constraints, and emergency situation con-
straints [20]], [27], [35]]. Investment constraints are given as:

x; €{0,1}, g < 2" 3
> x4P% < D™ 6)
deD

where (3) represents the maximum number of new lines and
DER units and (6) limits the integration level of DERs in the
power system [35]], [43].

The operational constraints for the normal condition for
each scenario s, representative day ¢, and time interval h are
as follows [35]], [44].

ZP;h,t,s - Z PL?.,h,t,s + Z PLZh,t,s
g=b
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In the above equations, (7) represents the supply-demand
power balance constraint, (B)-(TT) determine the power flows
in the existing and new lines plus their flow limitations, and
(12)))-(T4) limit the production of conventional generators, load
shedding, and wind curtailment, respectively. The emergency
condition constraints for each normal scenario s, emergency
scenario s’, emergency day t/, and time interval h are as
follows [20]], [22], [23]], [27].
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The above constraints are similar to the normal operational
constraints such that (I3) represents the supply-demand power
balance constraint at each bus during emergency condition.
Constraints and calculate power flow through each
new line and enforce their flow limitations, respectively. Sim-
ilarly, constraint (I8) computes the line flow of each existing
line, and constraint (T9) limits the power flow of each existing
line. The binary parameter f ;¢ s in (I8) and (I9) is for
defining in-service and out-of-service states of lines during
emergency condition [22f, [23]]. In other words, if line ! at
time interval h, emergency day ¢’, and scenario s’ is damaged
or connected to a damaged substation (out-of-service state), we

set wyp.,s = 0; otherwise, it is equal to 1. Constraints (20)-
(22) represent conventional generator production capacity,
load shedding, and wind curtailment constraints, respectively.
The binary parameters ¢gp s and ¥, p 4 o determine if
generator g or wind farm w is in-service or out-of-service. If
generator g or wind farm w is in a damage state or connected
to a damaged substation, we set the associated parameter equal
to O until the substation is recovered.

C. Damage Scenario Determination

We use a probabilistic approach to obtain the damage
scenarios of transmission assets in response to hurricanes. To
do so, first, we characterize hurricane events using historical
data and HAZUS software [45]. Then, the fragility of com-
ponents to hurricanes is defined and finally, the algorithm for
generating scenarios is presented.

1) Hurricane hazard model: In the case of hurricanes,
we need to model their magnitudes, landfall locations and
possible trajectories, and spatial wind speed profiles. For the
magnitudes, hurricanes are categorized from 1 to 5 based
on their maximum wind speeds. The wind speed ranges of
each hurricane category with its occurrence probability are
provided in [46], [47]. For the locations, we consider a set
of probable landfall locations and hurricane trajectories in the
study area based on historical hurricane data. Finally, the wind
speed profile for each hurricane scenario (landfall location
and trajectory) is modeled using a set of circles, as shown
in Fig. 2] which their radius is defined based on the worst
possible hurricane. In this figure, the wind speed in each area
is determined based on wind speed at landfall location and the
defined deduction factors using HAZUS software [45]], [48]].
Accordingly, the area inside the red circle (Al) experience
the maximum wind speed while it is dropped to 82.5% of the
maximum wind speed for the area between the red circles and
the blue circles (A2) [34]]. Then, the wind speed decreases
to 75% of the values in Al and A2 for the area inside the
orange circle (A3) and between orange and green circles (A4),
respectively. The wind speed outside of these areas will not be
considered in this paper because the hurricane-induced damage
probabilities of assets within these areas are extremely low
[45]].

2) Components fragility model: We utilize fragility curves
to give the probability distribution of damage states as a
function of given peak gust speed, which is the highest
“instantaneous” wind speed during a specified period (usually
3 seconds) [49]], for different network components. These
curves for substations, transmission lines, and wind farms are
as follows.

Substations: The probability damage functions of substa-
tions in response to hurricanes are modeled by log-normal
distribution functions (see [39]], [48], [50] for detail). Fig. E]
shows the fragility curves for a typical substation. Repair times
of substations follow the Normal distribution as N (72h, 36h),
N (168h,84h), and N(720h,360h) for moderate, severe, and
complete damage states, respectively [46], [51].

Transmission lines: Transmission lines consist of a various
number of support structures such as towers, conductors, and




Fig. 2. General wind speed distribution model of hurricanes using HAZUS.
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Fig. 3. Fragility curves for a typical substation located in light suburban
terrain.

poles. The number of transmission support structures (TSSs)
can be calculated by dividing the line length by the average
span between two adjacent towers [46]]. The failure probability
of 4t transmission structure can be approximated by an
exponential function for a given wind speed w, in mph as in
(23) [46]l, [49]. The moderate, severe, and complete damage
states for a transmission line are defined as 12%, 50%, and
80% failures of its support structures, respectively [20], [51].
The repair times of a transmission line for moderate, severe,
and complete damage states are considered as N(24h,12h),
N(72h, 36h), and N (168h,84h), respectively [46], [51].

pfrss,; (wy) = min{2 x 107700834 1} (23)

Wind farms: Wind farms consist of several wind turbines
with similar characteristics. The failure probability of a typical
wind turbine can be expressed by log-logistic distribution for
a given wind speed w, as in (24) . In this equation,
« and [ are scale and shape parameters of the log-logistic
distribution, respectively. The values of these parameters are
given in [52] for a 5 MW offshore wind turbine designed
by the U.S. NREL [53]. Accordingly, the moderate, severe,
and complete damage states for a wind farm are defined by
40%, 70%, and 100% failures of wind turbines, respectively
, . The associated repair times for a wind farm for

moderate, severe, and complete damage states are assumed as
N (48h,24h), N(144h,72h), and N(336h,168h).

(wg/a)ﬁ
1+ (wg/a)?

3) Scenario generation and reduction: The algorithm to
find the damage scenarios of transmission assets in response
to hurricane events using the discussed hurricane hazard model
and assets’ fragility functions is as follows.

phwr(wg o, B) = (24)

o Initialization:

1) Define a set of possible landfall locations and hur-
ricane paths based on historical data
2) Determine transmission lines, wind farms, and sub-
stations in the areas A1-A4 for each hurricane
o Scenario Generation:

1) Generate a random number to select one of the
hurricane scenarios
2) Generate a random number for wind speed in Al
based on hurricane category occurrence probability
and calculate wind speeds in A2-A4
3) Calculate the moderate, severe, and complete dam-
age probabilities of each substation using the calcu-
lated wind speeds
4) Calculate the failure probabilities of each TSS and
wind turbine using the calculated wind speeds and
equations (23)) and (249)
5) Generate a set of random numbers (u1, us, . . ., Ug)
uniformly distributed in {0, 1} for each substation,
TSS, and wind turbine
6) Compare uq, us, . .., ur with calculated damage and
failure probability values of substations, TSS, and
wind turbines
a) For substations: If uy is less than complete dam-
age probability, then the asset k£ is in complete
damage condition; else if it is less than severe
damage probability, then it is in severe damage
condition; else if it is less than moderate dam-
age probability, then it is in moderate damage
condition; else it is not damaged

b) For lines and wind farms: TSS or wind turbine
k is failed if the associated u; is less than the
associated failure probability

¢) Determine damage states of each line and wind
farm using the failure percentages mentioned
above

7) Generate random numbers to obtain the recovery
time of each asset using the repair probability dis-
tributions and type of damage

8) Repeat steps 1 to 7 until the maximum number of
scenarios are generated

e Scenario Reduction: Reduce the generated scenarios us-
ing available methods such as FFM [40].

III. SOLUTION PROCEDURE

The proposed two-stage stochastic model (I)-(22) can be
rewritten in a compact form as:
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The objective function corresponds to (I)-@). Con-
straint (26) represents the investment decision constraints de-
fined as (5) and (6). Constraint and (29) denote the power
balance constraints for normal and emergency conditions, i.e.,
and (T3)). Constraints and represent the inequality
constraints (8)-(T4) and (I7)-(22) regarding the normal and
emergency conditions, respectively. Variable vectors A, s, ot s,
Y ,s',s» and By o o are vectors of dual variables associated
with the corresponding constraints. Vectors Ct, C™, and C*
are the investment cost, normal and emergency operation cost
vectors, respectively.

The above optimization problem can be recast as a master
problem and a set of subproblems based on the dual Benders
decomposition framework. The master problem, subproblems,
and the solution algorithm are described as follows.

A. Subproblem

The proposed model has two sets of subproblems (SPI,
SP2) related to normal and emergency conditions. These
subproblems are defined as follows according to the dual
Benders decomposition framework [54].

SPI: Vs,
| max (F" =D"X")\s + (I" = G" X" )y 31
S.t.
EnAt7s + HnOét7s =C" (32)
Ai.s @ free
ts (33)
at,s 2 0
SP2: Vs, s, t/
maﬁx (FefDeX*)’yt/7s/’s+(Ie 7G6X*)ﬂt/’s/7s
Yt/ s! 5Pt 8! s
(34)
S.t.
Ee’Yt’,s’,s + Heﬁt’,s’,s =C° (35)
Yers,s : free 36)
ﬁt’,s’,s Z 0

The vector X ™ is the investment decision which comes from
the master problem and considered as input data in the SP1
and SP2.

{ 3
Setv=1,UB=oand LB = -
\. v
v
{ 3
Initialize X* = {x;, x3}

\. v
I-T- - - -3~ - - - - - == ------- 1
I( \ 1
i | Solve sP1 (31)-(33) for vs € 0, Compute 1
1 VtET At,s,w a;,s,v 1
| \. ¢ v I
| r N\ 1
1| Solve SP2 (34)-(36) for Vs € Q, Compute 1
1 L vs'eQ \vt'eT ) Yers s Birstsw :
1
| v |

( L ) 1
I'l Generate Optimality Cuts Using |
1 (39)-(40)
(AN J 1

v= m. 7 Solving :
i ) Subproblems |
| Compute UB .
:_L l v I
Solve Master Problem (37)-(40) Compute X* and
using Generated Cuts LB
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Fig. 4. Flowchart of the solution algorithm.

B. Master Problem

The master problem of the proposed model is as below:

H}}HCiX + ZPS(ZTZLUZS + Z Ds’ Z Tf/,s’nf’,s/,s)

sEQ teT s'eQ) t'eT’
(37
S.t.
(26) (38)
n;t > (Fn - DnX)A;s,v + (In - GnX)a;s,v (39)

77t€’,s’,s > (Fe - DeX)’Y?’,S’,S,’U + (Ie - GEX)B:/,S’,S,U (40)

where (39) and are the optimality cuts corresponding to
SP1 and SP2, respectively. The v is the iteration counter and
vectors Ay o .0 o s Vi g s and B o o are the optimal
values of SP1 and SP2 decision variables in iteration v [54].
It should be noted that since we allow wind curtailment and
load shedding in the model, the subproblems SP1 and SP2 are
always feasible for any given X*. Therefore, the optimality
cuts and are enough and no feasibility check is
needed [54].

C. Solution Algorithm

The flowchart of the Benders decomposition method for
solving the proposed model is shown in Fig. @] The steps
of the algorithm are described as below [54]:

1) Initialization:

a) Initialize the lower and upper bounds: LB = —o0
and UB = o0
b) Initialize feasible values for z, x;



¢) Set the iteration counter v = 1
2) Solving subproblemS'

a) Solve SP1 (BI)-(33) for each ¢ and s and find A}
and at7 s

b) Solve SP2 (34)-(36) for each ¢', &', and s and find
ly:’,s’,s,v and 6;;’75’75,1)

¢) Generate optimality cuts using @I) and (@0)

d) Update upper bound as: = C'X* +
PIAOBL DI Z 62 ,8)
seEQ teT s'eqQ t'eT’
where Z;';" and Z{;", _ are the objective values of

SP1 and SP2 respectlvely
3) Solving master problem:
a) Solve the master problem (37)-(@0)
b) Update lower bound as: LB = ZMP:*
where ZMP* is the objective value of the master
problem.

t,s,v

4) Convergence checking:
a) If [UB — LB|/LB < ¢ stop the algorithm
b) If not, increment the iteration counter v = v + 1
and go to 2.

IV. SIMULATION RESULTS

The IEEE 118-bus test system [55]], which has been mapped
to Texas state in [[1], is selected for the case study. This system
has 186 branches, 54 generator units, and 91 load buses. To
modify this system, we add four wind farms with a capacity
of 350 MW, 100 MW, 100 MW, and 150 MW in buses 37,
55, 108, and 117, respectively. Besides, the capacity of 500
MVA branches is reduced to 250 MVA while it is set to 120
MVA for other branches to make the network more congested
such that the results could show the effectiveness of the model
clearer. Note that the seasonal line ratings and the effects of
wind-related cooling during storms are not considered in this
paper. The detailed data of this test system including the line
numbers can be found in [55]], [56].

We consider four representative days associated with win-
ter, spring, summer, and fall seasons [57], [58]. Using the
historical hourly data from the ERCOT market for the year
2017 [59], we generated one hundred thousand load and wind
power scenarios and then reduced them to five scenarios using
the FFM [35]], [41]. Both penalty factors for load and wind
curtailment (%gh and »0¢) are assumed to be 2000 $/MWh
and the clfh is considered to be 1000 $/MWh for all load buses.

It is assumed that DERs can only be installed in load
buses. The size of each DER unit (P%9) is considered 5 MW
and maximum of 6 units can be installed in each candidate
location. The maximum DER integration is limited to 15% of
the peak load, i.e., o = 0.15 [35]]. The capital cost of each unit
is considered to be 1000 $/kW that is annualized based on its
life-time (10 years) and interest rate (2%) [44]. The operational
and maintenance cost and the capacity factor of each DER unit
are assumed to be 35 $/MWh and 0.9, respectively [60].

The presented procedure in section [I-C| is utilized to
generate damage scenarios of transmission assets using one
of the most probable landfall location and hurricane trajectory
in Texas state. The generated damage scenarios are reduced to

TABLE I
PLANNING OUTCOMES FOR THE DEFINED ALTERNATIVES.

TEP-N DTEP-E DTEP-N DTEP-EN

lg—5,l30-17, lg—5,l30-17,
l26-30,l12-117  l26-30, l65-68,
lg3—85,l12—117

Constructed lines los—6s,li2—117  lssz—s5,l12-117

Main nodes of 1267 &

installed DERs B 70— 107 100 — 112 70-107
Installed DERs - 900 MW 900 MW 900 MW
Lines inv. cost MS 1.600 MS 2.663 MS$ 0.789 M$ 0.506
DERSs inv. cost — M$ 100 M$ 100 M$ 100
Total normal M$ 1847 M$ 1724 M$ 1720 M$ 1725

operation cost

5 to be used in the proposed planning model and have tractable
results. The final damage scenarios can be found in [56]. It
should be mentioned that extreme weather events are assumed
to happen in the summer.

A. Demonstration of Planning Outcomes for Alternative Cases

In this section, we apply the proposed method to the test
case based on the data and damage scenarios mentioned above
and discuss the outcomes. We refer to the proposed planning
approach, i.e., the joint transmission and DER planning con-
sidering both normal and emergency conditions, by DTEP-EN.
In addition to the proposed approach, we also demonstrate
the planning outcomes for three other alternative approaches,
i.e., transmission planning considering only normal condition
(TEP-N), joint transmission and DER planning considering
only emergency condition (DTEP-E), and joint transmission
and DER planning considering only normal condition (DTEP-
N).

As expected, different expansion plans are obtained when
considering DERs and normal or emergency conditions. Table
[ summarizes the planning outcomes for the aforementioned
alternatives. Observe from the table, four and six new lines
are installed for TEP-N (i.e., Is_5, l30-17, l26-30, l12-117)
and DTEP-E (i.e., ls 5, I30-17, l26—30.l65—68: [83—85, l12-117),
respectively, whereas only two new lines are added in DTEP-
N (i.e., lgs—68, l12-117) and DTEP-EN (i.e., lg3_g5, l12-117)-
see the line details in [55]], [[56]. The line l15_117 is common
in all four alternatives, whereas one of the lines lg5_gg Or
ls3_g5 1s chosen for the DTEP-N and DTEP-EN, where
only normal or both normal and emergency conditions are
considered, respectively. Also, line lg3_g5 is common for
DTEP-E and DTEP-EN where the emergency condition is
considered. Furthermore, the total installed DER capacity is
900 MW for all three DTEP-N, DTEP-E, and DTEP-EN. The
DER units in DTEP-N are mainly installed in buses within
the non-impacted area, whereas for DTEP-E and DTEP-EN,
they are mostly distributed in the impacted area, as partially
shown in Fig. ] In this figure, the colored nodes indicate
the installation of DERs at those nodes; the red and green
nodes represent the location of DER units only for DTEP-N
or only for DTEP-EN, respectively; the blue nodes indicate
the common locations between the two DTEP-N and DTEP-
EN alternatives. Also, the DER locations for DTEP-E in this
figure are the same as those for DTEP-EN plus node 109 that is
not chosen in DTEP-EN. It can be observed from this figure
that as expected, considering emergency condition suggests
an expansion plan for DER units to support the load in the
damaged areas.
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DTEP-N: Red & Blue
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Fig. 5. Installed locations for DER units in impacted and non-impacted regions for the alternatives.

The planning cost, i.e., the sum of the annual operation
and investment costs, is very close for the aforementioned
alternatives, i.e., B$1.849, B$1.827, B$1.821, and B$1.826
for TEP-N, DTEP-E, DTEP-N, and DTEP-EN, respectively.
Note that the investment portion of the total annual cost has
gone up when DER is considered. However, since the output
power of DERs displaces the expensive peaking generators,
the operation cost is lower for DTEP-E, DTEP-N, and DTEP-
EN compared with TEP-N. Therefore, the suggested expansion
plan in DTEP-EN covers the area where the major event hits
under the emergency operation condition, as highlighted in
Fig. B] Also, it helps the system under the normal operating
condition similar to DTEP-N by reducing the number of new
lines and operation costs. Note that the total investment costs,
including the costs of transmission lines and DER units, are
almost the same for all three DTEP-E, DTEP-N, and DTEP-
EN. However, DTEP-E results in installing four new lines
more than DTEP-N and DTEP-EN which can increase the
risk of stranded assets.

B. Resiliency Improvements

This section investigates the resiliency of the test power
system for the obtained expansion plans in TEP-N, DTEP-N,
DTEP-E, and DTEP-EN under defined damage scenarios and
two real-life hurricanes in the state of Texas, i.e., hurricanes
IKE 2008 and Harvey 2017. To do this, we use Monte-
Carlo simulation (MCS) along with dc optimal power flow
(DCOPF) to calculate the expected daily load shedding for
the power system reinforced by each expansion alternative.
It is worth mentioning that before running the mentioned
MCS and DCOPF for the actual hurricanes, the wind speeds
of hurricanes in different regions are determined using the
HAZUS software [45]].

Fig. [6] shows the expected daily load shedding for TEP-N,
DTEP-N, DTEP-E, and DTEP-EN alternatives based on the
damage scenarios that were used during the planning process.
In other words, if the simulated hurricane actually occurs, how
the four expanded systems are compared. As can be seen, the
expected daily load shedding for DTEP-EN, which is almost
the same as that for DTEP-E, is less than those for TEP-N and

DTEP-E: Green & Blue plus | Impacted
node 109 i Area
6000
mTEP-N m DTEP-N DTEP-EN DTEP-E

5000
4000
3000
2000

1000
BN bbb .
3 4 5 6 7 8 9

1 2

Expected Load Shedding (MWh)

0
30 31
Day

Fig. 6. Expected load shedding of the obtained plans under damage scenarios.
TABLE II
TOTAL EXPECTED LOAD SHEDDING FOR DEFINED ALTERNATIVES.

Damaged Scenarios  Hurricane IKE ~ Hurricane Harvey

(GWh) (GWh) (GWh)
TEP-N 22.04 10.09 10.03
DTEP-N 18.91 8.95 4.95
DTEP-EN 10.31 4.64 1.99
DTEP-E 10.32 4.71 2.01

DTEP-N over the recovery period. In particular, observe that
during the first three days after the impact, the load shedding
for the proposed plan is significantly lower than the load
shedding for the other alternatives.

We also applied the data from hurricanes IKE and Harvey
to the alternative plans. Fig. [7a] and Fig. [7b] show the expected
daily load shedding for those plans in response to hurricanes
IKE and Harvey, respectively. As expected, the load shedding
reduces over time and the first three days experience the
most damages to the power system. From Fig. [7] observe that
DTEP-EN and DTEP-E plans result in the least expected load
shedding for both hurricanes.

Besides, the total expected load shedding for TEP-N, DTEP-
N, DTEP-E, and DTEP-EN alternatives are summarized in
Table |H| for defined damage scenarios, hurricane IKE, and
hurricane Harvey. Observe from the table, the expected load
shedding for DTEP-EN is significantly less than the load
shedding for TEP-N and DTEP-N and is very close to the load
shedding for DTEP-E. In particular, the proposed plan (DTEP-
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Fig. 7. Expected load shedding for power network reinforced by TEP-N,
DTEP-N, DTEP-E, and DTEP-EN expansion plans against hurricanes Harvey
and IKE in Texas state.

EN) leads to 53% and 46% less load shedding under damage
scenarios compared to TEP-N and DTEP-N, respectively.
Also, the total expected load shedding for this case is 4.64
GWh for hurricanes IKE, i.e., 54% improvement compared
with TEP-N and 48% improvement in comparison with DTEP-
N. For hurricane Harvey, the total expected load shedding
for the case DTEP-EN is 1.99 GWh, i.e., 79% improvement
compared with TEP-N and 59% improvement in comparison
with DTEP-N. The lower load shedding in the DTEP-EN
stems from the installation of the DER units in locations that
are more vulnerable to hurricanes.

C. Computational performance

All the simulation cases in this paper have been solved by
CPLEX 12.6 under the GAMS environment on a PC running
the 64-bit Windows operating system with Core-i7 CPU clock-
ing at 2.2 GHz and 6 GB of RAM. The relative convergence
gap for the Benders algorithm has been set to 0.05%. Table
shows the number of discrete variables of the master problem
as well as the number of normal and emergency subproblems
at each iteration. In the table, parameters nr, ng, ny/, and n’s
are the number of representative days and scenarios in normal
and emergency conditions, respectively. Also, ny+ and np are
the number of candidate lines and DER locations, respectively.
The average computation time of TEP-N, DTEP-N, DTEP-E,
and DTEP-EN for the presented case study which includes
ng+ = 17, np = 91, np = 4, ng = 5, np» = 3, and
ng = 5 are 52 min, 18 min, 482 min, and 49 min, respectively.
Also, the number of iterations for TEP-N, DTEP-N, DTEP-E,
and DTEP-EN are 90, 42, 100, and 20, respectively, in which

TABLE III
COMPUTATIONAL PERFORMANCE OF PLANNING ALTERNATIVE.
# of Discrete # of SP1 # of SP2
Variables per iteration per iteration
TEP-N ny+ nr X ng —
DTEP-N np +np+ nry X ng —
DTEP-E np +nyp+ — npr X ngr X ng
DTEP-EN np +nyp+ nr X ng npr X ngr X ng

20 subproblems are solved at each iteration for both TEP-N
and DTEP-N whereas DTEP-E and DTEP-EN need to solve
75 and 95 subproblems per iteration, respectively. Note that
although the number of subproblems that must be solved in
each iteration for DTEP-EN is more than that of other cases,
the Benders algorithm has been converged faster due to a
bigger number of generated cuts at each iteration. Therefore,
the inclusion of both normal and emergency conditions does
not necessarily increase the computation time significantly.
Moreover, since most of the computation time is spent on
solving the subproblems, they can be solved in parallel to
improve computation time.

V. CONCLUSION

In this paper, a new planning formulation was proposed to
model the expansion of the transmission system and distributed
energy resources (DERs) considering power system resiliency.
In the model, both normal and emergency conditions and the
duration of each condition were considered. The moderate,
severe, and complete damage states of lines, substations, and
wind farms were considered in emergency scenarios and their
recovery times were modeled in the formulation. The obtained
formulation was applied to the IEEE 118-bus test system
mapped to the state of Texas and was solved using the Benders
decomposition approach. Using the wind data of hurricanes
IKE and Harvey in Texas state, the response of the proposed
system expansion was measured in terms of total expected
load shedding over a 31-day period. The proposed plan was
compared to three system expansion alternatives, i.e., only
considering transmission lines (TEP-N), considering transmis-
sion lines and DER units but only accounting for normal
operation condition (DTEP-N), and considering transmission
lines and DER units for only emergency operation condition
(DTEP-E).

The simulation results show that the proposed planning
method leads to significantly lower load shedding, particularly
during the first three days after the impact. This is owed to
the placement of DER units in more vulnerable spots in the
system. As expected, the investment cost in the proposed plan
is higher than that of TEP-N. However, the total operation and
investment costs for the two are very close. This is because
the DER units displace some expensive peaking units during
normal operations. Furthermore, compared to DTEP-N, the
investment and operation costs are very similar; however, the
proposed method results in significantly higher resiliency for
the system. Moreover, although the resiliency of the proposed
plan and DTEP-E are very similar, DTEP-E leads to more
number of new lines and results in an over-design plan.

Future work will focus on the extension of the proposed
joint transmission and DER planning model to incorporate



weather-related cascading outages. Moreover, transmission
switching (TS) was not considered in this study. TS creates
new challenges in the operation of the power system under the
emergency conditions such as voltage security and dynamic
stability which needs to be taken into account. Also, consider-
ing TS in the model, makes the subproblems non-convex due
to the addition of binary variables. Thus, a new decomposition
method will be incorporated to solve the optimization problem.
Moreover, the current model is a static planning model that
does not consider the impact of climate change and load
growth during the planning years. Therefore, the model will be
extended as a dynamic planning formulation to consider long-
term planning factors. Besides, the work may be extended by
including a detailed model for hurricane-induced damages of
power system components to consider the effects of flooding
and flying debris.
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