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Abstract—Climate change may increase the risk of an area
being hit by multiple extreme weather events, which brings
significant challenges for distribution system planners in an
increasing renewable penetration era. There is an urgent need for
planning approaches to be more flexible and allow for adaptive
adjustments in the future to hedge against high uncertainties
in extreme weather event scenarios. In this work, we propose
a resilience-oriented distribution system planning approach that
considers multiple extreme weather events. A multi-stage hybrid-
stochastic-and-robust formulation is developed to model decisions
not only for initial investments, but also for adaptive investments
and emergent operations in response to particular extreme
events, meanwhile considering both long-term and short-term
uncertainties. Our model is solved by a novel progressive hedging
algorithm that is embedded with a nested column-and-constraint
generation method. Case studies demonstrate the benefits of the
proposed approach in making flexible and affordable planning
decisions to protect distribution systems against multiple extreme
weather events.

Index Terms—resilience-oriented planning, distribution system
resilience, multi-stage adaptive optimization, multiple extreme
weather events, mobile energy storage.

NOMENCLATURE

Notations used in sections II-A to II-C are defined here. For
the sake of simplicity, notations used in abstract formulation
and algorithm are explained in sections II-D and III.

Indices and Sets
s,
b,m,n

Indices for scenarios and time periods.
Indices for buses. m and n are used to repre-
sent terminal buses of distribution line (m,n).
1 Index for renewable energy resources, loads,
and mobile storage units.

Sets of scenarios, time periods, and buses.
Sets of root bus(es), and buses that are portable
for mobile storage 1.

S, T,B
Broot7 Blgnes

Sl Sxtm - Qets of normal and extreme weather scenarios,
ie, §=&umlygxtm

L, e Sets of existing regular lines and tie-lines.

Lrew Set of candidate regular lines.
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Set of candidate lines to harden.

Set of all circles in the undirected graph that
represents bus-line relations of a system.

Set of branches in circle k € Qcireles,

Set of candidate mobile storage.

Sets of existing and candidate renewable en-
ergy resources.

Set of loads.

Set of devices - connected to bus b.

Probability of scenario s.

Number of days in a year.

Annualized investment costs of candidate re-
newable energy resource ¢ and line (m,n).
Maximum power capacity for candidate re-
newable energy resource or mobile storage .
Maximum energy capacity for candidate mo-
bile storage 1.

Re-investment costs per unit power capacity
and per unit energy capacity for renting can-
didate mobile storage ¢ in scenario s.
Re-investment cost for hardening line (m,n)
in scenario s.

Maximum number of hardened lines in sce-
nario s.

Probability of line outage in time period ¢ if
line (m,n) is not hardened.

Probability of renewable energy resource ¢
outage in time period t.

Repair time for an outage of line (m,n).
Repair time for an outage of renewable energy
resources <.

Uncertainty budget for outages.

Penalty for loss of load 3.

Charging and discharging operation costs for
mobile storage 7.

Local marginal price (LMP) at root bus b.
Active and reactive power of load i.
Shedding ratio limit for load .

Upper and lower bounds for voltage at bus b.
Maximum loss of load in scenario s.
Resistance and reactance of line (m,n).
Big-M value for constraints related to distri-
bution line (m,n).

Rating of distribution line (m,n).



nlA Number of linear constraints to approximate a

line rating constraint.
Parameters in the k-th linear approximated

i k
¢7rz,n7 Xm,n’
k rating constraint for line (m,n).

m,n
Amax

Dy Capacity of existing renewable energy re-
source i.

Wi Normalized available capacity of existing and

/ candidate renewable energy resource i.

d;",d™*  Upper and lower bounds for the duration of
mobile storage i.

neh, e Charging and discharging efficiencies of mo-
bile storage 1.

Yi,00 7, Normalized initial state of charge (SOC) and

SOC lower bound for mobile storage .

Decision Variables in Uncertainty Sets

}jfjhs’“ Binary variables indicating whether line
}j;f‘jl)&t (m,n) is supposed to be in an outage and start
an outage in time period t of scenarios s if it

is not hardened.
0i% 1 Vi s+ Binary variables indicating whether renewable

energy resource ¢ is in an outage and starts an
outage in time period ¢ of scenarios s.

Decision Variables

cons

Zm Binary variables indicating whether construct-

ing candidate line (m,n).

ax Capacity of candidate renewable energy re-
source <.

},‘narn R Binary variables indicating whether hardening
candidate line (m,n) for extreme scenario s.

Zinsit Binary variables indicating whether the switch
of tie-line (m,n) is on in time period t of
scenarios s.

%275715 Variables indicating connection status of line
(m,n) in time period ¢ of scenarios s.

P, e’s™  Power and energy capacities of candidate mo-
bile storage 7 for extreme scenario s.

Pioets dioe; Active and reactive power from the bulk power

o system through root bus b in time period ¢.

f}%’m st Active and reactive power flow in line (m,n)

st in time period t.

Up, st Squared voltage magnitude of bus b in time
period t. Using vy, to represent voltage
magnitude, we have up s+ = v} _ ;.

Pis,t Shedding ratio for load ¢ in time period t.

Dis,t1 Q5,0  Active and reactive power from renewable
energy resource ¢ in time period t. Reactive
power from mobile storage ¢ is also denoted
by Qi,s,t-

Qi bt Binary variables indicating connection status
of mobile storage ¢ to bus b in time period t.

Dib,s,ts Active and reactive power from mobile storage

Qib,s,t 1 injected to bus b in time period t.

€t SOC of mobile storage ¢ in time period ¢.

h B¢, Binary variables indicating whether mobile

storage ¢ is in the charging or discharging
mode in time period t.
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Pt P, Active charging and discharging power of mo-
bile storage ¢ in time period .

I. INTRODUCTION

XTREME weather events have frequently been happen-

ing all over the world, which threatens the secure oper-
ations of power distribution grids, especially for those with
renewable energy resources. A notable trend is an increasing
occurrence of being hit by more than one extreme weather
event in one specific area. A well-known example is Texas,
which has suffered from power outages or received outage
warnings due to heat waves [1], [2], hurricanes [3], and the
unusual February 2021 winter storm [4]. Multiple disastrous
events in one area have also been identified in other countries,
such as India [5] and Australia [6].

Although multiple extreme events may not usually come at
once, distribution system planners need to consider them all
from a planning perspective. In addition, we may not assume
specific extreme weather events would not happen based on
their rare historical occurrences, which is a lesson learned
from the Texas winter storm in February 2021. However, if
planners consider various events unlikely to happen in system
planning, the resultant decisions might be over-conservative
and unaffordable. Therefore, planning approaches are expected
to be flexible for adaptive adjustments in the future to hedge
against uncertainties in extreme weather event scenarios. To
address increasing uncertainties that may appear in future
power systems, the adaptive adjustment capability of flexible
generation resources depending on the partial realization of
uncertainties has been leveraged for day-ahead unit commit-
ment [7]-[9]. In the context of bulk power system planning,
the work in [10] shows how flexible planning decisions can
adapt to future high-impact uncertainties at reasonable costs
when considering a multi-stage decision-making process in
a long horizon. In terms of distribution systems, there is an
urgent need for flexible adaptive planning approaches that
can affordably address high uncertainties in the happening of
multiple extreme events.

After early warnings are received, re-investments in mo-
bile storage facilities and distribution line hardening provide
flexible planning options for resilience enhancement. On the
mobile storage side, authors of [11] propose a two-stage dis-
patch framework that considers pre-positioning and real-time
allocation for truck-mounted mobile emergency generators,
which includes mobile storage, in response to natural disasters.
Repair crew dispatch is further incorporated in [12] to co-
optimize with mobile storage for a resilient disaster recovery.
In [13], the roles of various types of PV systems are considered
in a two-stage stochastic pre-event preparation model. These
works address the pre-positioning, real-time allocation, and
post-disaster recovery topics in distribution system opera-
tions. From a planning perspective, authors of [14] propose
a two-stage stochastic mobile storage investment model that
considers routing decisions in the second stage to enhance
the distribution system resilience. On the distribution line
hardening side, an optimal hardening strategy is proposed in
[15] to protect lines against extreme weather events, in which
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Fig. 1. Illustration of adaptive planning.

a min-max-min optimization model is developed. In [16],
hardening decisions are made in a two-stage mixed-integer
program model considering both during-event operation cost
and after-event repair cost. In [17], network reconfiguration
and islanding are further incorporated in a two-stage robust
hardening model.

These works provide valuable insights into flexible planning
options for distribution systems usually in the context of two-
stage stochastic programming or robust optimization. They
rarely consider both mobile storage renting and distribution
line hardening in a framework wherein adaptive planning
flexibility can be leveraged to handle possible happenings
of multiple extreme weather events. It is worth mentioning
that the works in [18] and [19] incorporate line harden-
ing and backup generator allocation, while not considering
mobile storage. In these two works, two-stage optimization
models are formulated assuming event-preparation planning
decisions are independent of extreme scenarios. To make
better use of the aforementioned flexible adaptive planning
options, we propose a novel multi-stage hybrid-stochastic-and-
robust model that considers both long-term uncertainties in
extreme weather event scenarios, and short-term uncertainties
in outage consequences when specific extreme events happen.
Adaptive stochastic modeling is adopted to handle high long-
term uncertainties, which allows making initial and flexible
adaptive investments for possible happenings of multiple ex-
treme weather events. As illustrated in Fig. 1, this can enable
reduced conservativeness and therefore improved affordability
of the initial investment decisions. For extreme events, a robust
mechanism is used to represent resilient short-term uncertainty
management after early warnings are received.

On the other hand, solving the proposed multi-stage hybrid-
stochastic-and-robust model is challenging. Progressive hedg-
ing (PH) is a traditional method to solve stochastic optimiza-
tion problems [20], which can also be used as an effective
heuristic for optimizations with discrete decision variables
[21]. However, PH cannot be directly applied to our hybrid-
stochastic-and-robust model. To address this need, we propose
a novel PH algorithm that is embedded with a nested column-
and-constraint generation (CCG) procedure. The nested CCG
approach originally proposed in [22] is capable of iteratively
identifying worst-case short-term uncertainty realizations, and
converting our problem to a stochastic formulation with iden-
tified realizations. Consequently, the revised PH method can
be used to solve the whole model in our proposed approach.

The main contributions of this work are:

o We propose a resilience-oriented distribution system plan-

first stage

long-term uncertainties:
normal and extreme
weather event scenarios

initial investments

initial investment
decision

second stage | adaptive re-investments |

short-term uncertainties:
outage consequences of
extreme weather events

adaptive re-investment
decision "
M 4 \ 4

third stage | emergency operations | | normal operations
normal scenarios

extreme weather events

Fig. 2. Modeling framework (x and 2P are defined in section II).

ning approach that can represent flexible adaptive in-
vestments. Our numerical experiments show that flexible
adaptive investments can reduce the conservativeness of
planning decisions when multiple low-probability ex-
treme weather events are simultaneously considered.

o We formulate a multi-stage hybrid-stochastic-and-robust
model that takes both long-term and short-term uncertain-
ties into account. To address the computational challenges
in solving the proposed model, we develop a novel PH
algorithm that is embedded with a nested CCG procedure.

II. MULTI-STAGE RESILIENCE-ORIENTED ADAPTIVE
PLANNING MODEL

The proposed resilience-oriented planning, as shown in
Fig. 2, considers decisions made in three stages: The first
stage makes here-and-now decisions for initial planning,
which includes investments for renewable energy resources
and distribution lines; the second stage decides adaptive re-
investments on urgent mobile storage renting and distribution
line hardening, in response to specific extreme events when
early warnings are received; the third stage models normal
scenarios to represent daily system operations, and emergent
scenarios to reduce the impact of extreme events.

A. First Stage: Initial Investments

The decisions for renewable energy resource and distribu-
tion line co-investments are made in the first-stage problem in
(1). The objective function shown in (la) includes the initial
investment cost and the expected cost for future stages. By
denoting first-stage decision variables by x, we use p4(x) and
Js(x) to present daily costs for extreme weather events and
normal conditions, which are defined later in this section. Ca-
pacities of candidate renewable energy resources are bounded
in (1b). Binary variables for distribution line investments are
declared in (1c).

: inv,_max
min E ¢ 'pp o+
Z'GWZ)QW

inv _cons
E : cm,nzm,n+
(m,n)eLnew

Z Prg - os(x) + Z Pr, - 04(x) | - nd

sESxtm se€Snml
(1a)
st 0<pRx <P vie wrew (1b)
Zom € 10,1}, V(m,n) € L™V (1c)

where, © = {z507° V(m,n) € LV, pa* Vi € Wrewl,

m,n



B. Second Stage: Re-Investments for Extreme Weather Events

Renting mobile storage and hardening distribution lines are
considered emergent re-investment approaches to prepare for
extreme weather events. For each such event s € S*™, the ob-
jective function () calculates re-investment cost and future
operation cost. In (2a), 9(x, 2% ) and U, (x, 2P u,)
are the operation cost under the base case and big-M penalty
for infeasibility under the worst case, as further defined in (4)
and (16), respectively. Vectors 24P and wu represent second-
stage re-investment decision variables and event consequence
variables, respectively; 4, denotes event consequence vari-
ables u, in the base case. The power and energy capacities
of mobile storage are bounded in (2b) and (2c), respectively.
The line hardening decision is dependent on the construction
decision, as indicated in (2d). The number of lines that can be
emergently hardened is limited by the availability of crew and
time, as modeled in (2e). Binary hardening decision variables
are declared in (2f).

ps(x)

ca, eca
pcap maX+C pemax)

=min ( pl s 1,8 1,8

adp
Ts ~ jcEnew

E har har adp
+ Cm,n,san,n,s + 199 (ma ms ’ us)
(m,n)eLbar

+ max J,(z,
Ug GZ/{xtm

st 0 <p* < P,
d?lcspl SdX < emdx < d

2P u,) (2a)

Vi € Enew

max
Z s

(2b)
g < B
Vi€ £V (20)

z;‘frn s <z Y(m,n) € LN Lhar (2d)
Do s S (2)
(m,n)€Lhar
Zmims € 10,1}, ¥(m,n) € L™ (2f)
where, 2P = {zhar V(m,n) € L0 i el Vi €
EreWl and us = {O%Z’S}t,V(m,n) € LuULrevy Et‘e,Vt €

T; 0i% Vi € WUWRY NVt € T}

The uncertainty set UX*™ for outage consequences on dis-
tribution lines and renewable energy resources is constructed
in (3). In (3a), the uncertainty budget W for each time period
is defined based on Claude Shannon’s concept of information
[15], [23]. Here outages are considered to be mutually inde-
pendent. Note variables 052‘;)“ indicate outage statuses if line
(m,n) is not hardened. In (3b) and (3c), the relations between
outage-starting indicator variables and outage status variables
are constructed considering repair time. Outage events are
assumed to happen at most once for each device in a daily
scenario, as modeled in (3d) and (3e). Binary variables are
declared in (3f). Outages of mobile energy storage units are not
considered, as they can be kept in safe places when extreme
events happen.

U = {05;13,57t,\¢(m, n) € LUL UL Ve T;

Oi, Vi EWUW™Y VYt e T :

Lsta

(m,n)ELULrewULtie

line line
(_ IOgQ Prm n,s t) *Umon,s,t
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+ 0D (—logy Pri%,) -vj%, < W, Vte T (3a)
ieWuyynew
t
line _ line
Om,n,s,t - E vm,n,s,t/’

=t —ThePalr 4
Y(m,n) € LU LW U Etie,Vt €T (3b)
Visp, ViEWUWY NVt €T (3c)

t,:tiTzepair+1

Z v}qi;’fh&t, <1, ¥(m,n) € LU L™ U LYe (3d)
teT

DS, <1 Ve WuwneY (3e)
teT

li li
Omim,s,t2 Otvs,ts Vmom,sits Vist € 1051},

Y(m,n) € LU LY UL Vie WUW™ Vt € 7'} (3f)

For normal scenarios s € S™™! this stage is not modeled
because usually no re-investment decisions need to be made.

C. Third Stage: System Operations

The distribution system operations are formulated in the
third stage. We first present a model for extreme weather
event scenarios s € S**™, which can be simplified for normal
scenarios s € S™™l,

1) Objective Function: The third-stage problem aims to
minimize the system operation cost, which is the sum of
load shedding cost, mobile storage operation cost, and power
purchasing cost from the bulk power system.

E E 3 root
HllIl { )‘b,s,tpb,s,t+

Ys

ad
195(%, Ty p’ us

teT \ peproot
LOL D dc, dc ch, ch

E C 7 PistPist T § (Ci Dist T C Pi,s,t) } 4

i€D VigEnew

where, operation decision variables y, = {up ., Vb € B,
vVt e T; pg(i’ftt, qgf;o;, Vb € B°t, vt € T; Pi,sts Vi € D,
VE €T up's st V(m, n) € LUL™W UL VteT,
Z?r?,n,s,t’ V(m, n) 6_ ‘Ctlcv vt € T; fr)%,n,s,t’ fv%,n,s,tv V(m,
n) € LU ﬁ“ew U £“e Yt € T; Pist, Qisits Vi € WUWPEW,
vt € T pzqt7 p1§f’ qi,s,t) 2271:7 f}éﬁ €i,s,t» Vi € gnew7
vt € T7 Pib,s,ts Qz,b,s,t7az,b,b,t7Vi S 5new Vb e B vt € T}
2) Nodal Constraints: Nodal active and reactive power
balance constraints are presented in (5a) and (5b), respectively.
The voltage magnitude is bounded in (5c), in which a square
form is used to be compatible with the formulation in (7).

P § P —
E fb,n,s,t - fm,b7s,t -
(b,n)€LULPewULbie (m,b)eLULrewLtie
t
Yo oppt+ > Pi st

b’ €Brootn{b} ieEmew b e BRes (b}

Y pisr— > (L= piss) Pl
iEW, UWpew i€D,
Vbe B, VteT (5a)
Q Q  _
DR ARV DI SR

(b,n)eLULPewULbe (m,b)eLULrewLtie
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root

Qb’,s,t +

2 D

qi,b’ st

b’ €BrootN{b} ieEnew preBmesn{p}
DRSS Ry
1EW, UWpew i€D,
Vbe B,Vte T (5b)
Vi <t < Vi, Vbe B,VteT (5¢)

3) Load Constraints: The shedding ratio p; ,; is bounded
for each load i in (6a). Specially, p; , , = 0 for critical loads.
From a system perspective, the total loss of load in scenario
s is expected to be limited by LOLY™* in (6b) with proper
planning decisions.

0 < Pi,s,t < ﬁi,s,ta Vi € Da vteT

D> pie s, < LOLF™

i€DteT

(6a)
(6b)

4) Distribution Line Constraints: Linear DistFlow equa-
tions [24] for distribution system power flow calculation are
adopted in (7a)-(7b) with a big-M method to control the line
connection statuses. Line flows are limited in (7¢), which also
ensures that active and reactive line flows are zero when a line
is not connected. The radiality constraint of the distribution
network is modeled in (7d), wherein Q¢"cles is the set of all
circles from a graph theory point of view and L™ is the set
of branches in circle k.

Um,s,t — Un,s,t — 2 (Tm,n : f71731,77/75,t + Tm,n * f7%7n,s7t)
< Mm,n : (1 - Ulyirlrti7s,t)7

V(m,n) € LULYC ULV V€T (7a)
Um,s,t — Un,s,t — 2 (Tm,n : fnp;,n,s,t + Tm,n f'rcr%,n,s,t)

Z *Mm,n : (1 - uline )7

m,n,s,t
Y(m,n) € LULYC ULV Ve T (7b)
P 2 2 2 li
m,n,s,t + fr(?L,n,s,t < Sm,n : u;zrl,(';‘z,s,t?

Y(m,n) € LULT UL VT (To)
Uin,n,s,t < “Czirdc| -1, Yk € QCirClCS,Vt cT

>

(m,n)eLgirele

(7d)

A good choice of big-M value in (7a)-(7b) could be helpful
for numerical performance. When a line is not connected,
ie. wlire ., =0, wehave fb  , =0and fr, ., =0
from (7c). Therefore, in (7a) and (7b), |Um,s,c — Un,s,e| 1S
bounded by M,, ,,. Big-M value M,, ,, is set as (Vi +Va)-
max{|Vy —V,|,|Vsn = V,,|} for line (m,n), based on the
bound derivation in (8).

_ 1,2 2
|um75»t - un75»t| - |Um,s,t - vn,s,t’

= (Um,s,t + 'Un,s,t) |v7n,s,t - Un,s,t|
< (Vi + Vo) max{|[Vy, =V, |, |V = V,.|} ®
Flow limit constraints in (7c) are further linearized in (9)
with nb4 mixed-integer linear constraints [25].

k P k Q k line
m,nJm,n,s,t + Xm,nfm,n,s,t S m,num,n,s,m

Y(m,n) € LULY U LY Yt e T ,Vk=1,...,n"* (9)

TABLE I
LogIC OF EXISTING TIE-LINE CONNECTION STATUS

Oizijl,s.t Zhla,rn,s Z‘r‘;;‘,n,s,t ui:;l,en,s,t
0 0 0 0
0 0 1 1
0 1 0 0
0 1 1 1
1 0 0 0
1 0 1 0
1 1 0 0
1 1 1 1

where, ¢% = cos(2km/n"*), xF,

o = Smn - cos(m/n"A).

For existing regular lines, constraints (10a)-(10b) model the
actual line connection status U%l% s+ depending on the hazard
status 0?,{’"3178715 and hardening decision zﬁf‘ﬁhs. If a line is
hardened, its status is assumed to be on, i.e., uii,{lfw,t =1
as indicated in (10a); otherwise, the line status is dependent
on the hazard status olri;;s,t, ie., ui‘,{‘%” =1- 02{’273715
as indicated in (10b). For lines that are not in the hardening

candidate set, line statuses are directly modeled in (10c).

= sin(2km/n"*), and

line har har

1> Upm,n,s,t 2 Zm,n,s V(m,n) eLN Es th eT (loa)
line har line line

1- Om,n,s,t + Zm,n,s > um,n,s,t > 1- Om,n,s,t?

V(m,n) € LNLY¥ Vvt €T (10b)
up o =1—0p . V(m,n) € L\LY V¥t €T (10c)

m,n,s m,n,s,t?

For existing tie-lines, further considering the switching
decisions complicate our modeling. The logic of tie-line
connection status is shown in Table 1. Note the hazard status
Oiir?,%,s,t can be 1 even when the switch of this tie-line is off.
Equations (11a)-(11c) can exactly reflect the logic in Table I.
If the switch status z', ., = 1, (11a)-(11c) is equivalent to
(10a)-(10b); if z%ﬁms’t = 0, we have ugﬁ%,s.t =0 from (11a)
and (11c). For tie-lines that are not in the hardening candidate

set, (11d)-(11e) can be simplified from (11a)-(11c).

Zg’?,n?s,t > uiqlfszst > Zglal;’bs + ngn,n,s,t -1,
V(m,n) € LY n L vt e T (11a)
1- Ogmn,(:z,s,t + nggzs > ulrilzﬂ,‘;,,s,t > Zg;l,n,s,t - Oiir?,&;z,s,t?
V(m,n) € LY N LM vt e T (11b)
ui‘,f‘f”t >0, ¥(m,n) € LN LM Ve T (11c)

2 > ume >0, V(m,n) € LONLET Ve T
(11d)
li li 1i
1- 07;?,?1,5,25 > u;{lﬁz,s,t > Z:r?,n,s,t - 7;?,?1,5,157
V(m,n) € LY\LM vt e T (lle)

For candidate regular lines, given the constraint of ghar <

m,n,s —
cons

Zmm in (2d), the logic relations can be simplified, as shown
in Table II. Again if the initial investment decision zf,‘;‘}f =1,
(12a)-(12b) is equivalent to (10a)-(10b); if 227" = 0, we have

m,n

yline = 0 from (12a) and (2d). Constraints (12c)-(12d) are

m,n,s,t ~
for lines that are not in the hardening candidate set.

eons ~ uline > Zhar V(m, n) c L£Rew A El;ar’vt c T

m,n — “m,n,s,t =— “m,n,s’
(12a)



TABLE 11
LoGIC OF CANDIDATE REGULAR LINE CONNECTION STATUS

Oi;:‘,?z,s,t Zalf;za,iz,s Zf:,‘;: uiilnjl.s,t
0 0 0 0
0 0 1 1
0 1 1 1
1 0 0 0
1 0 1 0
1 1 1 1

line har line cons line
1- Om,n,s,t + Zm,ms > um7n,s7t > Zm,n - 0m7n,s7t7

V(m,n) € LV N LA Ve T
>0, V(m,n) € L2V\LD Vi e T (12¢)

(12b)

cons line
Zm,n >u

m,n,s,t
1- Oiirilﬁl,s,t > uiir?,fl,s,t > z;ﬁnr: - Oiiril,il,s,t’

Y(m,n) € L2\LE vee T (12d)
Note uii,{lfjhs,t in (10)-(12) can be defined as continuous

variables, however, values would be either O or 1.

5) Renewable Energy Constraints: We model the bounds
for active power from existing and candidate renewable en-
ergy resources in (13a) and (13c), respectively, considering
available generation capacities. Reactive power is assumed to
be adjustable in (13b) and (13d). The 1—0;, terms in (13a)-
(13b) and (13e) are used to ensure zero output when renewable
energy resources encounter forced outages.

0 < piss < W PP(1—0',), Vie WVtE T (13a)

is,tPi i,s,t
=P (1 =055 ) S it <P (1—0i% 1),
Vie WNVte T (13b)
0 < pist Swjspi™, Yie W™ vt e T (13c)
— i < iy < PP, Ve W Nt e T (13d)
Dis,tr Qiys,t < P;nax(l —0iet)s Qisit = —ﬁm(l — 05 1)
Vie WV vt e T (13e)

6) Mobile Storage Constraints: The operations of mobile
energy storage units are modeled in (14). Variables for active
charging and discharging power of mobile storage are bounded
by the power capacity in (14a) and (14b), respectively. They
are also subject to charging and discharging statuses, as shown
in (14c) and (14d), respectively. Similarly, constraints for
reactive power are presented in (l4e) and (14f). The state
of charge (SOC) in each time period is calculated in (14g).
Equation (14h) defines the upper and lower bounds for SOC.
The initial and end SOC values are defined in (14i) and (14;j).
The charging and discharging statuses of mobile storage can
be non-zero only when it is connected to one of the buses,
as modeled in (14k). For each time period, constraint (141)
guarantees a mobile storage unit is connected to at most
one bus. The active and reactive injections from storage 7 to
bus b are calculated in (14m) and (14n), respectively. Binary
variables are declared in (140)-(14p).

0<ph, <plax, Vie &V Vte T (14a)
0<pfS, <P, Vie &V vte T (14b)
P, <P Bt VeV Ve T (14c)
P, < PRk Vie v Ve T (14d)

IEEE TRANSACTIONS ON SUSTAINABLE ENERGY

— i < iy SIS, Vie EMV Ve T (14e)
—max h d ——1max h d
=P (Bise+Biet) S s <P (Biset+ Bisi)s
Vie ErVVte T (14f)
1
Cisst = Cirst—1 5T DNy — —o - Pi e
7
Vie £V Vte T (14g)
Vi Seist S epg, Vi€ EMV Ve T\{|T]}  (14h)
€is,0 = Vi0Cis 5 Vi €EY (14i)
€is,|T] = Vi,0€1s s Vi € EY (14j)
BB < N i, Vi€ VEET  (14K)
beBes
D ipsr <1, Vi€V Ve T (141)

beB;ﬂes

Dib,sit = (p?f;,t —Pf,}i,t) Qib,s,t)
Vi e &MY Vb e B*® )Vt € T (14m)
Qibost = GistQibst, Vi€ E™Y Vbe B Vte T (14n)
aipse €10,1}, Vi€ EMV Vb e BVt e T (140)
B, {01}, VieE v vte T (14p)
Note (14m) and (14n) are nonlinear constraints. Taking
(14m) as an example, it is converted to equivalent mixed-

integer linear constraints in (15).

—max —Imax
— P, bt <Pipst <P qipsit,

Vie MY Vb e B Vte T (15a)
— P (1= i) 08 — PSS Pibsit
<SP (1= aipen) + 055 — 05
Vi€ &MV Vb e B*® )Vt e T (15b)

7) Relaxed Formulation for Robust Modeling: We intro-
duce a relaxation of ¥J,(x, 22 u,) in (4) to check the
feasibility of operations under the worst case, which is mod-
eled in (2a). The objective function in (16) is a penalty for
infeasibility. Non-negative o ¢ are defined as slack variables.

min M, - (1"o,) (16)

9 ad
193("/'7 ms p7 'U,s) =
0520y,

where, M,, is a big-M penalty factor.

8) Normal Scenario Formulation: The optimization prob-
lem in (4)-(7b), (7d), and (9)-(14) is formulated for extreme
weather scenarios, however, it can be simplified for normal
scenarios by letting the values of line hardening decision
variables and mobile storage capacity variables be zeros.

D. Abstract Representation

The first-stage investment and second-stage re-investment
problems are abstractly presented in (17a) and (17b), re-
spectively. The third-stage operation problems for extreme
weather and normal scenarios are presented in (17c) and (17e),
respectively. The relaxed operation problem for feasibility
checking is shown in (17d). The long-term uncertainties are
described by scenarios s in a stochastic manner, which in-
cludes scenarios for multiple extreme weather events. Flexible
adaptive re-investment modeling for extreme scenarios can
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enable more affordable incorporation of multiple events that
are traditionally considered unlikely to happen. The short-term
uncertainties are described by event consequence realizations
in uncertainty set UX"™ for extreme scenario s.

Z Pry -9 (x

min ™'z + E Pry - ¢l (x
zeEX S~

initial SeSxtm SES“ml
investments
(17a)
@) =t pufe) = min (T
2297 € Y29 ()

flexible
re—investments

O (@, 22 a,) + max V. (x, x2P us)), Vs € §¥™

u EMXTIU
(17b)
O (z, 2P ay) = nd 9 (x, 2P a,) =
min cimly Vs € §¥m (17¢)

Y, nytm(m madp us)

I (x, 22 dy) = nd - Oy (x, 2P uy) =

_min M, - (17oy), Vs € S (17d)
(05,8, V™ (2,22 u,)
I(x) =nt -V, (x) = min ™y, Vsec S
Yy, EYml(z)
(17e)
where,
X={x: A™zx <b™} (18a)

X2 (2) = {23 : BiPal < by — BVa},
Vs € SX™  (18b)
VI (@, 2P, d) = {yS, ys s CSyl + Clys < bt
+ CYitg — C™ g — C2Pg2dP} | s ¢ SXI
Vi e, 20 ) = {o, il Yt Oyl + Clyt <
+ C'uy — C™g — C*g2® L C0,, o, > 0},
Vs € SX™ (18d)

— D™g}, Vs € S
(18e)

(18c¢)

xtm
bS

yil(z) = {y, : Dy, < b2™

X includes constraints in (1b)-(1c); Xj‘dp(w) contains con-
straints in (2b)-(2f); Y™ (x) and Y™ (z, £29P 41,) contains
operation constraints in (5)-(7b), (7d), (9)-(14) that corre-
spond to normal and extreme weather scenarios, respectively.
Yxtm (g x2dP 4. is a relaxation of Y™ (x, £2IP ). The
cost terms for initial investments, re-investments, normal and
emergent operations are denoted by ¢V, ¢2P, ™! and X',
respectively. M,, is a big-M penalty factor. For the convenience
of algorithmic description in section III-B, variables in vy,
for extreme weather scenarios s € S*'™ are separated to a
discrete component in y<¢ and a continuous component in y¢,
as shown in (18c) and (18d). ¢**™4 and '™ represent the
corresponding components of ¢*™, thus ¢<*™ Ty in (17c) is
equivalent to cXtmd T yd 4 extmd Ty Matrices A', B, C., D,
and vectors b, are defined with different superscripts and/or
subscripts for the purpose of abstract representation.

ITII. SOLUTION ALGORITHM

A. Proposed Algorithm

We propose a novel PH algorithm that is embedded with
a nested CCG method to solve (17). As the nested CCG
procedure can iteratively identify worst-case short-term un-
certainty realizations, it is used to check if current initial
investment decisions can address the worst case in an outer
loop. Meanwhile, the inner loop uses PH to solve (17) given
previously identified short-term uncertainty realizations.

Our proposed algorithm is described in detail as follows.
Step 1: Outer Loop. Set outer iteration counter J + 1.
Step 2: Inner Loop. Set inner iteration counter K < 1 and
multipliers w‘S’ 04+ 0,Vs eS. Set termination threshold epyj.

Step 2-1: For each normal scenario s E Snml, solve
Millgey g cymm(z) €™ @+ci™ Ty, and let & &% denote op-
timal initial investments. For each extreme scenario s € S*'™,
get :E‘S]’K by solving (19). As described later in Step 4, Js. s
is the set of indices for uncertainty realizations identified by
the nested CCG algorithm in the J-th outer iteration.

invT adpT adp+cxtmT

min ¢ x+c;
st. xe X, 2P e x2dP(g),

€ y;(tm(w’ w:dp’ ﬁS)?

e Vi (@, 2y, all ™),

Y(j,m) € Uj=

Ys

yt
1., 0-1Jsj (19)

Step 2-2: Aggregate the first-stage solutions with /% =
Y ses Prs - &)™ Update multlphers with w (i ) =

wl K1) + K p(i) (@)K () — 2K (D)), Vi € T,.Vs €
S. Here Z, is the set of indices for first-stage investment
variables; p are parameters defined later in (22); vX is an
acceleration factor; and (7) represents the i-th entry of a vector.

JK
If ZSGS

norm, denote the obtalned first-stage solution by &’z
go to Step 3; otherwise, go to Step 2-3.

Step 2-3: Update inner iteration counter K <+ K + 1.
For each normal scenario s € S™™! solve optimization
problem minmEX . Ey;‘ml(m) CinVT$+ IlmlTys+wJK 1T T+
Yiez, p(z ||(i) a’:J’K*I(i)H and let &% denote optimal
initial 1nvestments For each extreme scenario s € S*™,
calculate :c by solving (20). Go to Step 2-2.

JKH < epp, where ||-|| represents 2-
LK

min Cianm+cade adp | xtmTy | g K—1Ty,
2 ety - o)
st. x e X, 2P c X2 (g),
€ VI (, 22, @),
ygj,7rz) € y;(tm(w’ wgdp, ﬁgj7m))7
V(j,m) € Uy, .7-1Ts,j (20)

Step 3: Use nested CCG algorithm, as shown in Steps C1-C7
in section III-B, to solve (21) for all s € S**™ with updated



values of & from Step 2.

min v (cideacider
2P e 2P (§7) gy cyxtm (3T 0P g ), ygg,m,)e
thm(w wddp u(] m)) Y(im)eUiy, 51T
Ty + max min M, - (170y))

w €U (g, ) eVEm (&7 @2P )

2y

Step 4: Denote the set of indices for new uncertainty realiza-
tions founded in Step 3 by J, ;. If Js,; = @ forall s € Sxtm
terminate and output the obtained solution; otherwise, add fea-
sibility cuts ™ e yxim (g, zade g™ v(jm) e T,
to (19) and (20), update outer iteration counter J < J + 1,
and go to Step 2.

Note although the PH algorithm has been widely adopted to
solve mixed-integer programs in the literature, its convergence
is not theoretically guaranteed in general [21]. To improve
the converging performance, element-specific values for p are
used in Steps 2-2 and 2-3. p can be chosen cost-proportionally
[21], as shown in (22), wherein k, is a constant factor.

p(i) =k, ™ (i), Vi € I, (22)

B. Implementation of Nested CCG Algorithm

An improved nested CCG algorithm [22], [26] is used in
Step 3 of the proposed algorithm, as binary variables appearing
in emergent operation problems result in a mixed-integer third
stage for s € S*'™, We elaborate on the steps of the improved
nested CCG algorithm here. The details are available in [26].
Step C1: Define termination thresholds €,uter and €jnner for
outer and inner loops of nested CCG algorithm, respectively.
Initialize for the outer CCG loop: set outer counter M < 1,
and bounds Uoyter < +00, louter < —o0. Initialize set of
indices J,,; < @ for future identified uncertainty realizations.
Step C2: Solve the optimization problem in (23). Optimality
cuts are modeled for (j,m) € J, s to avoid infeasibility.
Denote the optimal solution of adaptive planning decisions,
base-case discrete and continuous emergent operation deci-
sions by @2P(M) - gd(IM) anq oM - regpectively. Let
ASI M) _ c(J.M)

ad T4 adp(J,JVI) xtmd T 2, d(J,M) xtmcT 2
Cs P L +c Cs +CS Ys

Ys
Updated the optimal objective value to loyter-

xtmcT , ¢

T T
adp adp +Cxtmd d ye +0

min Y, + C;

22,y yS 0
d(J nL) c(] nL) 0

st Badpmadp < badp _ BinviJ’

A S S
crdrgade 4 0dyd | Coy° < B 4 Cla, — CVEY
Otz 1 Gy Oy < B+ )

(3 M)

— ™’ V(j,m) € Ujr=t,...,.0-1Ts,j’
C‘;‘dpwidp + C’Syf(j’m) + ngi(j,m) _ Cgo.gj,m) < bztm
+Calm™ — o™’ Y(jm) € T
M, - (1Ta0™) <0, 0 <al™), (j,m) € Ty @3)

Step C3: Initialize for the inner CCG loop: set inner counter
N <1, and bounds Ujpper < +00, linper < —00.
Step C4: Solve the problem in (24). Noticing variables in

ul™) are binary, the nonlinear term (Cu,) ' A in (25) can
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be linearized with the technique used in (15). More details are
available in [27]. Therefore, (24) can be equivalently converted
to a mixed-integer linear program. In contrast to the heuristic
approach used in [26], the method to solve (24) in this work
is exact. Update the optimal objective value to u;iyner- Denote
the optimal solution of uncertainty realization by fth). For
N =1, aS) can be given by an initial guess.

/%EJ’M) + maxn

s
st. 1 <gs (ﬁ;idp(']’M),@S("),us) ,Vn=1,...,N -1
cux™ (24)

where,

Gs (i:dp(J,M), QS(H)7US) _ rn(a))( |:bxtm T Cuus C.lsnviiJ
A"

-
_ ngpﬁ;idp(JvM) _ CS@S(TL):| Agn)

st. C<TAM =0
—Cc7"AM <M, -1,
AW <o (25)
Step C5: Solve the optimization problem in (26). Let yd(N)
denote the optimal solution of discrete operation variables.
Update the optimal objective value to ljnner-

f%gJ’M) + min M, - (1TagN))
(M) 50,3 ()
s.t. ClydN) L coyeN) — 76N <
pm oy cialV) - oivgt — gadrgrdrM) (o6

Step C6: Check if the inner CCG loop converges with criteria
Uinner — linner < Einner- If not, N <~ N + 1, and go to Step
C4; otherwise, update wuoyutey With the optimal solution from
the inner CCG loop, let u(‘] M) u(N) and go to Step C7.
Step C7: Check if the CCG outer loop converges by ex-
amining Uouter — louter < Eouter- 1f nOt, update J ; <

Ts,s U{(J, M)}, M < M +1, and go to Step C2; otherwise,
terminate.

IV. CASE STUDY

We tested our proposed approach by using 33-bus and 141-
bus test systems. All the mixed-integer linear program (MILP)
and mixed-integer quadratic program (MIQP) problems were
solved by CPLEX 12.10 [28]. Part of our mathematical models
were built with YALMIP [29].

A. Modified IEEE 33-Bus Test System

The tested IEEE 33-bus system in this work is a modified
version of the case presented in [24]. For the purpose of plan-
ning a distribution system with renewables, we add existing
wind power sources at buses 3, 6, and 10, candidate wind
power sources at buses 2, 22, and 25, as well as several can-
didate lines. Besides scenarios that represent normal operation
conditions, three hazard scenarios that reflect the uncertainties
of extreme weather event consequences are considered in
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@» extreme event 1
@» extreme event 2
@ extreme event 3

33

32

. . renewable energy
candidate lines —@ sources
. @ candidate renewable

energy sources
Fig. 3. Modified IEEE 33-bus system diagram and affected areas in extreme
weather events.

tie lines

21 22

26 27 28 29 30 31 32 33

LIS
FFFFFFFF

10 11 12 13 15 16 17 18

hthh

transmission hardening

—@ mobile energy storage

Fig. 4. A snapshot of operations for extreme scenario 1 in modified IEEE
33-bus system.

our case study. These scenarios also reveal the patterns of
demands, wind power outputs, and LMPs at the root node.
As shown in Fig. 3, relatively diverse spatial distributions
of outages for multiple extreme weather events may bring
challenges for cost-effective and resilient planning.

1) Planning Results and Extreme Event Response: By using
our proposed multi-stage adaptive approach, the planning
results for modified 33-bus distribution system are listed in

Table III. We use three cases for comparison: in case 1,
adaptive planning options for both line hardening and mobile
energy renting are allowed after early warnings of extreme
weather events are received; while in case 2 and case 3, only
one of these options is considered to be adaptive. In our test
cases, the number of hardened distribution lines is constrained
up to two considering the time and crew limits. As shown
in Table III, in comparison to cases 2 and 3, the advantage
of our adaptive planning approach in case 1 is that initial
investment decisions are less conservative, because adaptive
planning decision-making against each extreme weather event
can be performed after early warnings are received.

The proposed resilience-oriented planning approach also
considers the flexibility of tie-line switching for extreme
weather events. Given initial and adaptive investment deci-
sions, a snapshot of emergent operations for extreme scenario
1 is illustrated in Fig. 4. As indicated, the coordination of mo-
bile storage scheduling, line hardening, and tie-line switching
enables re-connections to power sources for most feeders that
suffer from extreme weather events. This shows adaptive re-
investment decisions can effectively enhance preparedness for
resilient operations under extreme weather events.

2) Benefit from Adaptive Planning of Distribution Line
Hardening: We further analyze the benefit from the proposed
adaptive planning approach with a detailed comparison of case
1 and case 2 in Table III. Case 2 is designed with non-adaptive
distribution line hardening. The line hardening decisions are
made in the first stage as here-and-now variables in case 2.
As line hardening works are not required to implement under
relatively limited time and crew conditions, the constraints in
(2e) can be relaxed. In addition, the hardening also yields a
lower cost in a non-emergent case. In our numeral simulations
in Table III, we assume the cost of adaptive hardening in case
1 is 20% more than that of non-adaptive hardening considered
in the first stage of case 2. As shown in the planning results of
case 2, the non-adaptive hardening is made for 7 lines, which
aims to cover diverse consequences of extreme weather events.
Considering the low probabilities of these events, making
hardening decisions for all the possibilities can be expensive.
This is verified in the investment and overall cost comparisons

TABLE III
PLANNING RESULT COMPARISONS FOR MODIFIED IEEE 33-BUS SYSTEM

adaptive re-investments

annualized cost (103$)

cases initial investments

extreme scenario 1 extreme scenario 2 extreme scenario 3 investments ~ operations total
case 1 . . hardening line 19-20, hardening line 27-28, hardening line 15-16,
(adaptive wparS yak lne 2433, o line 218, renting MES™ line 9-15, renting MES lin 9-15. renting MES  1493.0 4553 19483
planning) ’ with 2.2 MW, 24.0 MWh  with 1.7 MW, 13.1 MWh  with 0.4 MW, 2.9 MWh
case 2 line 23-24, line 24-25,
(non-adaptive WPS with 0.8 MW at bus 25, . . . .
k - . renting MES with renting MES with ok
hardening, hardening line 15-16, line 19-20, - 1924.5 455.3 2379.9
adaptive line 27-28, line 28-29, line 21-8, 2.2 MW, 24.0 MWh 0.4 MW, 0.07 MWh
mobile storage) line 9-15, line 18-33
case 3
(adaptive line 23-24, line 24-25, . . . . . .
hardening, WPS with 0.8 MW at bus 25, hardening line 19-20, hardening line 28-29, hardening line 15-16, 2616.4 3474 2963.8

and line 21-8

non-adaptive MES with 2.2 MW, 24.0 MWh

mobile storage)

and line 9-15 and line 18-33

“ WPS and MES are the abbreviations of “wind power sources” and “mobile energy storage”,

respectively.

** The inconsistency of investment plus operation cost and total cost on the first digit after the decimal point is caused by rounding error.
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Fig. 5. Sensitivity to cost increase percentage of adaptive hardening.
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Fig. 6. Sensitivity to the ratio of renting cost to capital cost for mobile storage.

of case 1 and case 2.

The cost increase percentage of adaptive hardening on the
basis of non-adaptive hardening could be important for the
total system cost of planning decisions from the proposed
approach. By defining the cost increase percentage as (%,
we have b = (1 + (%) - ch . where cp™ _ and ™)
are costs for adaptive and non-adaptive hardening of line
(m,n), respectively. The sensitivity of the cost-effectiveness
comparison between case 1 and case 2 to this cost rise is shown
in Fig. 5. As indicated, the total cost for the adaptive approach
slightly increases as the defined cost increase percentage
¢% increases. Meanwhile, the cost benefit from our adaptive
hardening model still exists even in the 100% case, as the
non-adaptive hardening approach over-conservatively hardens
lines for all the low-probability extreme weather events.

3) Benefit from Adaptive Planning of Mobile Storage:
Another comparison is between the proposed adaptive ap-
proach and an approach with non-adaptive planning decisions
of mobile storage, i.e. case 1 and case 3 in Table III. In
case 3, mobile storage decisions are made in the first stage,
while line hardening decisions are allowed to be adjustable
in the second stage for extreme weather events. The cost of
renting mobile energy storage for a few days is assumed to
be less than the capital cost. In our numerical experiment,
both the per-MW and per-MWh renting costs are assumed
to be 2% of corresponding capital costs. On the other hand,
owning rather than renting mobile energy storage facilities
can benefit the normal operation of distribution systems. As
shown in Table III, purchasing mobile storage would result
in higher investment costs. Meanwhile, the total operation
cost is reduced as the arbitrage capability of mobile storage
can be utilized in normal operations. As the capital cost of
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Fig. 7. Cost comparison in modified 141-bus system.

battery storage is expensive, we observe the operation cost
reduction through daily arbitrage cannot cover the investment
cost difference between purchasing and renting mobile storage
in our test case. Therefore, the total cost of case 1 is less than
that of case 3 in Table III.

A sensitivity analysis of the total system cost to the ratio of
renting cost to capital cost v% is also conducted. As shown
in Fig. 6, the renting cost has a weak impact on the total
cost, because it is a small portion of the total investment
cost. Therefore, if the renting cost to capital cost ratio v%
is in a reasonable range, the proposed planning approach can
offer more flexible and cost-effective investment decisions
in comparison to the approach in case 3. Note although
purchasing mobile storage is not shown to be cost-effective in
our simulation, it could be useful in other circumstances. Our
formulation can be easily extended to include mobile storage
investment decisions in the first stage.

B. Modified 141-Bus Test System

A modified 141-bus system, which is originally presented
in [30] with typos corrected in [31], is also used in our case
study. To test our approach in distribution system planning,
candidate lines, tie-lines, existing and candidate renewable
energy resources are added. The diagram for this system is
shown in [27]. We also incorporate three extreme weather sce-
narios in this test. As designed similarly to the previous IEEE
33-bus system: case 1 implements our proposed approach,
which allows adaptive planning for both line hardening and
mobile energy renting; case 2 models non-adaptive hardening
but adaptive mobile storage; and case 3 considers adaptive
hardening but non-adaptive mobile storage. As shown in Fig.
7, the proposed approach presented by case 1 also yields a
lower cost, in comparison to two other cases. This reflects
the adaptive planning approach can reduce the total cost by
enabling planning flexibility.

V. CONCLUSION

We present a resilience-oriented multi-stage adaptive plan-
ning model for distribution systems in this work. A novel PH
algorithm embedded with a nested CCG procedure is used to
solve our model. The main conclusions of this paper are:

1) Our approach has benefits in making flexible planning
decisions to reduce investment and total system costs when
multiple low-probability extreme weather events are simulta-
neously considered. Flexible re-investments are shown to be
more cost-effective compared to making all the decisions in
the initial investments.
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2) The proposed CCG-embedded PH algorithm can suc-
cessfully solve challenging multi-stage hybrid-stochastic-and-
robust problems in our numerical simulation. The algorithm
is tested in both modified IEEE 33-bus and 141-bus systems.

The formulation in this work can be further extended to
consider stationary energy storage and tie-line investments.
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