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Robust Emergency Preparedness Planning for
Resilience Enhancement of Energy-Transportation

Nexus against Extreme Rainfalls
Zhihao Hua, Graduate Student Member, IEEE, Bin Zhou, Senior Member, IEEE, Siu Wing Or,

Jie Zhang, Senior Member, IEEE, Canbing Li, Senior Member, IEEE, and Juan Wei

Abstract—This paper proposes a robust emergency prepared-
ness planning (EPP) scheme to optimally pre-position diverse
mobile emergency resources (MERs) in staging locations and
perform proactive network reconfiguration for resilience en-
hancement of energy-transportation nexus (ETN) against extreme
rainfalls. Based on rainfall-runoff simulation with hydrodynamic
partial differential equations, a risk identification approach for
flood-prone transportation modeling is developed for vehicle
travel time estimation and MER routing optimization. To handle
uncertainties in line outages and flooded roads incurred by
extreme rainfalls, a tri-level robust EPP model is proposed to
determine the optimal emergency preparedness plan immunized
against the worst-case realization of uncertainties. Further-
more, a tailored solution method combining nested column-
and-constraint generation algorithm with multiple linearization
techniques is devised to cope with the proposed nonlinear robust
EPP model. Comparative studies have validated the effectiveness
of the proposed scheme for resilience enhancement of the ETN
confronted with extreme rainfall disasters.

Index Terms—Energy-transportation nexus, disaster prepared-
ness, mobile emergency resources, optimal proactive planning,
extreme rainfall.
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ETN Energy-transportation nexus.
EDV Emergency drainage vehicle.
EPP Emergency preparedness planning.
MER Mobile emergency resource.
MEG Mobile emergency generator.
MESS Mobile energy storage system.
MILP Mixed-integer linear programming.
MPS Mobile power source.
NC&CG Nested column-and-constraint generation.
1D SVEs One-dimensional Saint-Venant equations.
RCS Remote-control switch.
2D SWEs Two-dimensional shallow water equations.
WT Wind turbine.

Sets
T /T ′ Set of time periods in the upper/lower level.
V Set of all MPSs and EDVs.
VP/VD/VG/VS set of MPSs/EDVs/MEGs/MESSs, and

VP/VD/VG/VS ⊆ V .
N/G Set of nodes/staging locations in the trans-

portation network, and G ⊆ N .
B/L Set of buses/lines, and L ⊆ B × B.
R/Rf/Rfp Set of real roads/fictitious roads/flood-prone

roads, and R/Rf/Rfp ⊆ N ×N .
Kgj Set of routes connecting node g and j.
end(r) Set of ends of road r, and end(r) ⊆ N .
Nf Set of ends of flood-prone roads, and Nf :=

{i : i ∈ end(r) ∀r ∈ Rfp} ⊆ N .
Nac Set of nodes at which MPSs can be con-

nected to the distribution network.
Parameters
C⟨j⟩ Allowable total capacities of MPSs con-

nected to bus ⟨j⟩.
di Upper limit of dji,t.
hr,t′ Inundation depth of road r at time t′ ob-

tained from the rainfall-runoff simulation.
Kg Allowable number of MPSs and EDVs pre-

positioned in staging location g.
PG
i /P

S
i Maximum active power output of

MEG/MESS i.
Pi,t/Qi,t Active/reactive demand at bus i and time t.
Pwt
i,t Forecasted WT generation at bus i and time

t.
P rp
i Maximum ramping limit of DG at bus i.
rij/xij Resistance/reactance of line (i, j).
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Sij , Sdg
i ,Swt

i Rated apparent power capacities of line
(i, j), DG at bus i, and WT at bus i.

T̃r Free travel time on road r.
T vig
t Known travel time from initial location vi

to node g at time t.
TER Estimated time when extreme rainfall oc-

curs.
T co
i Time required for connecting MPS i to the

distribution network.
∆T Duration of each time period.
∆T d

ij Repair time of line (i, j).
Φ1,Φ2,Ψ1,Ψ2 Uncertainty budgets.
δgjr,k Binary parameter equals 1 if road r belongs

to route k ∈ Kgj .
ηSdb /ηScb Discharge/charge efficiency of MESS b.
SoCb/SoCb Maximum/minimum SoC of MESS b.
vi Initial location of vehicle i.
ωi Priority weight of load at bus i.
ε/M A sufficiently small/large positive number.

Variables

dji,t Inundation depth decreased by EDV i at
node j and time t′.

Hr,t′ Inundation depth of road r at time t′ after
drainage by EDVs.

P in
i,t/Q

in
i,t Active/reactive power injection at bus i and

time t.
Pij,t/Qij,t Active/reactive power flow on line (i, j) at

time t.
Pmg
i,t /Q

mg
i,t Active/reactive power imported from the

main grid.
P dg
i,t /Q

dg
i,t Active/reactive power output of DG at bus

i and time t.
Pwt
i,t /Q

wt
i,t Active/reactive power output of WT at bus

i and time t.
PG
a,i,t′/Q

G
a,i,t′ Active/reactive power output of MEG a at

bus i and time t′.
P S
b,i,t′ Active power output of MESS b at bus i

and time t′

P Sd
b,t′/P

Sc
b,t′ Discharging/charging power of MESS b at

time t′.
∆Pi,t′/∆Qi,t′ Active/reactive load curtailment at bus i and

time t′.
Tr,t′ Travel time on road r at time t′.
T gj
k,t′ Travel time on route k ∈ Kgj at time t′.
Vi,t Squared voltage magnitude of bus i at time

t.
µSd
b,t′/µ

Sc
b,t′ Binary variable indicates discharge/charge

status of MESS b at time t′.
SoCb,t′ SoC in MESS b at time t′.
αij,t Binary variable equals 1/0 if line (i, j) is

closed/open at time t.
βij,t Binary variable equals 1 if bus j is the

parent of bus i at time t.
γvig
i,t Binary variable equals 1 if vehicle i travels

from initial location vi to node g at time t.
γgji,k,t′ Binary variable equals 1 if vehicle i travels

from node g to j via route k at time t′.

δij Binary variable equals 1 if line (i, j) is
damaged during the extreme rainfall.

ϕij,t′ Binary variable equals 0 if line (i, j) is
damaged at time t′.

ψr Binary variable equals 1 if road r is flooded
during the extreme rainfall.

zji,t′ Binary variable equals 1 if EDV i is at node
j at time t′.

ξji,t′ Binary variable equals 1 if vehicle i arrives
at node j at time t′.

u
⟨j⟩
i,t′ Binary variable equals 1 if MPS i is con-

nected to bus ⟨j⟩ at time t′.

I. INTRODUCTION

A. Motivation

DRIVEN by ongoing transportation electrification, energy-
transportation nexus (ETN) has received burgeoning

interest in recent years, since it offers a promising solution
to increase the utilization of distributed renewable resources
and accelerate the transition to a carbon-neutral highway
transportation system [1]. However, interdependencies among
infrastructure systems expose the ETN to compound disasters
and cascading failures under extreme weather [2]. Among the
most destructive weather disasters, extreme rainfalls have been
observed to adversely affect the secure operations of energy
systems with large-scale blackouts, and trigger widespread
traffic disruptions to transportation systems with severe road
flooding. Moreover, flooded roads threaten the nearby substa-
tions and distribution towers, and prevent mobile emergency
resources (MERs) from responding, thereby exposing critical
loads to power outage risks. Due to increasingly frequent and
intense extreme rainfall events, the adverse impact of rainfall-
induced destruction underscores the necessity of investigating
effective resilience enhancement technologies for the ETN.

Pre-positioning of diverse MERs such as mobile power
sources (MPSs) and emergency drainage vehicles (EDVs) can
boost proactive emergency preparedness to effectively enhance
the resilience of the ETN against extreme rainfalls [3]–[5].
The pre-positioned MPSs can be rapidly allocated in the
ETN to help restore critical loads, and EDVs can mitigate
road flooding to enable safe and time-saving travel of MPSs
during service restoration. However, the lack of consideration
of coordination between MPSs and EDVs unavoidably lead to
a biased pre-positioning plan that retards the recovery efforts.
Furthermore, uncertain line outages and flooded roads, due to
the uncertainty in the spatio-temporal distribution of precipita-
tion intensity, further increase the complexity of developing a
robust pre-positioning plan. Consequently, this paper aims to
investigate a robust emergency preparedness planning (EPP)
scheme considering uncertainties in line outages and flooded
roads to optimally pre-position MPSs and EDVs for resilience
enhancement of the ETN against extreme rainfall disasters.

B. Literature Review

Various studies have investigated resilience enhancement
technologies for energy-transportation systems against natural
disasters, which mainly focused on infrastructure hardening



3

[6], [7] and service restoration coordinated with the allocation
of diverse MERs [8]–[15]. The hardening of roads and power
lines was studied in [6] and [7]. Generally, infrastructure
hardening is a lengthy endeavor and entails substantial in-
vestment. The allocation of MERs, such as electric vehicles
[8], [12] including electric buses [9] and E-taxis [11], repair
crews [14], MPSs including mobile emergency generators
(MEGs) and mobile energy storage systems (MESSs) [11]–
[15], and mobile de-icing devices [10] has been comprehen-
sively investigated to coordinate with network reconfiguration
and microgrid formulation to help increase the restoration
efficiency. Moreover, multiple transportation system models,
such as the semi-dynamic traffic assignment model in [10],
and route planning algorithms, such as Dijkstra’s algorithm
in [15], were adopted to minimize the travel time of MERs.
These allocation efforts were conducted after the occurrence
of disasters, which are not able to proactively boost the emer-
gency preparedness of the ETN in the face of upcoming natural
disasters. Proactive emergency preparedness offers significant
advantages, notably in mitigating unintended negative impacts
of natural disasters, improving post-disaster recovery efforts,
and enhancing system resilience [3], [16]. It has been shown
that pre-positioning diverse MERs before natural disasters
could be a viable and economical means to enhance emergency
preparedness capability of critical infrastructure systems [5].

MPSs can be called up rapidly and flexibly allocated in
appropriate locations to expedite load restoration. Therefore,
a growing body of literature [4], [17]–[20] has investigated
pre-positioning approaches of MPSs for system resilience
enhancement. For example, a stochastic pre-positioning model
for repair crews and MEGs was presented in [4], and a
two-stage pre-positioning framework was designed in [17] to
route and schedule MPSs. Electric bus is also leveraged as
a generation resource to supply critical loads under natural
disasters, and pre-hurricane electric bus allocation was studied
in [3] and [21]. However, a majority of the prior works
primarily focused on the distribution system and overlooked
the impact of dynamic traffic conditions on the travel of
MPSs during the recovery process. To bridge the gap, a road
network damage/congestion model was considered in [22], and
the transportation network was optimized in [23] to arrange
a fast route for mobile devices in emergency operations.
Nevertheless, these works have not incorporated the negative
impact of road flooding incurred by extreme rainfalls on
the transportation system. Road flooding could significantly
prolong the vehicle travel time and profoundly impede the
dispatch of MPSs during service restoration. Since EDVs can
effectively mitigate road flooding, coordinated pre-positioning
of MPSs and EDVs could be a promising solution for the ETN,
which has not been well explored in previous studies.

Pre-positioning plans entail sufficient robustness to handle
uncertainties in rainfall-induced disasters that could dramati-
cally impact the recovery process of the ETN under extreme
rainfalls. Stochastic programming and robust optimization
are widely used approaches for handling uncertain variables
[3], [4], [17]–[22]. Stochastic programming requires accurate
probability distribution functions of the uncertain variables to
generate post-disaster scenarios and is computationally expen-

sive when having a large number of scenarios [24]. In contrast,
robust optimization only requires limited information about the
uncertainties and is more computationally tractable, especially
for problem under extreme disaster conditions. Moreover, to
the best of the authors’ knowledge, existing works have not
considered uncertainties in line outages and flooded roads that
commonly occur in the ETN under extreme rainfalls. Hence,
pre-positioning MPSs and EDVs in a robust optimization
manner considering uncertainties in line outages and flooded
roads is a promising strategy for resilience enhancement of
the ETN confronted with extreme rainfalls.

C. Research Contribution

In this paper, a robust EPP scheme is proposed to enhance
the proactive emergency preparedness and resilience of the
ETN, by considering uncertainties in line outages and flooded
roads under extreme rainfalls. The pivotal contributions of this
paper are threefold as follows:

1) A risk identification approach based on rainfall-runoff
simulation is developed to locate flood-prone transportation
roads. A coupled 1D-2D hydrodynamic model with hyperbolic
partial differential equations is formed to simulate the dynamic
flooding process for obtaining the spatio-temporal distribution
of road inundation depth. Therefore, the diverse MER routing
with the vehicle travel time can be estimated based on a speed
attenuation function and flood-prone road identification.

2) A tri-level robust EPP model is developed to minimize
the worst-case load curtailment for resilience enhancement of
the ETN against extreme rainfalls. The upper level aims to
pre-position MPSs and EDVs and perform proactive network
reconfiguration before rainstorms to boost emergency pre-
paredness capability. Under the worst uncertainty realization
from the middle level, the lower level strives to coordinate
the optimal MER routing and dispatch with the post-disaster
network reconfiguration for expediting service restoration.

3) A tailored solution method based on the nested column-
and-constraint generation (NC&CG) algorithm is devised to
decompose the tri-level problem into a pre-disaster prepared-
ness master problem and a post-disaster restoration subprob-
lem, in order to iteratively achieve the optimal emergency pre-
paredness plan. Multiple linearization techniques are employed
to cope with the inherent nonlinearities within bilinear terms,
quadratic constraints of capacity limits, and hyperbolic tangent
functions to recast the proposed nonlinear EPP model into a
tractable mixed-integer linear programming (MILP) problem.

The remainder of the paper is organized as follows. Section
II introduces the risk identification approach of flood-prone
roads and details the tri-level robust EPP model. Section III
presents a tailored solution method for solving the EPP model.
Section IV demonstrates the numerical results and analysis
on a modified IEEE 33-bus distribution network and 30-node
transportation network. Section V concludes this paper.

II. PROBLEM FORMULATION

A. Risk Identification of Flood-Prone Roads

Rainfall drops onto impervious roads, forms surface runoff,
and flows into underground drainage networks via stormwater



4

manholes. If excess rainwater cannot be drained rapidly, the
transportation system will suffer from road flooding [25].
Our proposed risk identification approach first simulates the
rainfall-runoff process to obtain the inundation depth on each
road. One-dimensional Saint-Venant equations (1D SVEs)
are utilized to describe the water flow through drainage
pipes, formulated as (1a). Two-dimensional shallow water
equations (2D SWEs) are adopted to describe the runoff on
road surfaces [26], which can be written in a conservative
vector form as (1b). Moreover, the 2D SWEs and the 1D
SVEs are linked by exchanging boundary information and
source terms at the junction sections. Therefore, they can be
utilized to construct a coupled 1D-2D hydrodynamic model
for simulating the dynamic flooding process [27], [28]. A
finite difference method with the Preissmann implicit scheme
is typically used to solve the 1D SVEs, and a finite volume
method with the Godunov-type scheme could be adopted to
solve the 2D SWEs [26], [28]. Geospatial information and
forecasted rainfall distribution are needed for the rainfall-
runoff simulation. More details of the coupled model could be
found in [26]–[28]. Then, the spatial-temporal distribution of
road inundation depth can be obtained after the rainfall-runoff
simulation. A road is considered flood-prone if its maximum
inundation depth exceeds a threshold set as 0.15 meters in this
paper.{

∂tA+ ∂xQ = Sr

∂tQ+ ∂x(Q
2/A) + gA∂xH = gA(Sb − Sf)

(1a)

∂tU(H, qx, qy) + ∂xF(U) + ∂yG(U) = S (1b)

where x, y, and t are the spatial and temporal coordinates;
A is the wetted area; Q is the the flow discharge rate; Sr is
the lateral inflow per unit length; Sb is the friction slope; Sf

is the bed slope; g is the gravitational acceleration; U is the
vector of the conserved variables; F is the flux vector; S is
the source term vector; qx and qy are the unit discharges in x
and y direction, respectively; H is the water depth.

As the inundation depth increases and the running speed
decreases, the travel time will be significantly extended [25].
Traffic disruption occurs when the inundation depth reaches
a critical threshold. Some studies, such as [6], adopted a
semi-dynamic traffic assignment model to describe traffic flow
distribution for estimating the travel time on each road. This
model must satisfy a constraint that the duration of each
period should be longer than the maximum travel time on the
used routes [29]. However, extended travel time, due to road
flooding, probably violates this constraint, making this model
inapplicable to transportation network modeling under extreme
rainfalls. Moreover, it is assumed in this paper that most of
the vehicles, except for emergency vehicles, will take refuge
in public shelters before extreme rainfalls occur. Therefore,
the travel time on a flooded road is not affected by the traffic
flow distribution and mainly depends on the inundation depth.
A speed attenuation function proposed in [27] could link the
inundation depth Hr with the running speed vr on a flooded
road r to enable travel time estimation for MPSs and EDVs,
formulated as

vr =
ṽr
2

tanh(
−Hr + a

b
) +

ṽr
2

(2a)

Extreme rainfall
strikes

Days/hours
ahead

Constraints with recourse 
decision variables

Hours/days
afterwards

Time

Emergency Preparedness plan

Here-and-now decision: 

Staging locations of MPSs and EDVs;

Status of remote-control switches.

Pre-positioning of MPSs and EDVs

Proactive network reconfiguration

Weather forecast and
 rainfall-runoff simulation

Flood-
prone
 roads

Upper level

Flood-prone road identification

Identify flood-prone roads

Uncertainty set: Line outages and flooded 

roads during extreme rainfalls
Optimization: Maximize the optimal value 
of the lower level problem

 

Middle level

Optimization: Minimize load curtailment

Wait-and-see decision: 

Routing and dispatch of MPSs and EDVs; 

Status of remote-control switches；
Operation of DGs, WTs, MPSs, and EDVs.

Lower level

Expedite service restoration

Find worst-case realization of uncertainties

Fig. 1. Overall framework of the proposed tri-level robust EPP model.

where ṽr is the design speed on road r; a is the median of
the critical depth that causes traffic disruptions; b is an elastic
attenuation coefficient. It is assumed that each MPS and EDV
would travel on road r at the running speed vr. Then, the
travel time Tr on road r with lengh Lr can be calculated by

Tr = Lr/vr = 1/

[
1

2T̃r
tanh(

−Hr + a

b
)+

1

2T̃r

]
(2b)

where T̃r = Lr/ṽr is the free travel time on road r.

B. Framework of Tri-Level EPP Model

For handling the intrinsic uncertainties associated with line
outages and flooded roads during extreme rainfalls, the EPP
model is formulated as a tri-level robust optimization problem,
and Fig. 1 illustrates the overall framework of the EPP
model. The upper level optimization determines the staging
locations of MPSs and EDVs and proactively reconfigures
the distribution network into a less affected state ahead of
extreme rainfalls. The upper-level variables are regarded as
here-and-now decisions, since they are decided prior to the
realization of uncertainties and remain fixed in the middle and
lower levels. Under any realization of uncertainties, the lower
level optimization dispatches MPSs from staging locations to
buses available for MPS connection via appropriate routes,
to coordinate with the post-disaster network reconfiguration
for expediting service restoration. In addition, the lower level
optimization dispatches EDVs to flooded roads to decrease
inundation depth, thereby reducing the travel time of MPSs.
The objective of the lower level optimization is to minimize
the load curtailment, and the corresponding variables are
regarded as wait-and-see decisions since they are optimized
after the realization of uncertainties. The worst-case realization
of uncertainties is identified from the middle level optimization
by maximizing the optimal value of the lower level problem.
Then, its corresponding constraints with recourse decision
variables are generated and added to the upper level problem.

C. Upper-Level Optimization Constraints

The relevant constraints for the pre-positioning of MPSs
and EDVs are presented as (3a)-(3c), where (3a) guarantees
that each MPS and EDV should be pre-positioned exactly in
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one staging location; (3b) ensures that all of MPSs and EDVs
should be pre-positioned before extreme rainfall occurs; (3c)
imposes the total number of MPSs and EDVs pre-positioned in
staging location g that cannot violate the allowable maximum
number. In this paper, it is assumed that each MPS or EDV
carries enough fuel and each MESS is fully charged.∑

t∈T

∑
g∈G

γvig
i,t = 1 ∀i ∈ V (3a)∑

t∈T
γvig
i,t (t+ T vig

t ) ≤ TER ∀g ∈ G, i ∈ V (3b)∑
t∈T

∑
i∈V

γvig
i,t ≤ Kg ∀g ∈ G (3c)

Before the extreme rainfall, the distribution network can be
proactively reconfigured by remote-control switches (RCSs)
to prepare for the post-event network reconfiguration. A lin-
earized branch flow model [30] is adopted to represent the ac
power flow in a radial distribution network. The constraints
pertaining to power flow equations, line capacity limits, and
operation limits of distributed generators (DGs) and wind tur-
bines (WTs) [24], [31], [32], are given by (4a)-(4i). Constraint
(4a) indicates that if a line is closed, one end of the line must
be the parent of the other end. Constraints (4b) and (4c) limit
the active and reactive power injections at each bus. Constraint
(4d) shows the relationship between the voltage drop and
power flow of each line considering the line closed/open state.
Constraints (4e)-(4g) enforce capacity limits on lines, DGs,
and WTs. Constraint (4h) ensures the active power outputs
of DGs and WTs are non-negative, and the power outputs
of WTs cannot exceed the predicted generation. Constraint
(4i) enforces the ramping up/down limit on each DG. Other
constraints pertaining to radial structure limits, voltage limits,
and power balance limits can be found in [4].

αij,t = βij,t + βji,t ∀(i, j) ∈ L, t ∈ T (4a)

P in
i,t = Pmg

i,t + P dg
i,t + Pwt

i,t − Pi,t ∀i ∈ B, t ∈ T (4b)

Qin
i,t = Qmg

i,t +Qdg
i,t +Qwt

i,t −Qi,t ∀i ∈ B, t ∈ T (4c)

2(rijPij,t+xijQij,t)+(αij,t−1)M≤Vi,t−Vj,t≤2(rijPij,t

+xijQij,t)+(1−αij,t)M ∀(i, j) ∈ L, t ∈ T (4d)

P 2
ij,t +Q2

ij,t ≤ αij,tS
2
ij ∀(i, j) ∈ L, t ∈ T (4e)

(P dg
i,t )

2 + (Qdg
i,t)

2 ≤ (Sdg
i )2 ∀i ∈ B, t ∈ T (4f)

(Pwt
i,t )

2 + (Qwt
i,t)

2 ≤ (Swt
i )2 ∀i ∈ B, t ∈ T (4g)

0 ≤ Pwt
i,t ≤ Pwt

i,t , 0 ≤ P dg
i,t ∀i ∈ B, t ∈ T (4h)

|P dg
i,t − P dg

i,t−∆T | ≤ P rp
i ∀i ∈ B, t ∈ T (4i)

D. Uncertainty Set Construction in Middle Level Optimization

Generally, after extreme rainfall occurs, the repair crews will
be dispatched to repair the damaged lines and restore them to
a serviceable state. The crew dispatch is beyond the scope of
this paper, and it is assumed that once line (i, j) is damaged,
the nearby crews will repair it with a time of ∆T d

ij , and then
the line at subsequent periods will remain in a serviceable
state. It is assumed for simplicity that only road r ∈ Rfp may
be flooded during extreme rainfalls, and all lines are in the

serviceable state before extreme rainfalls. Consequently, the
uncertainties of line outages and flooded roads are described
by the uncertainty set Ũ , as follows.

Ũ :=

{
(δij , ϕij,t′ , ψr)

∣∣∣∣Ψ1 ≤
∑

r∈Rfp

ψr ≤ Ψ2 (5a)

Φ1 ≤
∑

(i,j)∈L
δij ≤ Φ2 (5b)∑

t′∈T ′
|ϕij,t′ − ϕij,t′−∆T | ≤ 2,∀(i, j) ∈ L (5c)∑

t′∈T ′
(1− ϕij,t′) = δij⌈∆T d

ij/∆T ⌉,∀(i, j) ∈ L
}

(5d)

E. Lower-Level Optimization Constraints

For convenience, “node” and “location” are used inter-
changeably in this paper. The fictitious roads are introduced to
connect nodes to themselves for ease of modeling. Constraints
(6a)–(6o) are applied for the routing and dispatch of MPSs
and EDVs, and are valid for all t′ ∈ T ′. (6a)-(6c) are used to
estimate the travel time on each road. (6d) links the travel time
of routes and roads. (6e) implies that MPSs and EDVs can be
dispatched to other nodes from staging location g after rainfalls
occur only if they were pre-positioned at staging location g
before rainfalls. (6f) and (6g) impose that MPSs and EDVs
should be dispatched from staging locations to other locations
after the rainfall strikes. (6h) points out that the time EDV
i arrives at node j from g is equal to the departure time
plus the travel time. (6i) shows that an EDV can decrease the
inundation depth of a flooded road if it arrives at either end of
this road. (6j) ensures that once an EDV arrives at a flooded
road, it remains available on the road in the subsequent time.
(6k) imposes the limits on the drainage capacities of EDVs,
and (6l) guarantees that the inundation depth is non-negative.
Let ⟨j⟩ be the bus that can be connected with MPSs located
at j ∈ Nac, (6m) illustrates that if an MPS is dispatched from
node g to j and installed to the bus ⟨j⟩, the required time is
equal to the departure time plus the travel time and the time
used for connecting to the bus. (6n) is similar to (6j). (6o)
indicates that the total capacities of MPSs connected to bus
⟨j⟩ cannot exceed the allowable maximum capacity.

Tr,t′ = 0 ∀r ∈ Rf , t
′ ∈ T ′ (6a)

Tr,t′ = T 0
r ∀r ∈ R\Rfp (6b)

Tr,t′ = 1/

[
1

2T̃r
tanh(

−Hr,t′+a

b
)+

1

2T̃r

]
∀r∈Rfp (6c)

T gj
k,t′ =

∑
r∈R∪Rf

Tr,t′δ
gj
r,k ∀k∈Kgj , g∈G, j∈Nac∪Nf (6d)∑

t∈T
γvig
i,t ≥

∑
t′∈T ′

∑
j∈Nac(f)

∑
k∈Kgj

γgji,k,t′ ∀g ∈ G, i ∈ VP(D)

(6e)∑
t′∈T ′

∑
g∈G

∑
j∈Nac(f)

∑
k∈Kgj

γgji,k,t′ = 1 ∀i ∈ VP(D) (6f)

∑
t′∈T ′

∑
j∈Nac(f)

ξji,t′ = 1 ∀i ∈ VP(D) (6g)

∑
t′∈T ′

∑
g∈G

∑
k∈Kgj

γgji,k,t′(t
′ + T gj

k,t′) ≤
∑
t′∈T ′

t′ξji,t′ ≤ ∆T − ε
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+
∑
t′∈T ′

∑
g∈G

∑
k∈Kgj

γgji,k,t′(t
′ + T gj

k,t′) ∀i ∈ VD, j ∈ Nf (6h)

Hr,t′ = Hr,t′−∆T + ψr(hr,t′ − hr,t′−∆T )−∑
i∈VD

∑
j∈end(r)

dji,t′ ∀r ∈ Rfp (6i)

zji,t′ =

t′∑
t′′=T ′

0

ξji,t′′ ∀i ∈ VD, j ∈ Nf (6j)

0 ≤ dji,t′ ≤ zji,t′di ∀i ∈ VD, j ∈ Nf (6k)

0 ≤ Hr,t′ ∀r ∈ Rfp, t
′ ∈ T ′ (6l)∑

t′∈T ′

∑
g∈G

∑
k∈Kgj

γgji,k,t′(t
′ + T co

i + T gj
k,t′) ≤

∑
t′∈T ′

t′ξji,t′

≤
∑
t′∈T ′

∑
g∈G

∑
k∈Kgj

γgji,k,t′(t
′ + T co

i + T gj
k,t′) + ∆T − ε

∀i ∈ VP, j ∈ Nac (6m)

u
⟨j⟩
i,t′ =

t′∑
t′′=T ′

0

ξji,t′′ ∀i ∈ VP, j ∈ Nac (6n)

∑
i∈VG

u
⟨j⟩
i,t′P

G
i +

∑
i∈VS

u
⟨j⟩
i,t′P

S
i ≤ C⟨j⟩ ∀j ∈ Nac (6o)

The power output of MEG a ∈ VG is constrained by (7)
(∀t′ ∈ T ′), and the operating constraints of MESS b ∈ VS are
shown in (8) (∀t′ ∈ T ′) [24], [33], [34].{

0 ≤ PG
a,⟨j⟩,t′ ≤ u

⟨j⟩
a,t′P

G
a

− u
⟨j⟩
a,t′Q

G
a ≤ QG

a,⟨j⟩,t′ ≤ u
⟨j⟩
a,t′Q

G
a

(7)



∑
j∈Nac

P S
b,⟨j⟩,t′ = P Sd

b,t′ − P Sc
b,t′

− u
⟨j⟩
b,t′P

S
b ≤ P S

b,⟨j⟩,t′ ≤ u
⟨j⟩
b,t′P

S
b

SoCb,t′ = SoCb,t′−∆T − (P Sd
b,t′/η

Sd
b − P Sc

b,t′η
Sc
b )∆T

0 ≤ P Sd
b,t′ ≤ µSd

b,t′P
S
b , 0 ≤ P Sc

b,t′ ≤ µSc
b,t′P

S
b

µSd
b,t′ + µSc

b,t′ ≤ 1, SoCb ≤ SoCb,t′ ≤ SoCb

(8)

Moreover, the post-disaster network reconfiguration is per-
formed to coordinate with the dispatch of MPSs. Due to space
limits, (4f)-(4i) are used as partial operating constraints of the
distribution network in the lower level. The symbols t and T
in these constraints are replaced by t′ and T ′, respectively.
The rest of the operating constraints are formulated as follows
and are valid for all t′ ∈ T ′.

αij,t′ϕij,t′ = βij,t′ + βji,t′ ∀(i, j) ∈ L (9a)

P 2
ij,t′ +Q2

ij,t′ ≤ αij,t′ϕij,t′S
2
ij ∀(i, j) ∈ L (9b)

0 ≤ ∆Pi,t′ ≤ Pi,t′ ∀i ∈ B (9c)
∆Qi,t′ = ∆Pi,t′Qi,t′/Pi,t′ ∀i ∈ B (9d)
Vi,t′ − Vj,t′ ≤ 2(rijPij,t′ + xijQij,t′)

+ (2− αij,t′ − ϕij,t)M ∀(i, j) ∈ L (9e)
Vi,t′ − Vj,t′ ≥ 2(rijPij,t′ + xijQij,t′)

+ (αij,t′ + ϕij,t − 2)M ∀(i, j) ∈ L (9f)

P in
i,t′ = Pmg

i,t′ + P dg
i,t′ + Pwt

i,t′ +
∑
a∈VG

PG
a,i,t′ +

∑
b∈VS

P S
b,i,t′

− (Pi,t′ −∆Pi,t′) ∀i ∈ B (9g)

Qin
i,t′ = Qmg

i,t′ +Qdg
i,t′ +Qwt

i,t′ +
∑
a∈VG

QG
a,i,t′

− (Qi,t′ −∆Qi,t′) ∀i ∈ B (9h)

F. Formulation of Tri-Level Robust EPP Model

Let ũ denote the uncertainty variables, i.e.,
ũ = {[δij ](i,j)∈L, [ϕij,t′ ](i,j)∈L,t′∈T ′ , [ψr]r∈Rfp

}. Similarly,
the upper-level and lower-level decision variables are denoted
with x̃ and ỹ, respectively. Based on the discussion in Section
II-B, the tri-level robust EPP model is formulated as:

min
x̃

max
ũ∈Ũ

min
ỹ

∑
t′∈T ′

∑
i∈B

ωi∆Pi,t′∆T

s.t. (3a) − (4i), (6a) − (9h). (10)

The sum of the road inundation depth is added to the
objective function with a small weight coefficient to ensure
that EDVs can continuously decrease inundation depth. It is
computationally intractable to solve the optimization problem
in (10) due to the nonlinear constraints (5c), (6c), (6h), (6m),
(9a) and (9b). Moreover, (4e)-(4g) enable the construction of
the dual problem for the lower level problem to be thorny.
Therefore, a tailored solution method is developed in the
following section for solving the optimization problem in (10).

III. SOLUTION METHODOLOGY

In this section, the proposed solution method recasts the
optimization problem in (10) into a computationally tractable
MILP problem, by leveraging multiple linearization tech-
niques, and then iteratively solves the MILP problem by the
NC&CG algorithm [35].

a) Piecewise Linear Approximation of Univariate Nonlinear
Function: Constraint (6c) constains a hyperbolic tangent func-
tion, indicating that Tr,t′ is a univariate nonlinear function of
Hr,t′ , which can be linearized by piecewise linear approxima-
tion [36]. The boundary [0, H] of Hr,t′ is uniformly partitioned
into N intervals, i.e., [Hn−1, Hn], ∀n ∈ {1, . . . , N}, and the
curve is approximately replaced by a straight line in each
interval. By introducing auxiliary variables w′

n,r,t′ ∈ [0, 1]
assigned to Hn, and w′′

n,r,t′ ∈ {0, 1} assigned to partition
n, constraint (6c) is replaced by:

Hr,t′ =

N∑
n=0

w′
n,r,t′Hn, Tr,t′ =

N∑
n=0

w′
n,r,t′Tr(Hn) (11a)

w′
0,r,t′ ≤ w′′

0,r,t′ , w
′
N,r,t′ ≤ w′′

N−1,r,t′ (11b)

w′
n,r,t′ ≤w′′

n−1,r,t′+w
′′
n,r,t′ ∀n∈{1, . . . , N−1} (11c)

N∑
n=0

w′
n,r,t′ = 1,

N−1∑
n=0

w′′
n,r,t′ = 1 (11d)

b) Polygon Approximation of Quadratic Constraints: The
linearization of constraint (4e) is introduced as an example,
and the same procedures are applied to (4f), (4g), and (9b).
The feasible region defined by (4e) is represented by a circular
area which can be approximated by the region of an equilateral
polygon inscribed in the circle [37]. The polygonal area is
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bounded by Nqc line segments. Let c1n and c2n be the
slope and y-intercept of line segment n ∈ {1, . . . , Nqc}, the
set of line segments with positive y-intercept is defined as
A+, and the set with negative y-intercept is defined as A−.
Consequently, (4e) is linearized as (12).

Pij,t − c1nQij,t − c2n ≤ 0 ∀n ∈ A+

Pij,t − c1nQij,t − c2n ≥ 0 ∀n ∈ A−

− Sijαij,t ≤ Pij,t ≤ Sijαij,t

− Sijαij,t ≤ Qij,t ≤ Sijαij,t

(12)

c) Equivalent Linearization of absolute value and bilin-
ear terms: Constraint (5c) contains an absolute value term
|ϕij,t′ − ϕij,t′−∆T |. Constraints (6h) and (6m) contains a
bilinear term γgji,k,tT

gj
k,t′ , and constraint (9a) contains a bilinear

term αij,t′ϕij,t′ . By introducing an auxiliary binary variable
λij,t′ , constraint (9a) can be reformulated as (13). Using the
big-M method with different forms [6], [36], constraint (5c)
can be transformed into (14), and the bilinear term γgji,k,t′T

gj
k,t′

can be linearized as (15).{
λij,t′ = βij,t′ + βji,t′ , λij,t′ ≤ αij,t′

λij,t′ ≤ ϕij,t′ , λij,t′ ≥ αij,t′ + ϕij,t′ − 1
(13)



∑
t′∈T

ζij,t′ ≤ 2

ϕij,t′−ϕij,t′−∆T ≤ζij,t′ , ϕij,t′−∆T −ϕij,t′ ≤ ζij,t′

ζij,t′ ≤ ϕij,t′ − ϕij,t′−∆T + (1− κij,t′)M

ζij,t′ ≤ ϕij,t′−∆T − ϕij,t′ + κij,t′M

(14)

{
ϖgj

i,k,t′ ≤ γgji,k,t′M, ϖgj
i,k,t′ ≤ T gj

k,t′

ϖgj
i,k,t′ ≥ T gj

k,t′ − (1− γgji,k,t′)M, ϖgj
i,k,t′ ≥ 0

(15)

where ζij,t′ and κij,t′ are auxiliary binary variables; ϖgj
i,k,t′

is an auxiliary continuous variable. Note that ϖgj
i,k,t′ replaces

γgji,k,t′T
gj
k,t′ in (6h) and (6m).

After linearization of the nonlinear constraints, the upper-
level variables and uncertainty variables are denoted with x
and u, respectively. Let U denote the linearized uncertainty set.
Moreover, the lower-level variables are divided into continuous
variables denoted as y and binary variables denoted as z.
The opitmization problem in (10) is reformulated as an MILP
problem that can be written in the following matrix form:

min
x

max
u∈U

min
y,z

fy

s.t. Ax ≤ a,Fz ≤ c,

Bx+Cu+Dy +Ez ≤ b : π. (16)

where A, B, C, D, E, and F are coefficient matrices; a, c,
b, and f are coefficient vectors; π is a set of dual variables.

Some traditional algorithms, such as Bender’s decompo-
sition and column-and-constraint generation (C&CG), are
available to solve tri-level min-max-min optimization models
[6]. In general, these algorithms need to dualize lower level
min problems to reformulate bi-level max-min problems into
computationally tractable single-level max problems. How-
ever, in this paper, the introduced and inherent binary vari-
ables in the linearized lower level min optimization problem

Algorithm 1: Solution method for problem in (10)
1 Initialization: Set S, N , Nqc, ε. k = 0, LB = −∞, UB = +∞;
2 Linearization: Linearize nonlinear constraints based on a), b) and

c). Then, obtain the MILP problem (16);
3 while UB − LB > ε do
4 Solve the following problem MP.

MP : min
x,y,z

η (17a)

s.t. Ax ≤ a, (17b)
η≥ fyl, Fzl≤c, Bxl+Cu∗

l +Dyl+Ezl≤b. (17c)

where l = 1, . . . , k. Derive the optimal solution
(x∗

k+1, η
∗
k+1,y

∗
1,z

∗
1 . . . ,y∗

k,z
∗
k) and update LB = η∗k+1;

5 Set m = 0, LB1 = −∞, UB1 = +∞;
6 while UB1− LB1 > ε do
7 Solve the following problem IMP.

IMP : max
y,π,u∈U

θ (18a)

s.t. θ ≤ fyr, πr ≤ 0, D⊤πr = f⊤, (18b)
Bx∗

k+1 +Cu+Dyr +Ez∗
r ≤ b, (18c)

(Bx∗
k+1+Cu+Dyr+Ez∗

r−b)⊤πr=0. (18d)

where r = 1, . . . ,m. Derive the optimal u denoted by
u∗
k+1 and θ denoted by θ∗m+1. Update UB1 = θ∗m+1;

8 Solve the following problem ISP.

ISP : min
y,z

fy (19a)

s.t. Fz ≤ c, (19b)
Bx∗

k+1 +Cu∗
k+1 +Dy +Ez ≤ b. (19c)

Derive the optimal solution (y∗
m+1,z

∗
m+1) and update

LB1 = max{LB1, fy∗
m+1}. Create variables ym+1

and πm+1 and add constraints (18b)-(18d) with
r = m+ 1 to IMP. Update m = m+ 1.

9 end
10 Create variables (yk+1,zk+1) and add constraint (17c) with

l = k + 1 to MP. Update UB = min{UB,UB1} and
k = k + 1.

11 end
12 Output: The optimal emergency preparedness plan x∗

k .

prevent dualization since strong duality does not hold in
general MILP problems. Therefore, these algorithms suffer
from convergence issues and are inapplicable for solving
the problem in (16). The NC&CG algorithm proposed in
[35] could exactly solve robust tri-level optimization models
with mixed-integer recourse problems in finite iterations by
embedding an inner-level C&CG procedure in the traditional
single-level C&CG procedure to handle binary variables in
lower level min problems. Therefore, the NC&CG algorithm
is adopted to solve the proposed tri-level EPP problem. The
algorithm first decomposes the tri-level problem into a pre-
disaster preparedness master problem MP shown in (17) and
a post-disaster restoration subproblem SP that is a bi-level
problem formulated in (20). Here, x̂ is a solution given from
MP. Then, SP is transformed into an inner master problem
IMP shown in (18) and an inner subproblem ISP shown in
(19). Finally, outer-level and inner-level iteration procedures
are implemented to solve MP and SP until convergence.
Algorithm 1 summarizes the devised solution method for the
proposed robust EPP problem in (10).

SP : max
u∈U

min
y,z

fy

s.t. Fz ≤ c, Bx̂+Cu+Dy +Ez ≤ b : π. (20)
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Fig. 2. IEEE 33-bus distribution network and 30-node transportation network.

IV. CASE STUDIES

A. Network Data

The proposed robust EPP approach is tested on a modified
IEEE 33-bus distribution network with a 30-node transporta-
tion network, as illustrated in Fig. 2. Three DGs are installed
in the distribution network, and their capacities are set as
5, 4, and 3 MVA. Four WTs are also installed, and their
capacities are set as 1, 1, 1.5, and 0.8 MVA. The WT
generation and the loads are forecasted based on historical
data from Changsha, China. Buses 3, 8, 16, 20, 24, and 30 are
selected for connecting MPSs, and their corresponding nodes
in the transportation network are 3, 17, 30, 6, 14, and 23,
respectively. There are two staging locations for MPSs and
EDVs to be pre-positioned, and each can accommodate eight
emergency vehicles. Five MEGs numbered from 1 to 5 and
two MESSs numbered 1 and 2 can be pre-positioned in the
test. The capacities of MEG1-MEG5 are set as 1, 1, 1.5, 0.8,
and 0.8 MVA, respectively. The minimum/maximum allowed
SoC of MESS1 and MESS2 is set as 0.1/0.9 and 0.06/0.5
MWh, respectively. Eight EDVs numbered from 1 to 8 are
assigned with MPSs for coordinated pre-positioning, and di of
each EDV is set as 5 centimeters per time period. All MPSs
are initially located at node 27, and all EDVs are located at
node 26. The duration of the lower level problem and the
time period are selected as 6 h and 0.5 h, respectively. The
weather forecast data is obtained from Hunan Meteorological
Bureau. Φ1/Φ2 and Ψ1/Ψ2 can be set according to the rainfall
intensity, which are set as 3/8 and 4/7 respectively in this
paper. The critical depth for traffic disruptions is set as 0.3
meters [27]. Other technical parameters can be accessed from
[38]. The proposed robust EPP problem is implemented on
PyCharm platform and solved using Gurobi 10.0.

B. Comparative Results and Analysis

Table I summarizes the identified flood-prone roads and
their maximum inundation depth through the study period.
It is found that the maximum inundation depth of all flood-
prone roads exceeds 0.3 meter. Traffic disruptions will occur
on these roads unless EDVs are dispatched to them. Three
comparative schemes are performed for in-depth analyses

TABLE I
FLOOD-PRONE ROADS AND THE MAXIMUM INUNDATION DEPTH ON

THEM

Road MID1 Road MID Road MID Road MID Road MID

(3,4) 0.42 (10,11) 0.72 (18,19) 057 (17,22) 0.53 (22,27) 0.60
(6,7) 0.56 (12,13) 0.69 (20,21) 0.57 (24,25) 0.69 (27,28) 0.51

(9,11) 0.66 (10,17) 0.62 (16,26) 0.44 (29,30) 0.65 – –
1 MID denotes maximum inundation depth (m)

TABLE II
PRE-POSITIONING RESULTS WITH SCHEMES 1 AND 2

Scheme Node 8 Node 19

1 MEG3-5; MESS1,2; EDV1,3,7 MEG1,2; EDV2,4-6,8
2 MEG1-5; MESS1; EDV1,2,5 MESS2; EDV3,4,6-8

TABLE III
RESULTS OF PROACTIVE NETWORK RECONFIGURATION WITH SCHEMES 1

AND 2

Scheme Closed RCSs Opened RCSs

1 (9,15), (22,12), (25,28), (30,31) (9,10), (14,15), (28,29), (18,33)
2 (9,15), (22,12), (25,28), (18,33) (9,10), (14,15), (28,29), (30,31)

TABLE IV
DAMAGED LINES AND FLOODED ROADS IN A TYPICAL SCENARIO

Damaged lines Flooded roads

(1,2), (3,4), (11,12), (13,14)
(15,16), (19,20), (26,27), (29,30)

(6,7), (9,14), (10,17)
(10,11), (12,13), (20,21), (29,30)

to evaluate the effectiveness of the proposed approach: 1)
Scheme 1 is the proposed robust EPP approach for the ETN;
2) Scheme 2 overlooks the coordination between EDVs and
MPSs and separately determines the staging locations of MPSs
and EDVs; 3) Scheme 3 does not perform any emergency
preparedness effort. Moreover, constraint (3c) is relaxed in
scheme 2 to guarantee that EDVs and MPSs can be pre-
positioned equally.

Table II summarizes the decided staging locations for MPSs
and EDVs in schemes 1 and 2. As can be seen, compared to
scheme 1, most of the MPSs are pre-positioned in node 8 in
scheme 2. The pre-positioning results of EDVs in schemes 1
and 2 can be considered the same due to the same parameter di
of each EDV. The results of proactive network reconfiguration
with schemes 1 and 2 are summarized in Table III. The switch
status of lines (18,31) and (30,31) are opposite, and the rest of
the lines equipped with RCSs have the same status. A typical
scenario is selected to illustrate the restoration process under
the results of schemes 1-3. The damaged lines and flooded
roads in this scenario are given in Table IV, and these lines
are damaged at t′ = 1.

The dispatch results of MPSs and EDVs with schemes 1-
3 are shown in Table V. Fig. 3 shows the inundation depth
on flooded roads at each time period with schemes 1-3. As
can be seen, MPSs are mainly dispatched to nodes 3, 6, and
23 in all three schemes, and MESS2 is dispatched to node
30 in scheme 2. MEG3 is dispatched to node 6 in schemes
1 and 2. Due to the long distance between the depot and the
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TABLE V
DISPATCH RESULTS OF MPSS AND EDVS WITH SCHEMES 1-3

Vehicle
Scheme 1 Scheme 2 Scheme 3

Time period (∆T ) Time period (∆T ) Time period (∆T )
1 2 3 4-12 1 2 3 4 5 6 7-12 1 2 3 4 5 6-12

MEG1
node 19 → node 23 node 8 → node 23 node 27 → node 23

MEG2
MEG3 node 8 → node 6 node 8 → node 6 node 27 → node 3
MEG4

node
8

node 3 node 8 node 3
node 27 → node 6

MEG5
MESS1

node 27 → node 3
MESS2 node 8 → node 6 node 19 → node 30
EDV1 node 8 node 7

node 8
node 9

node 26

→ node 29
EDV2 node 19 node 12 node 9 → node 9
EDV3 node 8 node 7

node 19
→ node 29 → node 12

EDV4
node 19

node 20 node 12 → node 7
EDV5 → node 29 node 8 node 7 → node 20
EDV6 node 11

node 19
node 17 node 17

EDV7 node 8 node 9 node 20 → node 11
EDV8 node 19 node 17 node 11 node 17

Fig. 3. Inundation depth on flooded roads with schemes 1-3.

t = 2ΔT 

181 2 3 4 5 6 7 8 9 10 11 12 13 14 15 1716

1 1

3

22

4

M
a
in

 g
ri

d

19 20 21 22

23 24 25

MEG4

MEG5

MESS1

26 27 28 29 30 31 32 33

18

1 182 3 4 5 6 7 8 9 10 11 12 13 14 15 1716

1 1

3

22

4

M
a
in

 g
ri

d

19 20 21 22

23 24 25

MEG4

MEG5

MESS1

26 27 28 29 30 31 32 33

MEG1
MEG2

MEG3, MESS2
t = 4ΔT 

1 182 3 4 5 6 7 8 9 10 11 12 13 14 15 1716

1 1

3

22

4

M
a
in

 g
ri

d

19 20 21 22

23 24 25

MEG4

MEG5

MESS1

26 27 28 29 30 31 32 33

MEG1
MEG2

MEG3, MESS2
t = 4ΔT 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 1716

1 1

3

22

4

M
a
in

 g
ri

d

19 20 21 22

23 24 25

MEG4

MEG5

MESS1

26 27 28 29 30 31 32 33

t = 2ΔT 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 1716

1 1

3

22

4

M
a
in

 g
ri

d

19 20 21 22

23 24 25

MEG4

MEG5

MESS1

26 27 28 29 30 31 32 33

t = 2ΔT 

Scheme 1

Scheme 2

Scheme 3

181 2 3 4 5 6 7 8 9 10 11 12 13 14 15 1716

1 1

3

22

4

M
a
in

 g
ri

d

19 20 21 22

23 24 25

26 27 28 29 30 31 32 33

t = 2ΔT 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 1716

1 1

3

22

4

M
a
in

 g
ri

d

19 20 21 22

23 24 25

26 27 28 29 30 31 32 33

t = 2ΔT 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 1716

1 1

3

22

4

M
a
in

 g
ri

d

19 20 21 22

23 24 25

26 27 28 29 30 31 32 33

t = 4ΔT 

18

MEG1
MEG2

MESS1
MESS2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 1716

1 1

3

22

4

M
a
in

 g
ri

d

19 20 21 22

23 24 25

26 27 28 29 30 31 32 33

t = 4ΔT 

18

MEG1
MEG2

MESS1
MESS2

1

M
a
in

 g
ri

d

2 3 4 5 6 7 8 9 10 11 12 13 14 15 1716

1 1

3

22

4

19 20 21 22

23 24 25

MEG4

MEG5

MESS1

26 27 28 29 30 31 32 33

MEG1
MEG2

t = 4ΔT 

18

Area having powerArea having power Area having no powerArea having no power Damaged lineDamaged line Bus having load curtailmentBus having load curtailmentArea having power Area having no power Damaged line Bus having load curtailment

Fig. 4. Distribution network topology and load curtailment at t′ = 2 and 4
with schemes 1-3.
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in scheme 1.

buses that can be connected with MPSs, the inundation depth
of flooded roads in scheme 3 is greater than that in schemes
1 and 2. Flooded roads (6,7), (10,17), and (10,11) prevent
MEG3 from arriving at node 6. To enable MEG3 to reach node
6 as quickly as possible, EDV1 and EDV3 are coordinately
dispatched to node 7 to accelerate the reduction of inundation
depth on the flooded road (6,7) in scheme 1. It is seen from

Fig. 6. Load curtailment and percentage of served load with schemes 1-3.

Fig. 7. Output power of MPSs with schemes 1-3.

Fig. 3 that the inundation depth of road (6,7) decreases to
0.13 m at t′ = 2, and MEG3 can reach node 6 at t′ = 4. In
scheme 2, only one EDV is dispatched to node 7, and the
inundation depth of road (6,7) is 0.19 m at t′=2. Therefore,
MEG3 reaches node 6 at t′=5. Only MEG1 and MEG2 reach
node 23 at t′ = 3 in scheme 3, and the rest of the vehicles
reach their destination after t′=4. Road flooding and the lack
of coordination between MPSs and EDVs prevent MPSs from
being connected to the buses timely, resulting in an insufficient
power supply and load curtailment.

Fig. 4 depicts the results of network reconfiguration and
load curtailment at t′=2 and 4 with schemes 1-3. At t′=2,
MEG4, MEG5, and MESS1 arrive at bus 3 for power supply in
schemes 1 and 2. In scheme 1, all RCSs are closed except for
the RCS on line (9,10), to enable as many buses as possible to
be supplied with power. In scheme 3, load curtailment exists at
22 buses since no MPS is connected with the buses at t′=2. In
scheme 1, all MPSs are connected at the specified buses, and
seven buses have load curtailment at t′ = 4. Due to the lack
of coordination with EDVs in scheme 2, MEG3 and MESS2
cannot be connected at buses 20 and 16 at t′ = 4, resulting
in load curtailment at buses 20, 22, 12, and 13. In scheme 3,
MEG3-5 are not connected to buses 3 and 6 timely at t′=4,
resulting in load curtailment at 17 buses. Fig. 5 shows the load
curtailment at t′=9 and t′=12 in scheme 1. As can be seen,
damaged lines (26,27), (1,2), and (15,16) are repaired, and
line (25,29) is opened at t′=9 to maintain the radial structure.
Load curtailment exists only at bus 21. At t′=12, all damaged
lines are repaired, and no bus has load curtailment.

Fig. 6 illustrates the load curtailment and percentage profiles
of the served load at each time period with schemes 1–3. Fig.
7 illustrates the results of the output power of MPSs with
schemes 1-3. As shown in Fig. 6, schemes 1-3 have the same
load curtailment at t′ = 1 as no MPS is connected with buses.
In schemes 1 and 2, MEG4, MEG5, and MESS1 are connected
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TABLE VI
PERFORMANCE COMPARISON OF SCHEMES 1–3 UNDER DIFFERENT

RAINFALL CONDITIONS

Extreme rainfall condition

Scheme Curtailed
load (MWh)

Total travel time
of MPSs (min)

Total inundation depth
decreased by EDVs (m)

1 12.37 145 4.5
2 13.42 210 4.6
3 17.96 399 4.0

Heavy rainfall condition

Scheme Curtailed
load (MWh)

Total travel time
of MPSs (min)

Total inundation depth
decreased by EDVs (m)

1 5.88 225 3.3
2 6.82 234 4.1
3 10.23 370 3.2

Moderate rainfall condition

Scheme Curtailed
load (MWh)

Total travel time
of MPSs (min)

Total inundation depth
decreased by EDVs (m)

1 3.56 257 2.0
2 3.56 302 2.1
3 4.03 351 2.1

with bus 3 at t′=2, and MEG1 and MEG2 are connected with
bus 30 at t′=3. Moreover, the power generation of these MPSs
is the same in schemes 1 and 2 at t′ = 2 and 3. Therefore,
schemes 1 and 2 have the same load curtailment at t′=1− 3.
In scheme 1, due to the timely flooding mitigation by EDV1
and EDV3 on road (6,7), MEG3 and MESS2 can be connected
with bus 20 at t′=4 to supply power to buses 20, 22, 12, and
13. However, in scheme 2, the flooding on the routes of MEG3
and MESS2 is not mitigated in time such that MEG3 and
MESS2 cannot arrive at target buses at t′=4 to supply power
to the distribution network. As a result, the load curtailment in
scheme 1 at t′=4 is significantly lower than that in scheme 2.
At t′ = 5 − 12, all MPSs are connected with the distribution
network in both schemes 1 and 2, with only MESS2 being
connected with different buses. Therefore, the load curtailment
in schemes 1 and 2 is essentially the same after t′=4. All loads
are picked up after t′=10 in schemes 1 and 2. The percentage
of served load in scheme 3 is lower than that in schemes 1
and 2 at t′=2− 5. In particular, there is still load curtailment
in the last two periods in scheme 3, even though all MPSs are
connected to their target buses. As can be observed from Fig.
7, the capacity utilization rate of MPSs is maximized in the
early stage of the extreme rainfall to restore the load as much
as possible. In schemes 1-3, the capacity utilization rate of
MPSs reaches 100% immediately after being installed at the
target buses. As the damaged lines are repaired, the capacity
utilization rate of MPSs decreases after t′ = 8 in scheme 1,
while the rate is still high in schemes 2 and 3.

Table VI summarizes the statistical data of comparative
performance results regarding load curtailment, total travel
time of MPSs, and total inundation depth decreased by EDVs
with schemes 1-3 under extreme, heavy, and moderate rainfall
conditions. It is seen that under extreme (heavy) rainfall,
scheme 1 can decrease the curtailed load and total travel
time of MPSs by 7.8% (13.8%) and 31.0% (3.8%) com-
pared with scheme 2, respectively, and by 31.1% (42.5%)
and 63.7% (39.2%) compared with scheme 3, respectively.
Besides, schemes 1 and 2 outperform scheme 3 under all
rainfall conditions. Under heavy or moderate rainfall, all MPSs

must be dispatched from staging locations, and some target
buses of MPSs are far from staging locations, such as from
node 8 to node 30. In contrast, MPSs are dispatched to buses
near their staging locations under extreme rainfall. As a result,
the total travel time in schemes 1 and 2 under heavy or
moderate rainfall is higher than that under extreme rainfall.
In addition, the load curtailment occurs centrally at t′=1 and
2 under moderate rainfall. However, all MPSs in schemes 1
and 2 are only connected to the distribution network at t′=3
such that the curtailed load in scheme 1 is the same as that
in scheme 2 under moderate rainfall. Overall, the proposed
scheme outperforms schemes 2 and 3, enabling the ETN to
strengthen emergency preparedness for resilience enhancement
against extreme rainfalls. In coordination with the dispatch
of EDVs, MPSs can be connected to the target buses timely
to cooperate with post-disaster network reconfiguration to
facilitate load restoration and reduce load curtailment.

V. CONCLUSION

In this paper, a robust emergency preparedness planning
(EPP) scheme was proposed to coordinately pre-position
diverse mobile emergency resources (MERs) and proac-
tively perform network reconfiguration to boost the emer-
gency preparedness for resilience enhancement of the energy-
transportation nexus (ETN) against extreme rainfalls. Specifi-
cally, a tri-level robust EPP model was developed to determine
the optimal plan immunized against the worst-case realization
of uncertainties in line outages and flooded roads. The key
findings are summarized as follows: 1) The proposed robust
EPP scheme can effectively boost the emergency preparedness
of the ETN to facilitate service restoration; 2) With the
coordination of mobile power sources (MPSs) and emergency
drainage vehicles (EDVs), MPSs can be timely connected at
the target buses to cooperate with network reconfiguration
to reduce load curtailment; 3) Compared with a benchmark
scheme without any emergency preparedness effort, the pro-
posed approach can decrease the curtailed load and total travel
time by 31.3% and 65.6%, respectively. The case study results
have shown the effectiveness and applicability of the proposed
robust EPP scheme to enhance the resilience of the ETN
confronted with extreme rainfall disasters.

One limitation of the proposed scheme is that dynamic
route optimization of MERs during extreme rainfalls is not
considered. Moreover, the impact of uncertainties in wind
power generation and electrical load on the EPP is neglected.
Some of the future work for further improving the proposed
scheme are: 1) Adopting real-time dynamic route optimization
for the coordinated dispatch of MPSs and EDVs during
the post-disaster recovery phase to decrease travel time and
hasten service restoration; 2) Leveraging state-of-the-art robust
optimization methods, such as data-driven distributionally ro-
bust optimization, to effectively handle uncertainties in load
and renewable energy during extreme rainfalls to improve
the robustness of the proposed scheme; 3) Pre-positioning
MPSs, EDVs and additional MERs, such as repair crews and
fuel tankers, in a coordinated manner to further enhance the
resilience of the ETN under extreme rainfalls.
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