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1 Abstract—This paper proposes a stochastic optimization
2 approach for disaster preparation in distribution systems. For
3 an upcoming storm, utilities should have a preparation plan that
4 includes warehousing restoration supplies, securing staging sites
5 (depots), and prepositioning crews and equipment. Pre-storm
s planning enables faster and more efficient post-disaster deploy-
7 ment of crews and equipment resources to damage locations. To
s assist utilities in making this important preparation, this paper
9 develops a two-stage stochastic mixed integer linear program. The
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first stage determines the depots, number of crews in each site,
and the amount of equipment. The second stage is the recourse
action that deals with acquiring new equipment and assigning
crews to repair damages in realized scenarios. The objective of
the developed model is to minimize the costs of depots, crews,
equipment, and penalty costs associated with delays in obtain-
ing equipment and restoration. We consider the uncertainties of
damaged lines, number and type of equipment required, and
expected repair times. The model is validated on modified IEEE
123-bus distribution test system.

Index Terms—Allocation, disaster preparation, distribution
system, extreme weather, stochastic programming.

NOMENCLATURE

Indices and Sets

k,c,s, T Indices for distribution line, crew, scenario
and resource type

dje Indices for depot (staging site)

CL, CT, IC Set of line crews, tree crews, and internal
crews

Qcp, Qp Set of buses with critical loads and set of
depots

¢ (k), Q‘Z(k) Set of conductors and poles in line k.
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Parameters

CE, C[II'I The capacity of depot d for storing the sup-
plies and capacity for accommodating the
crews

CR The capacity required to store resource T

Din Distance between components k£ and n dam-
aged line

D Maximum distance allowed between a crew’s

location and assigned damaged line
Estimated time to repair line k for line and
tree crews

Eg 8 Lg, 7;10 Initial number of equipment, line crews and
tree crews at d

770? , PE Cost of staging depot d and ordering equip-
ment T

P pEC Hourly pay for crew ¢ and cost of obtaining
an external crew

PLE PR Penalty costs for late delivery of equipment ©
and penalty on restoration time

Pg’ir Cost of transporting equipment T between
locations d to e

Ri.z.s The number of type t resources required to
repair damaged line k in scenario s

Mlz 5 Binary random variable equals one if line k
in scenario s is damaged by a tree

L{kL, s Binary random variable indicating the damage

state of line k in scenario s.

Decision Variables
i/LTS Binary variable equal to 1 if line k is assigned
to line/tree crew c in scenario s
8d.c Binary variable equals 1 if crew c is posi-
tioned in depot d
Eger Number of t supplies transferred between
depots d and e
g dt.s The amount of type 7 supplies that crew c
obtains from depot d in scenario s
Edr.s Additional 7 supplies required in depot d
scenario s
El; -, Eg . Number of T supplies ordered to depot d and
the total number of t supplies at d
Lie, Td.e Number of line and tree crews transferred
from depot d to e
Ly, T1, Number of external line and tree crews posi-

tioned at depot d

1949-3053 © 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

32

33

34

35

36

37

38

39

40

M

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

4

72

73

74

75



76

77

78

79

80

81

82

83

85

8

>

8

L

8

@

8!

©

9

o

9

9:

N

9

@

94

9!

@

96

9

N

9

@©

929

100

10

102

103

104

10

a

10

>

107

10

®

109

110

1"

112

11

3

114

1"

o

1"

o

1"

3

11

®

11

©

12

o

12

122

123

124

125

12

3

12

N

12i

®

129

130

131

ck o cr The expected times of the last repair con-
ducted by the line and tree crews

H. Amount of hours crew c is expected to work
in scenario §

Vg Binary variable equals 1 if depot d is staged

Uk, Vi Binary variables indicating the connection

status of line k and load at bus i.

I. INTRODUCTION

UTAGES due to weather-related events cause signifi-

cant damage to the power grid infrastructure. In 2017,
around 37 million customers were affected by power outages
in the United States [1]. This threat to the electric grid has
raised a growing need to address disaster management and
power system resilience. Disaster management consists of four
phases: mitigation, preparedness, response, and recovery. For
power systems, the mitigation and preparation phases include
long-term and short-term pre-disaster planning. Tree trimming,
pole hardening, and distributed generator (DG) installation
belong to long-term pre-disaster planning [2]. Short-term pre-
disaster planning includes acquiring and allocating crews and
equipment and selecting staging areas. The response and
recovery phases are post-disaster actions that include damage
assessment [3], crew dispatch and repair scheduling, and ser-
vice restoration [4]. Effective disaster management measures
can improve power system resistance during extreme events
and accelerate recovery after events. The focus of this paper
is to study the short-term pre-disaster preparation problem,
which is critical to achieve resiliency. Resilience is defined
as the ability to prepare for, adapt to, withstand, and recover
rapidly from disruptions [5]. Pre-disaster planning enables effi-
cient post-disaster recovery by ensuring there are enough and
optimal number of equipment and crews in the right places to
quickly conduct the repairs [6].

After severe events, utility companies dispatch emergency
crews to assess and repair the damage in order to restore power
as fast as possible. A major challenge that utilities face is the
lack of resources, including human resources and equipment,
to handle extreme events [7]. Once utilities request assistance
from neighboring companies, they are facing another task of
managing the newly acquired resources. Utilities must provide
water, food, and shelter [8] and communicate differences in
work practices to the visiting crews [6]. For these reasons,
early preparation is essential to deal with upcoming extreme
or severe weather events. This paper aims to develop a method
to assist utilities in their preparation process by identifying the
required resources and preallocating the crews and equipment.

Disaster preparation is a well-studied research area [9]-[15].
In [9], a two-stage stochastic programming model was
developed to select the storage location of medical supplies,
and the required amount of various supplies before a disas-
ter. The objective of the developed model was to minimize
the operation cost of the warehouses, the total transporta-
tion time, and the unfulfilled demand. A similar stochastic
problem was tackled in [10], while considering the impact
of the disaster on the warehouses. The paper used Benders
Decomposition to solve the stochastic model. The authors

IEEE TRANSACTIONS ON SMART GRID

in [11] developed a multi-objective mixed integer linear pro-
gram (MILP) to determine the location of emergency facilities,
resource allocation and relief distribution for flood prepara-
tion. The authors in [12] used robust optimization to produce
a logistic plan for mitigating demand uncertainty in humani-
tarian relief supply chains. A multi-objective robust model for
humanitarian relief logistics was developed in [13]. The paper
considered demand and supply uncertainty and considered the
possibility that some supplies may be damaged during the
event. In [14], the authors developed a p-robust optimization
model, which combines robust optimization with Monte Carlo
simulation, for determining the location of relief bases, num-
ber of rescue vehicles, and other relief supplies. A min-max
robust model is developed in [15] to optimize the relief facil-
ity location and pre-position emergency supplies for disaster
preparation.

However, further research is needed on disaster prepara-
tion in the context of power system and its infrastructure.
In [16], the authors divided the power network into different
areas/cells, and developed a MILP to find the optimal num-
ber of depots and their locations. Each area was assumed to
have a specific demand and can only contain one depot. The
objective was to minimize the transportation cost between the
predefined areas. A storage and customer allocation problem
was presented in [17]. The authors developed a multi-objective
stochastic mixed-integer program (SMIP) that determines
which warehouse to use and the number of resources to store in
each warehouse. The objectives were to minimize the amount
of unsatisfied demand, the transportation cost of the resources
between the warehouses, and the investments and mainte-
nance cost of the warehouses. Reference [18] developed a
SMIP model and a column generation approach for stockpiling
resources before a disaster. The developed approach focused
on determining the quantity and type of equipment, while
neglecting the crews and the distances between the warehouses
and the damaged components.

The distribution system preparation problem is a challeng-
ing one because it combines the combinatorial optimization
problems of depot location, equipment transportation and
allocation, and crew allocation. The preparation problem is
inherently stochastic, as the damaged components and the
required resources are not known beforehand. This makes it a
complex stochastic combinatorial optimization problem. The
previous work approached the preparation stage by dividing
the electric network into different areas, with each area having
a specific demand. This kind of approach neglects the individ-
ual components within each area and the distances between
these components and the depots. Moreover, the interdepen-
dence between the location and number of crews, damaged
components in the network, and the number of resources
required to repair the damage was not examined in the prepa-
ration stage. We propose a two-stage SMIP to model the
preparation problem. The first stage in the stochastic pro-
gram is to determine the depots and the locations of crews
and equipment. The second stage is the recourse action that
deals with acquiring new equipment and assigning the crews
to repair the damaged components. The contributions of this
paper are listed as follows:
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Pre-event phase

| Weather Forecast |
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| Damage Scenario Generation |
Scenarios |

s=|5]
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PF
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Post-event phase

Y

| Distribution System Repair and Restoration |

Fig. 1. Framework for extreme event proactive recovery operation.

o« A new two-stage SMIP model is developed and used
to select depots and allocate crews and equipment. We
consider different types of crews (line and tree crews)
and equipment (poles, transformers, and conductor). The
stochastic problem is solved using a modified Progressive
Hedging algorithm and high performance computing.

« Mathematical equations for modeling the interdepen-
dencies of the depots, crews, equipment, and damaged
components are formulated. Also, symmetry-breaking
constraints are designed to improve the performance of
the model.

« We provide a procedure for estimating the number and
types of required equipment after extreme weather events,
in addition to identifying the critical components to repair.

The rest of the paper is organized as follows. Section II
presents the framework of this paper. Outage scenario gen-
eration is discussed in Section III. The formulation for prepo-
sitioning the crews and allocating the resources is presented
in Section IV. The simulation and results are presented in
Section VI and Section VII concludes this paper.

II. FRAMEWORK

Extreme weather events result in damage to the electric grid
infrastructure, which leads to significant losses and power out-
ages. Utilities mobilize the available crews to damage sites to
repair the damaged components and restore normal operation.
The effectiveness of the recovery response depends on the
preparation processes that are taken before extreme events hit.
For an upcoming severe weather event, utilities position repair
crews and supplies in (or near) the areas that are expected to
suffer the greatest damage. In addition, utilities can acquire
services from crews in neighboring utilities through mutual
assistance programs. Pre-staging crews, equipment and other
resources safely before a severe event allows for a proactive
response and efficient resource management. Fig. 1 illustrates
the proposed pre- and post-event framework.

First, the forecasted weather and fragility models of the
components are used to generate damage scenarios. For each
scenario, we solve a power flow (PF) problem to identify
critical components that must be repaired to restore service
for high-priority customers. This information is used in the
stochastic crew and resource allocation problem (SCRAP) to
ensure there is enough equipment to repair the critical compo-
nents. Once the weather event hits the distribution system, the
repair and restoration problem is solved to restore the network
to its normal state [19]-[21]. This paper focuses on the steps
before the weather event occurs.

III. DAMAGE SCENARIO GENERATION

Prepositioning crews and resources is subject to uncertain
damage states of distribution lines. In this paper, the uncer-
tainty is represented by a finite set of discrete scenarios, which
are obtained using a Monte Carlo sampling procedure. The
Monte Carlo sampling method generates |S| number of sce-
narios with equal probability (1/]S]). The focus of this paper
is on the impact of strong wind events, such as hurricanes and
windstorms. Since the study focuses on wind-related failures,
we only consider overhead distribution lines. To generate dam-
age scenarios, we first estimate the wind speed that will affect
the distribution system. In this paper, we simulate hurricane
events for illustration.

A. Hurricane Model

Since distribution networks cover small geographical areas,
we assume that the wind speed experienced by all components
in a distribution network is the same at any given moment [22].
The wind speed w(¢, s) that impacts the distribution network at
time # and scenario s is modeled using the inland wind decay
model [23], which is expressed by the following equation:

w(t, s) = wp + (wa? - wb>ef"““t —Cy (1
where w? is the maximum sustained surface wind speed at
landfall in scenario s; oy, = 0.095h7! is the decay constant;
wp = 26.7 knots (kt) is the background wind speed; and
R,, = 0.9 is a reduction factor that represents the abrupt wind
speed decrease as hurricanes make landfall. In this paper, the
value of W? is simulated using a logonormal distribution to
generate the scenarios. C), is a factor that represents the effect
of the distance inland [23].

B. Fragility Models

Distribution lines are modeled using edges that connect
distribution buses, which connect customers to the distribu-
tion network. Distribution lines include poles and conductors
between the poles. Damage of a single pole or conductor
on a distribution line renders the line inoperable. Therefore,
we conduct fragility analysis for each pole and conductor
in the system, while assuming that the fragility of different
components is independent.

1) Pole Failure: Using the fragility model presented in [25],
the probability of failure for pole z is found using the following
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equation:
PP (w) = min{a’e?™, 1)

2

where @” and bP are constants related to pole properties, and
w is the wind speed.

2) Conductor Failure: Conductors between distribution
poles are prone to failures due to strong winds and falling
trees during severe events [25]. Define p} as the direct wind-
induced damage probability, and pj as the damage probability
due to a fallen tree near conductor [/ [22], [26]. The wind-
induced damage probability of a conductor is calculated using
the ratio of the maximum perpendicular force that the conduc-
tor can endure F{ and the conductor wind loading FIW [26].
The wind loading and p;” are calculated by [27]:

qi(w) = 0.613(G1G2G3w)? 3)
FY'(w) = L x DY x qi(w) x ¢/ 4)
Prw) = min{F,W(w) JF, 1} 5)

Equation (3) calculates the dynamic pressure g;(w) (N/ m?2),
where G, G2, and G3 are factors related to the topography,
ground roughness, and a statistical factor depending upon level
of security required. L] is the length (m) and D is the diam-
eter (m) of conductor /, and ¢ is a force coefficient [27]. As
for the damage due to fallen trees, the probability is modeled
by [28]:

(W) = & (6)
SRMRSETC)
h(SY) = an + cu(kiS)) DY (7

where aj, bp, and ¢, are parameters associated with tree
species, S}” is the estimated storm severity on conductor /
(which varies from 0-1), k; is a factor that represents the local
terrain effects, and Dy is the tree diameter at breast height.

C. Equipment

The damage state of a component is determined using
Bernoulli distribution (Bernoulli(p)), which takes the value
of 1 (damaged) with probability p, and O (functional) with
probability 1 — p. For each scenario, we evaluate the sta-
tus of the system using the maximum sustained wind speed
wy = maxy {w(t, 5)}, Vs. Therefore, the damage state of pole
z in scenario s is determined by the outcome of the random
variable Ipf, ?le ~ Bernoulli(p’; (wg)). A conductor can either
be damaged by wind force wlvff”d ~ Bernoulli(p}’ (ws)) or tree
wiffe ~ Bernoulli(pﬁ(v"vs)). Consequently, the damage state of
conductor [ is determined as Wf?nd = w;fj”d \% 1#1’”;‘3. After
assessing the state of damage for each conductor and pole in
the network, we can estimate the amount and type of equip-
ment required to repair the damaged components. Although
distribution networks include many types of components, we
classify them into the following categories:

o Type 1: Poles for 3-phase lines

o Type 2: Poles for 1- and 2-phase lines

o Type 3: 3-phase transformers with protective equipment

o Type 4: 1-phase transformers with protective equipment

o Type 5: Conductors

IEEE TRANSACTIONS ON SMART GRID

Load
5 6
£ 3mCm—) )

Distribution bus (pole)

Conductor

1

pole
Distribution line

=== 3-phase liné emm== 1-phaseline X Damaged pole £ Damaged conductor

Fig. 2. Single line diagram of a distribution network.

The line segment connecting two distribution buses consists of
poles and conductors, as shown in Fig. 2, where line 2—5 has
one damaged pole and line 5-6 has one damaged conductor. In
case of a damaged bus, such as bus 3 in Fig. 2, both lines 2-3
and 3—4 are affected. To avoid repetition when calculating the
number of equipment required and repair time, we associate
the poles on shared buses (e.g., pole at bus 3 for lines 2-3 and
3-4) with the line that has the bus with the lowest index (line
2-3). The number of type T equipment required for line k in
scenario s can be calculated using the following equations:

Rigs = D Y% Vkre{l..4)s (8)
€9 (k,7)
Riss =nfLy Y wf, Vi, s ©)
125 (k)

where Q’L)(k, 7) is the set of type t equipment for the poles
on line k, Q7 (k) is the set of conductors on line k, and nf
is the number of phases for line k. Equation (8) calculates
the number of pole-related equipment and (9) calculates the
amount of conductor required.

D. Repair Time

The repair times for the damaged lines are estimated based
on the number of damaged conductors and poles. The repair
time for a damaged distribution pole is assumed to satisfy a
normal distribution with mean 5 hours and 2.5 hours standard
deviation ("7 ~ N(5,2.5)) [25]. For damaged conductors,
the repair time is assumed to satisfy a normal distribution
with mean 4 hours and 2 hours standard deviation (rl‘;S ~
N(4,2)) [25]. The estimated time to repair a damaged line is
found by adding the repair times of the damaged poles and
conductors of the line, as follows:

L pole cond ¢
ETk,s Z z,8 ’Jz),s + Z wl,s s> Vk, s
1€ (k)

(10)

2 (k)

According to the report in [29], the average time to remove
a tree after a storm is 1 hour. Therefore, the tree removal time
for each line, in hours, is estimated by calculating the number
of downed trees on the line:

T _ tree
ET{ =) ik,

1% (k)

VK, 5. (11)

E. Critical Components

After extreme events cause large-scale outages, it is imper-
ative to quickly restore power to critical sites, such as hos-
pitals, community shelters and emergency dispatch centers.
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@13 14
| ? S‘— - 1o o2 3. 4
I —g t % 10 11y

O Normally Open Switch W Normally Closed Switch X Damaged Line

Fig. 3. Single line diagram of a distribution network.

Therefore, we must ensure that there are enough equipment
and resources to repair vulnerable lines near critical sites. A
MILP model is used to solve a PF problem to determine
the critical lines to be repaired, so that all critical loads are
restored. If one pole or conductor on a line is damaged, then
the whole line is considered to be damaged and cannot be
operated. The binary variable L{,ﬁ , 1s used to indicate the dam-
age state of line k, Z/{,ﬁy =1if Y% =1 or I/fi?"d =1 for any
(i, 1) € k. For example, both lines 2-5 and 5-6 are damaged
in Fig. 2, therefore, L{zL_S = U5L_6 = 1. The set of damaged
lines Qpr(s) can the be found by using the binary variable
U, such that Qpr(s) = {klUf, = 1,Vk,s}. Define binary
variables u; which equals 1 if line k is repaired and O oth-
erwise, and y; as the connection status of load at bus i. The
MILP for identifying the critical components is formulated as

follows:
min Z U (12)
keQpr(s)
subject to y; =1, Vie Qcp (13)

subject to power operation constraints [21] where Q¢p is the
set of buses with critical loads. In this paper, we provide a sum-
mary for the model due to space limitations. The objective (12)
minimizes the number of lines to repair. Constraint (13) indi-
cates that all critical loads must be served. Furthermore, power
operation constraints such as power flow, network reconfigu-
ration, fault isolation, and distributed generator (DG) dispatch
are used in the model [21]. Consider the distribution network
shown in Fig. 3, with a critical load located at bus 7, and 5
damaged lines. In order to restore the load at bus 7 with min-
imal repairs, line 9-10 must be repaired (u9—19 = 1), switch
5-12 closed, and switches 1-2 and 4-5 opened to keep the
damaged lines isolated. If line 9-10 requires 2 poles to repair,
then the utility must have a minimum of 2 poles in their inven-
tory. The PF model is solved for each generated scenario s.
The set of critical lines ¢z, (s) for scenario s can then be found
as: Qcr(s) = {kluy = 1, Vk € Qpy.(s), s}. This information is
used in the SCRAP model in the following section.

IV. STOCHASTIC CREW AND RESOURCE ALLOCATION

The decision variables in the two-stage crew and resource
allocation problem can be divided into two groups. The
first group is the first-stage variables that are determined
before the realization of the uncertain parameters. These vari-
ables include the number of external equipment and crews
(Elg, L1y, T1;), the number of equipment and internal crews
transferred between depots d and e (E4¢. ¢, La.e, Td,e), and the
number of equipment in each depot d (Eg ;). Furthermore, a

Equipment M @ &
Equipment |

to depots

Depots é : é :

Crews to depots

Line Crews |

Tree Crews

Crew

assignment | \ ‘ ya ‘ | .
Damaged (@ 4 O 44O G €O SO0
Components

¢ Damaged Line

Fig. 4. Crew and equipment allocation.

decision on utilizing a depot is made in the first stage using
binary variable (v4), while the location of each crew is deter-
mined using binary variable (84,.). The second part contains
the second-stage variables, which are decided according to
specific realization of the uncertainty. The second-stage vari-
ables are indexed by s to indicate the response for the specific
scenario. In this stage, the crews are assigned to damaged
lines (Alk‘,c’s, A,{’m) to ensure they are staged near the damaged
lines, and the expected working hours for each crew (H, ) is
estimated. Also, the number of additional equipment required
(&4d.7.5) to finish the repairs is determined in this stage. SCRAP
models a joint location-allocation-inventory problem. Fig. 4
provides an illustration for the SCRAP model, which includes
the following steps: 1) depots are selected; 2) different types
of equipment are allocated to depots; 3) line and tree crews are
allocated to the depots; 4) equipment is assigned to crews; and
5) crews are assigned to damaged components. The two-stage
stochastic crew and resource allocation problem is formulated
in the following subsections.

A. Objective

min Y PrE Eqer+ Y PEEI,

Vd,e,t vd,t
+ 3 (PECW + THa) + PR va)
vd

+ Y P Y PHHe s+ Y PHEs o+ PR(LT + LF)
Vs Ve vd,t

(14)

The first two lines in (14) are for the first-stage objective,
which aims to minimize the costs of equipment transportation,
ordering equipment and external crews, and staging depots.
The third line in (14) is dependent on the realization of the
uncertainty, i.e., the second-stage objective. The first term in
the second-stage objective minimizes the labor costs associ-
ated with the crews. The second and third terms are penalty
costs. We add a penalty cost for unmet equipment demand
and penalize the time needed to repair all components. The
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penalty PEF minimizes the shortage of equipment. The pur-
pose of penalizing the expected time of the last repair is to
minimize the system restoration time.

B. First-Stage Constraints

In the first stage, the depots are selected and both equipment
and crews are allocated to the selected depots in anticipation of
an extreme event. Constraints (15)-(22) represent the first-stage
constraints.

1) Depot Selection:

L= va=sv™ (15)
vd

0= CFED, <Clva. Vd (16)
vt

0= 8ac=Cllva, vd (17)
Ve

The number of selected depots is limited to v"*** in (15), and
at least one depot must be selected. Each depot, if selected, can
contain a limited amount of equipment, as enforced by (16).
Constraint (17) limits the number of crews in depots. A depot
can accommodate a limited number of crews depending on
its resources. The limits in (16) and (17) are multiplied by vy
so that if the depot is not selected, it will have no crew or
equipment.

2) Crew and Equipment Allocation:

ED. =E).+ Eear— Y Eder+Elyz. Vd, T

Ve,e#d Ve,e£d
(18)
> Sae=Ly+ Y Lea— Y Lae+Lly Vd (19)
VeeCL Ve,e#d Ve,e#d
Y Sac=T+> Tea—Y Tae+ Tl ¥d  (20)
VeeCT Ve,e#d Ve,e#d
Y bac=1, VYeelC 1)
vd
<1, Ye¢IC (22)

Z ad,c
vd

Constraints (18)-(20) model the transportation of equip-
ment, line crews, and tree crews, respectively. The three
constraints are formulated using flow conservation equations.
For instance, the constraint for the equipment (18) states that
the amount of type 7 equipment in depot d is equal to the
sum of equipment initially in the depot, equipment transferred
to the depot, newly obtained equipment, and minus the equip-
ment transferred to other depots. The summations ) .. ez 8d,c
and ) y.ccr 84, are the number of line and tree crews in
depot d, respectively. The first term in the right-hand side
of (19) is the number of line crews initially present in depot
d. The second term represents the number of line crews trans-
ferred to depot d and the third term is the number of line crews
transferred from depot d. The last term LI; is the number of
visiting line crews to be positioned in depot d. Similarly, con-
straint (20) is designed for tree crews. Constraint (21) states
that each internal crew must be located in one of the depots,

IEEE TRANSACTIONS ON SMART GRID

while external crews can be either located in one depot, or not
used; i.e., 64, = 0, as enforced by (22).

3) Symmetry-Breaking Constraints: The presented problem
allow a large number of feasible symmetric solutions with
equal objective value. Therefore, we add symmetry breaking
constraints to keep at least one solution and remove all other
symmetric solutions. Consider a case where there are four line
crews and three potential depots. Assume that depot 1 and
depot 3 are selected, and all four crews must be allocated. In
this case, there are four possible solutions for allocating the
Crews:

1100 1010 0101
sac=(0000]=[0000|=[0000
0011 0101 1010
0011
=looo0o0 (23)
1100

To deal with the symmetry problem in (23), we allocate the
crews to the depot starting from the lowest indexed row and
column. Therefore, for 64, = 1, all depots with indices d<d
must not have any crews with indices ¢ > c, i.e., 521,& = 0. The
following equations are used to break the symmetry in (23):

> a1 = Y 8ae Ve e Ch e < |CH (24)
vd vd

D (19l —d)dacr1 = Y _(19p| — d)da.c, Yo € C* e < |CH|

Vd vd
(25)
D bacr1 =Y bacVee T, e < |CT] (26)

vd vd

> (1Qpl = Ddaer1 = Y (1Qp] = d)dge. Yee €T, c < |CT|
vd vd
(27)

Constraint (24) state that for similar crews, we allocate the
crew with the lowest index first. Constraint (25) allocates the
crews starting from the depots with the lowest index, and skips
depots that are not staged. Constraints (24) and (25) are also
enforced to the tree crews in (26) and (27). The feasible solu-
tions are then reduced from four to one possible solution in
this example, where only the first matrix in (23) is feasible.

C. Second Stage Constraints

After selecting the depots and allocating the crews and
equipment in the first stage, the crews are assigned to repair
the damaged components and the equipment are distributed to
the crews in the second stage.

1) Crew Assignment:

Z A%,c,s = u]f:sv Vk, s (28)
VeeCL
D Ao = Ui Vhos (29)
VeeCT
ZAic,s = MZ3d,c, Vee Chs (30)
Vk Vd
ZA]{,C,S = MZ(Sd,c, Ve e CT, s (31)

Vk vd
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D > Dd,k(5d,c +A£,c,s -
D > Dd,k((Sd,C +A,€C7S —

1), Vd, k,ce Ct s (32)
1), Vd, k,ce CT,s (33)

Equations (28) and (29) assign the line and tree crews to
the damaged lines, respectively. The binary parameter Z/{,Z P
equals 1 (0) if line k is damaged (functional). Therefore, if
s equals O, then line k will not be assigned to any crews
(.e., ZVCECL Aéym = 0). Also, if crew c is not staged at a
depot (i.e., ZVd 34 = 0), then crew ¢ is not assigned to
any damaged line as enforced by (30) and (31). The big M
value in (30) can be the maximum number of damaged lines
(maXvS(ZVk UkL’X)). Constraints (32)-(33) are used to identify
the distances between the damaged components assigned to
each crew and the depots. This distance is limited to D. If
line crew c is positioned at depot d (84, = 1) and is assigned
to line k (Aiw =1), then D > Dy.

2) Working Hours: In this subsection, we estimate the
working hours for each crew in order to distribute the working
assignments fairly between the crews and ensure that enough
crews are present. The working hours constraints are modeled
in (34)-(37).

Hey =Y (ET{ AL, YceCls (34)
Vk

Hey =Y (ETLA[.,). YeeC s (35)
Vk

LE>H.,, YeeCls (36)

L' >H,.,, Veecl,s (37)

The total expected working time for each line and tree crew
is calculated in (34) and (35). Constraints (36) and (37) define
the expected time of the last repair. The value of £ is greater
or equal to the largest H,. s for the line crews, and £ is greater
or equal to the largest H. for the tree crews. Since we are
minimizing the expected time of the last repair, it will take
the value maxy.(H. ) in each scenario. By minimizing ,Cf
and LZ, we minimize the restoration time of the system and
ensure that we do not have a single crew or few crews in a
location with many damaged components.

3) Equipment Assignment: The next set of constraints
model the distribution of equipment to the depots and crews.

ZEdD,T X Z Rirs, ¥T,5 (38)
Q VkeQecy ()
Z(Ecll)r + gd,r,s) >4 ZRk,r,s, V1, s (39)
vd vk
S EC, ., < Mbge, Vd,c e Chys 40)
vVt
Z E ey SEf; + &y Vd T.s 41
VeeCL
S ES = D Ak Rirs YeeChrs (42)
vd Vk

Constraint (38) indicates that the number of equipment
available must be sufficient for repairing all critical lines
before the extreme event occurs. Constraint (39) states that
the total equipment that the utility have must be equal or
greater than the required equipment to repair the damaged

components. £ 1 ¢ identifies the additional number of equip-
ment (unmet equipment demand) that must be ordered in each
scenario to finish the repairs. Each crew can obtain equip-
ment from the depot they are positioned at, as enforced by
constraint (40). The crews must use the resources available
in the depot (41). Constraint (42) indicates that the number
of resources the crew have should be enough to repair the
assigned damaged components. After positioning the crews
and resources, the utility will be ready for the recovery opera-
tion after the outages. The next section presents the algorithm
used to solve the stochastic model.

V. SOLUTION ALGORITHM

The standard method for solving stochastic programs is to
use a MILP solver, e.g., CPLEX, to directly solve the extensive
form (EF) of the SMIP. Define (x) and (ys) as vectors con-
taining the first-stage and second-stage variables, respectively.
Also, let a and by represent the coefficients associated with
(x) and (ys), then the EF form of the SMIP can be expressed
as follows:

¢ =min a’x + Z Pr(s) by’ ys (43)
X,5¥s Vs
s.t. (x,y5) € Qs, Vs 44)

where (x, ys) € Qs represents the subproblem constraints that
ensures a feasible solution. Solving the EF for large-scale
problems is however computationally difficult. Decomposition
methods, such as the L-shaped and Benders Decomposition
methods [30], have been proposed in the literature to solve
stochastic programs. The L-shaped method and Benders
decomposition cannot be applied directly when the second
stage is non-convex with integer values, which is the case
for the preparation problem in this paper. Rockafellar and
Wets developed the Progressive Hedging (PH) algorithm as
a heuristic to effectively solve SMIP problems [31]. The algo-
rithm decomposes the EF into scenario-based subproblems.
Therefore, for |S| scenarios, the SMIP is decomposed into |S|
subproblems. The PH algorithm is described in Algorithm 1.

The first step initializes the iteration number t and the indi-
vidual scenarios are solved in Step 2. In Step 3, the first stage
solution obtained from Step 2 is aggregated. Step 4 calcu-
lates the multiplier 1. The multiplier is used in Step 6 to
update x, where the scenarios are solved independently in
parallel. Steps 7 and 8 update the first-stage solution and
the multiplier, respectively. The program terminates once all
first-stage decisions xg converge to the same X in Step 9,
ie, Y s Pr(s)||xs® — ¥|| < &. The PH algorithm may
experience slow convergence with large problems that include
many scenarios. A detailed analysis of PH showed that individ-
ual first-stage variables frequently converge to specific values
across all scenario subproblems [32]. Therefore, we fix some
of the first-stage variables if they converge to the same val-
ues after certain numbers of iterations. In the SCRAP model,
we fix the variable vy (depot selected) if it converges to the
same values after 7| iterations, as shown in Steps 12-16. In
Steps 17-21, the crew allocation and selection variable 8, . is
fixed after 7, iterations if the variable converges to the same
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Algorithm 1 The Two-Stage PH Algorithm

I: Let t:=0
2: For all s € S, compute:
x(D = arg min,. {aTx +bsTys D (x,ys) € Qs}

cx(0 = > ses Pr(s)x; (9
: ﬂs(r) = p(xs™ —f(r))
T=1+1

: For all s € S compute:
x(D =

Qv A W

T

argmin, ja’'x + bsTys + ns(r_l)x +

Blbe =¥ 2x,y) € O
7. ¥ = > ees Pr(s)xs (P
8: 5™ 1= gD 4 p(as (D — 0

9: if e Pr(s)lxs™ — (D] < & then
10: terminate

11: else
12: if t > 71 then
13: if "5,1 = vé’sr, Vd, s then
14: fix vdzvd’s,‘v’d,s
15: end if
16: end if
17: if t > tp then
18: if Sé,c,l = 85’%5, Yd, c, s then
19: fix 8d,c = Sd,c,s’ vd, c, s
20: end if
21: end if
22:  go to Step 5
23: end if
Initialize 75 and T ]
|
Solve Individual Scenarios
|
4'[ Update ns and T
!

[ Solve Weighted Scenario MILPs ]

Fix 64, if l
8f1 =08t &1=21 [Compare Scenario Solutions ]
‘ Fix vq if
Vi1 = Vg &T 2T

Converged?

Fig. 5. Flowchart for the proposed PH algorithm.

value across all scenario subproblems. Once the variables are
fixed, they are treated as parameters in the following iterations.
In this paper, the values of 71 and 1 are set to be 5 and 20,
respectively. A flowchart for the algorithm is given in Fig. 5.

VI. SIMULATION AND RESULTS

The preallocation model is simulated on the modified IEEE
123-bus distribution feeder [21], [33]. The size of the IEEE
123-bus feeder is scaled up, as shown in Fig. 6. The modified
network, shown in Fig. 7, includes 4 dispatchable DGs, 18
new switches, 5 PVs and 2 battery energy storages. Note that
Fig. 7 does not reflect the actual x- and y-coordinates. The 4
DGs are rated at 300 kW and 250 kVAr. The PV at bus 62 is
rated at 900 kW and the other PVs are rated at 50 kW. The
battery systems at bus 2 and 62 are rated at 50 kW/132 kWh
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Fig. 6. x- and y- of the modified IEEE 123-bus distribution feeder and

location of depots.
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Fig. 7. Modified IEEE 123-bus distribution feeder.

and 500 kW/ 2100 kWh, respectively. Additional details about
the network can be found in [33].

We assume that a category 3 hurricane is forecasted to make
its way towards the test system. Fig. 8 shows an example of
a hurricane landfall and the maximum sustained wind speed.
Monte Carlo sampling is used to generate 100 damage scenar-
ios with equal probability. First, lognormal distribution with
u = 4.638 and o = 0.039 [24] is used to generate 100 sce-
narios of possible wind speeds at landfall. Then, the models
presented in Section III are used to evaluate the impact of
the extreme event. The number of scenarios are reduced to 30
using the tool SCENRED?2 in the General Algebraic Modeling
System (GAMS) [34] to reduce the computational complex-
ity [35]. The simulation data used in equations (2)—(7) are
listed in Table 1.

After generating the damage scenarios, the PF problem (12)
is solved for each scenario to find the critical lines to be
repaired. Then, the SMIP model presented in Section IV is
used to model the preallocation problem. It is assumed that
there are 5 potential staging areas, the location of each depot
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95 kt

65 kt

35kt

¢ Test system

Fig. 8. Maximum wind speed (kt) on test area.

TABLE I
SIMULATION DATA FOR THE FRAGILITY MODELS

Model Parameter Value Ref.
. aP 0.0001
Pole failure P 0.0421 [25]
G1 1
Go 0.83
Gs 1 [27]
ct 1.2
c
Conductor failure élf ; 817 823 12] [36]
FJoree 62.8 kN
{ap, bp,cn} | {-2.752,0.680,0.663} (28]
Sy 0-1
ky 0.57-1.43 [37]
Dor 0.15 m [26]
TABLE II

SIMULATION DATA FOR SCRAP oON THE IEEE 123-BUS FEEDER

Value
CF = {600.400,400,250,250}
CH = {87,155}
CcF ={10,8,5,4,6}

PP ={0,170K,170K,90K 90K }
PET = {2K,1.2K,2.5K,1.2K,3.3K}
Line crew: 225, Tree crew: 120
0.098
$4285/crew

Parameter

Depot supply capacity (unit)

Depot crew capacity (crew)

Capacity required (unit)
Staging areas costs ($)

Equipment costs ($/unit*)
Hourly cost ($/crew)
Transportation costs ($/tkm)

Contracting costs

*For the conductor, 1km = 1 unit.

is shown in Fig. 6. We set the maximum distance between
the staged crews and damaged components to be 16 km
(D = 16 km) in this simulation. Depot 1 is assumed to be the
main location of the utility and must be staged (v; = 1). Depot
1 has 5 line crews, 3 tree crews, and a stockpile of 25 poles
(10 for 3-phase lines and 15 for 1- and 2-phase lines), 4 km
of conductor, 8 single-phase transformers, and 3 three-phase
transformers. The utility can obtain additional resources based
on the results of the SCRAP model. The data for the costs used
in the SCRAP model are presented in Table II [38], [39].

TABLE III
PRE-EVENT PREPARATION RESULTS

SCRAP DA RSO

Staged Depots 1 4 1 4 1 4

Line Crews 6 4 6 4 6 4

Tree Crews 2 1 2 1 2 1

1 10 6 10 0 15 8

2 16 13 13 6 26 15

Equipment | 3 | 3 0 3 0 3 0

4 6 2 7 | 6 3
513.8km|2km| 25km |1.5km|5 km|3 km

Costs $146,766 $117,443 $183,371

The penalty costs for the unmet equipment demand is
assumed to be 10 times the actual cost of the equipment. As
for the penalty cost on the restoration time, we estimate the
per hour outage cost $/h. For the IEEE-123 bus system con-
sidered in this paper, the average daily load is 2772.75 kW.
Using the average per hour cost [41] of $2/kWh for regular
loads and $16/kWh for critical loads, the estimated per hour
cost is found to be $14610.5/h. We set PR to equal half of
the estimated per hour cost so that the penalty cost is divided
between line repairs and tree removal in (14).

A. Preparation

The SCRAP model is solved using Pyomo with IBM’s
CPLEX 12.6 mixed-integer solver on a high-performance com-
puting system. The simulation is performed on Iowa State
University’s Condo cluster, whose individual blades consist of
two 2.6 GHz 8-Core Intel E5-2640 v3 processors and 128GB
of RAM. Table III presents the results of the preparation
problem using SCRAP and PH with 30 scenarios and 1 sce-
nario, which we refer to as deterministic allocation (DA). The
single scenario for DA is obtained by reducing the number
of scenarios to 1 using SCENRED2. Moreover, the robust
stochastic optimization (RSO) method presented in [13] is
used to solve the preparation problem. The staging sites and
the number of crews are found to be the same for both stochas-
tic and deterministic solutions. However, SCRAP invested
around $30,000 more in equipment. The deterministic solu-
tion is biased towards a single scenario and did not consider
extreme cases where the required number of equipment is high.
On the other hand, RSO favors a solution that would perform
better with worst-case scenarios. RSO invested around $40,000
more than SCRAP on equipment. However, this can lead to
over-preparation and over-investment.

The results of the SCRAP model indicate that Depot 4
should be staged in preparation to the weather event in sup-
port to the main location (Depot 1). Five new external line
crews are contracted with one positioned at Depot 1 and four
positioned at Depot 4. In addition, one tree crew is trans-
ferred from Depot 1 to Depot 4. Six 3-phase poles (type 1)
are ordered to Depot 4 and fourteen type 2 poles are ordered,
one to Depot 1 and thirteen to Depot 4. Also, two single-phase
transformers are transferred to Depot 4 from Depot 1. Finally,
around 200 meters of conductor is transferred from Depot 1
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TABLE IV
PERFORMANCE OF THE STOCHASTIC PROGRAM

Method  Objective Value Computation Time EVPI

WS $513,170 N/A N/A
SCRAP-EF $549,554 300 min $36,384
SCRAP-PH $551,585 106 min $38,415
RSO $608,683 335 min $95,513
ED $714,602 2 min $201,432

to Depot 4, and approximately 1800 meters of conductor is
ordered to Depot 4.

To show the importance of considering uncertainty in
the problem, we calculate the expected value of perfect
information (EVPI)). EVPI is the difference between the wait-
and-see (WS) and the stochastic solutions. It represents the
value of knowing the future with certainty. WS is the expected
value of reacting to random variables with perfect foresight.
It is obtained by calculating the means of all determinis-
tic solutions of the scenarios. WS provides a lower bound
for the objective value and cannot be obtained in practice.
As for evaluating the performance of the deterministic solu-
tion across different scenarios, we set the first-stage variables
obtained from DA as fixed parameters and solve the stochas-
tic problem. Let { = F(x, &) be the stochastic programming
problem with first-stage variables x and random variables &.
If xP4 is the first-stage solution obtained by solving the deter-
ministic problem, then the expected value of the deterministic
solution (ED) is ¢EP = F(xPA, §). The same approach is used
to calculate the objective value of RSO. From Table IV, the
stochastic solution from SCRAP with PH is less than ED,
which is expected since SCRAP considers the variability of the
extreme event outcome unlike the deterministic solution. The
difference between PH and ED is $163,017, which is around
80% of the difference between ED and WS. This indicates
that the stochastic model leads to a better preparation strategy
by acquiring and positioning enough equipment. Solving the
two-stage stochastic problem is more beneficial than solving
a deterministic problem. PH achieved a solution only 0.36%
less than EF with a considerably lower computation time.
RSO achieved a solution that outperforms the deterministic
one, however, the EVPI for RSO is $95,513 and $38,415 for
SCRAP-PH. In addition, RSO requires more computation time
when compared to SCRAP-PH.

B. Stability Test

The stability test in [40] is used in this study to check
the sensitivity of solution stability to the number of scenar-
ios. The idea of the test is to solve the stochastic problem
with multiple independent sets of scenarios and compare the
objective values. The model is stable if the objective values
are approximately equal [40]. We generate 8 sets of scenar-
i0os, each set includes 30 to 100 scenarios. The simulation
results are shown in Fig. 9, which shows that the varia-
tion of the objective value is small. Therefore, the method
is stable and 30 scenarios is adequate for representing the
uncertainties.
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Fig. 9. Sensitivity analysis of optimal objective value versus the number of
scenarios.

TABLE V
REPAIR AND RESTORATION PERFORMANCE AFTER THE EVENT

Load served (kWh)
80,136 kWh
80,136 kWh

Preparation
SCRAP
RSO

Equipment
{+3,+11,+3,46,+0.32 km}
{+10,+23,43,+7,43.7 km}

DA {-3,+1,+3,46,-0.34 km} 77,448 kWh
W/O Preparation  {-3,-3,+3,+6,-0.34 km} 46,667 kWh
“-”: shortage; “+”: surplus; the load served is for the first 48 hours
Equipment: {Poles for 3-phase lines, Poles for single-phase lines,
3-phase transformers, single-phase transformers, conductor}

100
—— SCRAP/RSO

30 Deterministic
- —— W/O Preparation
[
>
E 60 ‘ N
n
o
8 40 T ol
2

20 *

OL 6 11 16 21 26 31 36 41 46

Time (hours)

Fig. 10. Post-event percentage of load served.

C. Restoration

After the event impacts the system, it is up to the utility to
dispatch the crews and manage the equipment. The efficiency
of this process depends on the location of the crews and the
amount of stored equipment. To assess the devised prepara-
tion plan, we solve the repair and restoration problem [21].
A new random scenario is generated on the IEEE 123-bus
system, with crews and equipment allocated according to the
results in Table III. In the generated scenario, 13 three-phase
poles, 18 single-phase poles, 2 single-phase transformers, and
4343.4 meter of conductor are damaged. The method presented
in [21] is used to dispatch the crews and operate the network to
restore energy to customers as fast as possible. Four prepara-
tion methods are tested: 1- SCRAP; 2- RSO; 3- DA; 4- without
preparation (the utility starts with its crews and equipment
positioned at Depot 1). The results are shown in Table V
and Fig. 10. The “4” sign in Table V indicates a surplus of
equipment (number of available equipment is higher than the
amount required) and “—” indicates a shortage of equipment.
Both SCRAP and RSO over prepare with a large surplus of
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11 single-phase poles for SCRAP and 23 single-phase and 10
three-phase poles for RSO. However, the restoration process
is faster with 80 MWh served in the first 48 hours for both
methods. Without preparation and DA have a shortage of 3
three-phase poles and 0.34 km of conductor. Moreover, with-
out preparation, there is a shortage of 3 single-phase poles.
We assume that the equipment required to finish repairs can be
obtained 12 hours after the event. With 10 line crews and 3 tree
crews, the system can be completely restored within 48 hours
(27 and 30 hours with SCRAP/RSO and DA, respectively).
On the other hand, it takes more than 48 hours to restore
the system for 5 line crews and 3 tree crews. The percentage
of load served comparing the three preparation strategies is
shown in Fig. 10, where SCRAP has the best performance.

VII. CONCLUSION

In this paper, a new study for disaster preparation consider-
ing crews and equipment allocation is presented. The study
starts with analyzing the fragility of distribution networks
to extreme events in order to estimate their impacts on the
network. Several outcome scenarios are generated providing
information on the number of equipment required, estimated
repair times, and critical lines. A two-stage stochastic math-
ematical model is developed to select staging locations, and
allocate crews and equipment. A study case is presented on the
IEEE 123-bus system where the performance of the proposed
model is tested. The results demonstrate the effectiveness of
the proposed approach for both meeting the equipment demand
and post-event recovery operation. By using an effective prepa-
ration procedure, we can ensure that enough equipment is
present for repairing the damaged components in the network
and facilitate a faster restoration process.
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