
Research Article
A Resilience Enhancement Model for Complex Distribution
Network Coupling with Human Resources and Traffic Network

Biyun Chen, Yumo Shi , and Yanni Chen

Guangxi Key Laboratory of Power System Optimization and Energy Technology, Guangxi University, Nanning 530004, China

Correspondence should be addressed to Yumo Shi; 1812301028@st.gxu.edu.cn

Received 2 May 2021; Accepted 15 May 2021; Published 7 June 2021

Academic Editor: Chun Wei

Copyright © 2021 Biyun Chen et al. )is is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Resilience is the ability of a system to withstand and recover from deliberate accidents; as to distribution systems, it means the
ability to withstand and recover from natural disasters or other serious accidents and ensure electricity supply. Generally,
promotion strategies of distribution network resilience mostly focus on electrical topology planning and reinforcement. )e
operation strategies in emergency repair stage are frequently ignored, especially the complex coupling relationship between
distribution network, traffic network, and maintenance teams. A model of resilience improvement for a complicated distribution-
traffic-human coupling system under hurricane disasters considering is presented. Firstly, based on the influence spreading
mechanism of a hurricane acting on the distribution and traffic part of the system, a fault analysis model of rush repair is
constructed. Secondly, according to the function of human resources in shortening the repair time and improving system
resilience, an optimization model of emergency repair strategy is proposed. Taking into account the repair demand, traffic cost,
and personnel operating and executing ability, the optimized strategy canminimize the social loss in the whole repair and recovery
process after hurricane disaster. Furthermore, three indices, including system adaptability, repair rate, and economic loss rate, are
proposed to quantify the resilience of distribution network. Finally, case studies on the IEEE33 bus system are implemented to
verify the effectiveness of the proposed model.

1. Introduction

Extreme weather events, in particular hurricanes, have a
great impact on electric infrastructures, resulting in exten-
sive damages and significant economic and social losses. As a
vulnerable part of the electricity infrastructure, distribution
network suffers most outages which caused considerable
inconvenience for residents living in disaster areas [1].
)erefore, enhancing the distribution network resilience
becomes a key task for protecting power systems from ex-
treme weather events.

Resilience, first proposed by Ecologist Holling, describes
the ability of species to absorb disturbances and survive. In
the context of power system, resilience reflects “the ability of
power systems to withstand low-probability high-impact
incidents in an efficient manner while ensuring the least
possible interruption in supply of electricity, and further
enabling a quick recovery and restoration to the normal

operation state” [2]. )ere are various studies of distribution
network resilience. In [3], a resilience assessment matrix was
put forward to evaluate how the system is suffering and
recovering from extreme disturbances, especially natural
disasters, from technical, organizational, social, and eco-
nomic perspectives. Enhancing the resilience of distribution
grids from a technical way is the current mainstream ap-
proach. A resilience-oriented design (ROD) model was built
to obtain the optimal hardening strategy, represented as a
two-stage stochastic mixed-integer problem [4]. )e first
stage was to make the ROD decisions, like hardening lines
and installing distributed generations (DGs). )en the
second stage evaluated the system operation cost and repair
cost. In [5], an optimization configuration model was
proposed to improve the disaster resistance of distribution
network, considering the impact of automatic switch in
addition. )e configuration scheme obtained has preferable
economic benefits and resilience improvement efficiency. A
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two-stage stochastic programming approach was presented
to optimize the scheduling of a resilient microgrid (MG),
considering the impact of natural disasters and the pre-
vailing uncertainties associated with wind energy, electric
vehicles, and real-time market prices [6, 7]. A compre-
hensive summary of distribution network resilience was
presented in [8, 9], including evaluation models such as
resilience triangle model and trapezoid model, and intro-
ducing several methods to define resilience indicators, such
as area definition method, probability definition method,
cost definition method, and weighted definition method.
Among them, the definition method of power loss area is the
most widely used.

With the modernization of cities, some researchers have
noticed that the coupling between the important infra-
structure systems will affect the distribution network
resilience. Considering the interdependence of the urban
transportation system (UTS) and power distribution system
(PDS), a trilevel optimization model was proposed to im-
prove the coupled system resilience by line hardening and
DGs placement [10].)e high penetration of electric vehicles
(EVs) further complicates the coupling between the UTS and
PDS [11]. )e electricity demand uncertainty at each
charging/swapping facility depends on the traffic demand of
EVs, resulting in the PDS load perturbation and affecting the
distribution of traffic flow in turn. A robust dispatch method
was proposed to maintain the feasibility of alternating
current (AC) power flow constraints considering the impact
of road congestion on route choices of VEs [12]. In [13], a
two-stage robust optimization model was proposed for
expansion planning of coupled active distribution and
transportation based on the interaction of roads, distribu-
tion lines, DGs, energy storage systems, and charging fa-
cilities. A quantitative resilience assessment framework is
proposed for the traffic-distribution network, considering
both the spatial and temporal impacts of hurricanes [14]. In
[15], a resilience enhancement strategy was proposed to
improve the load survivability of distribution network under
extreme weather events, taking into consideration the in-
teraction between the information system and distribution
system. To improve the resilience of distribution network
cyber physical system (distribution network CPS) under the
network attacks, authors in [16] proposed a method to
analyze and evaluate the system risk based on the correlation
matrix model of the coupled system.

However, most of the studies improve the distribution
network resilience by grid hardening strategy, while paying
insufficient attention to the operation measures in post-
disaster recovery process. In the postdisaster recovery
process, appropriate repair-recovery strategies can shorten
the emergency repair time and improve the power supply
capacity of critical loads, which significantly enhances the
distribution network resilience. Social factors play an im-
portant role in the execution of repair-recovery strategies. In
[17], a management strategy, considering the impact of
social factors, was proposed to reduce postdisaster repair
costs and improve comprehensive benefits. A framework
was proposed to analyze the human factors and rank error
factors for improving system operation reliability [18]. In

[19], an emergency repair model was proposed to decrease
the repair cost considering the specialty of the repair team
and the needs of the faulting task, quantifying the influence
of human resources by the utility theory. Soon after, the
emergency repair model was strengthened to deal with the
multifault in distribution network, considering the coop-
eration between the repair teams [20]. Moreover, a repair-
recovery dynamic model was established to solve the mul-
tifault in active distribution network with more layers and
scenes based on a multiagent system [21]. )ese studies
focused on the repair-recovery strategy itself and failed to
associate repair-recovery strategy with system resilience. In
[22], the authors proposed a model to evaluate the distri-
bution network resilience, considering the impact of grid
reconstruction and repair-recovery strategy. Unfortunately,
the model ignored the impact of human resources in the
emergency repair process and simplified the repair process
which does not conform to reality.

In this paper, studies focused on the resilience during the
emergency repair process after extreme weather events (e.g.,
hurricane disasters) hit distribution network.)e emergency
repair environment of distribution network is a complicated
distribution-traffic-human coupling system, in which both
the distribution and traffic part of the coupling system
suffered from the extreme weather events and influenced the
repair effect by their physical interdependence. )e changes
in road conditions under extreme weather will influence the
route choices of maintenance staff and increase the trans-
portation cost during the emergency repair stage, which
causes the operating cost of the distribution network to
increase linearly [13]. Meanwhile, the changes in traffic time
will directly affect the repair time which is significant to the
system resilience. It is necessary to consider the coupling
impact of the distribution-traffic network during the
emergency repair stage. Besides, the impact of human re-
sources in emergency repair process also affects the repair
effect. For example, repair personnel with different capa-
bilities have significantly different time-consuming and
repair results when performing the same repair task. Fig-
uring out and applying the mechanism of human resources
in the complicated distribution-traffic coupling system
during the emergency repair process could enhance the
system resilience.

On these basics, a resilience enhancement strategy is
proposed for the complex distribution network coupling
with human resources and traffic network against hurricane
disasters. First, analyze the characteristics of hurricane di-
sasters and figure out the physical vulnerability of distri-
bution-traffic coupling network related to wind speed. )us,
a fault analysis model is established to generate random
failure scenes considering the wind speed, equipment failure
probability, and traffic flow speed. Second, according to the
postdisaster emergency repair process, determine the
mechanism of human resources in improving the compli-
cated distribution-traffic network resilience. An optimiza-
tion model of emergency repair strategy is proposed,
considering repair demands, traffic cost, and the operation
ability of the repair team, to minimize the social loss caused
by the whole emergency repair process. )e obtained repair
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strategy has good execution and rapidity which is crucial to
resilience. Finally, three indexes, including the adaptive rate
of the system, repair rate, and economic loss rate, are
proposed for quantitative evaluation on the complex dis-
tribution network resilience.

)e rest of the paper is organized as follows. Section 2
discusses the process of generating random scenes consid-
ering the impact of the hurricane on the complicated dis-
tribution-traffic coupling system. Section 3 proposes the
mathematical formulation of the emergency repair model
considering the human resources. Section 4 presents the
general framework and indexes for enhancing and evalu-
ating the complex distribution network resilience. Numer-
ical case studies are presented in Section 5 to demonstrate
the effectiveness of the proposed method. Finally, Section 6
concludes the study.

2. Random Scene Model

2.1. Component FailureModel Based onDynamicWind Field.
Wind speed plays a major role in power system planning,
which would determine the design strength of components
[23]. In this case, the failure probability of a structure or
structural component is closely relevant to the maximum
wind speed that it suffers during the hurricane. )us, in
order to obtain the wind speed at a certain point within the
disaster area during the entire hurricane and calculate their
failure probability, a dynamic wind field model should be
established for simulation.

2.1.1. Dynamic Wind Field Model. Assume that the influence
range of the hurricane can be approximated as a circle, and the
hurricane has no detrimental influence upon the distribution
network outside its outer boundary. And within the region that
hurricane affected, the wind speed v at each point can be given
as a function of the distance d to the eye, i.e., the hurricane
center. When d increases from 0 to the maximum wind speed
radius, wind speed is monotone increasing; when d increases
from the maximum wind speed radius to hurricane coverage
radius, wind speed ismonotone decreasing [24].)is functional
relationship is shown in the following equation:

v(d) �

Kvm 1 − exp −
d

rmv

ln
K

K − 1
   , 0≤d< rmv,

vm exp −
ln β

rs − rmv

  d − rmv(  , rmv ≤ d≤ rs,

0, d> rs,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(1)

where K is an empirical parameter, vm is the maximum
sustained wind speed at time t, rmv is the radius to maximum
wind speed, rs is the radius of the area affected by the
hurricane, and β is the hurricane boundary factor, which
represents the ratio of the maximum gradient wind speed to
the boundary wind speed.

After the hurricane landed, wind speed would weaken over
time by the obstructions on land. Essentially, the wind field is a
time-varying field of a concentric circle in translational motion.
Capture a certain time section in the process of movement, the
static wind field of the hurricane can be modeled as follows:

h � vm, rmv, rs, K, β,φ,ψ , (2)

where φ are ψ are the latitude and longitude of the eye
location, respectively.

)en the hurricane dynamic wind field can be repre-
sented by a series of sequentially static wind field along the
hurricane path ph as follows:

H � ha, a � 0, 1, . . . , |H| , (3)

ha � Γ h0 | α, ph, vh,ΔTa( , (4)

where | · | is the number of elements in the set, h0 is the wind
field where the hurricane lands, and ha is the wind field
where hurricane landed at the time sampling point a. Γ(·)

represents that hl is a time-varying function of h0; αis the
hurricane land decay factor; vh is the hurricane translational
speed; ΔTa is the time elapsed from hurricane landfall (in h0)
to the sampling point a.

2.1.2. Component Failure Model of Distribution Network.
)e distribution network components mainly include trans-
mission lines, transformers, and switches, including section
switches and tie switches. )e topological structure of a dis-
tribution network could be simplified bymaking the source-side
busbar as the root node, switches and transformers as normal
nodes, and transmission lines as edges, separated by switches.

Pole-mounted transformers and switches are vulnerable
components when the urban medium-voltage distribution
network is invaded and harassed under hurricane scenarios.
Furthermore, within some dense vegetation areas, tall
vegetation will be toppled over on the line by the gale,
causing the collapse or fracture of poles, which leads to the
failure of power supply [25]. )e outage probability of
components in the distribution network is mainly affected
by the wind speed of hurricane, and it usually meets the
lognormal distribution of wind speed [26]:

pi,t � Φ
ln vi,t  − λi

ξi

⎡⎣ ⎤⎦, ∀i ∈ ΩL, t ∈ ΩT, (5)

where pi,t is the outage probability of equipment i at time t,
vi,t is the wind speed that equipment i suffers at time t, and λi

and ξi are, respectively, the logarithmic mean and the
logarithmic standard deviation of intensity of equipment i.
ΩT is a hurricane-affected moment set which contains the
moment from the first outage of the distribution network to
the last one. ΩL is a controller switching equipment set in
disaster areas.

2.2. Traffic Network Model of Emergency Repair Process.
Hurricane will not only cause part of the distribution
network components to fail but also bring adverse effects
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to the traffic network, which increases the disaster risk of
the complicated distribution-traffic coupling system and
the complexity of the emergency repair environment.
Research shows that it is mainly caused by the secondary
disaster brought by the hurricane itself like strong winds,
heavy rain, and storm surge [27]. In the urban traffic
network, it is mainly reflected in the phenomenon of
bending and collapse of trees on both sides of the road,
and the low-lying water accumulation caused by the
restricted bearing capacity of the drainage system.
)erefore, the carrying capacity of the traffic network in
the repair process is mainly affected by terrain features
and vegetation.

A typical traffic network model consists of traffic in-
tersections, roads, and signal lights, as shown in Figure 1(a).
According to characteristics of the emergency repair, the
influence of signal lights is ignored to simplify the model. In
this case, its topological structure is shown in Figure 1(b);
that is, the roundtrip road between two traffic intersections is
regarded as a traffic trunk road, traffic intersections are
regarded as nodes, and traffic trunk roads are regarded as
edges.

Consequently, based on the topology of the traffic
network, adjacency matrixA is set up to store the correlation
between nodes [28]. A is a symmetric matrix of n-order, its
diagonal elements are 0, and n is the number of traffic nodes.
)e meaning of element aij in A is as follows:

(1) aij �ωT: there is an adjacency relationship between
traffic node i and traffic node j, and the corre-
sponding edge weight is ωT.

(2) aij �∞: there is no adjacency relationship between
traffic node i and traffic node j, and the corre-
sponding edge weight is infinite.

It is noted that the value ωT is calculated based on the
wind speeds, terrain features, and vegetation, which rep-
resents the traffic network vulnerability:

ωT
�

lij

1 + dij 
, (6)

dij �
e

h vij|max( 

1 + e
h vij|max( 

, (7)

h vij|max  � σij

vij|max − vo 

vo

kij, (8)

where lij is the edge length connecting traffic nodes i and j,
dij is the road traffic difficulty from traffic node i to j, and
vij|max represents the average of the maximum wind speed
that traffic nodes i and j suffer during the hurricane. σij is the
area vegetation density between traffic nodes i and j; kij is the
area terrain parameters between traffic nodes i and j; vo is the
parameter of wind speed scale which takes the minimum
wind speed in wind level 8 in the wind scale, that is v0 �

17.2m/s [29].
)e feature of traffic node i can be modeled by set I as

I � i,φ,ψ, ζ , (9)

where φ and ψ are the latitude and longitude of the traffic
node i, respectively, and ζ is the parameter set of repair
capability.

ζ � ζstaff , ζresource ,

ζstaff � Ma, a � 0, 1, . . . , k ,

ζresource � Na,a � 0, 1, . . . , k ,

(10)

where ζstaff represents the operation ability of the repair
team, ζresource represents the reserve of repair resources, and
k is the number of repair teams stationed at traffic node i.

And the repair path Ro can be described by a set of
corresponding nodes:

ΓRo � Ia, a � 0, 1, . . . , ΓRo


 , ∀I ∈ Ro. (11)

2.3. Random Scene. According to the posthurricane envi-
ronment, the random scene model should take serval factors
into consideration, such as the wind field model, the dis-
tribution-traffic network fragility model, and the systematic
load model. )e hurricane field model is established to
obtain the wind speed and simulate the failure state of the
distribution network and traffic network. A random scene s
can be described as

s � t
land

, u
L
i,t, At, Pi,t , ∀i ∈ ΩL, t ∈ ΩT, (12)

where tland is the hurricane landfall time, uL
i,t is the failure

state of the distribution network, At is the adjacency matrix
of the traffic network, and Pi,t is the active power of the
distribution network node i at the time t.

Random scene s is generated by the following steps:

(1) )e hurricane landing time can be predicted from
the relevant meteorological system data. Assume that
the probability of hurricane landing obeys a uniform
distribution during the predicted period. Sample
tland based on its probability density function.

(2) Sample the failure events zi,t in the disaster area
(zi,t � 1, the failure event occurrences; zi,t � 0, no
failure event) by the component failure probability
pi,t, which is calculated according to (1) to (5). uL

i,t is
the failure state set of all controller switching
equipment in the disaster area.

(3) Establish the initial adjacency matrix A based on the
topology of the traffic network within the disaster
area. Calculate ωT based on (6) to (8) and obtain At.

(4) Calculate Pi,t according to (13) and (14).

For the transformer node,

Pi,t � 1 − p
trans
i,t P

LB
i , ∀i ∈ ΩL, t ∈ ΩT. (13)

For the nontransformer node, if it is previously in a fault
state, Pi,t � 0; otherwise,
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Pi,t � τi(t)P
LB
i , ∀i ∈ ΩL, t ∈ ΩT, (14)

where ptrans
i,t is the failure rate of transformer node i at time t

and τi(t) is a probabilistic factor, which is used to describe
random volatility of load and obeys normal distribution
[30]. PLB

i is the base value of active power of node i.

3. Emergency Repair Model considering
Human Resources

)e whole emergency repair process of multiple faults in the
distribution network caused by extreme natural disasters can
be divided into two stages: network reconfiguration stage
and load recovery stage. In the network reconfiguration
stage, repair personnel isolates outage components and
optimizes the network topology as much as possible to
restore the power supply of nonfaulty loads from the transfer
channel through switch operation. In the load recovery
stage, repair personnel gradually repairs the faults in the
distribution network to restore all power supply by the
maintenance of repairable faulty equipment and the re-
placement of spare parts for nonrepairable equipment,
according to the repair strategy [31].

Human resources, including repair personnel and repair
resources, play an essential role in the whole process of
distribution network repair, which mainly reflects on the
execution effect of repair strategy. )e repair ability pref-
erence of repair personnel, the resource allocation and
geographic location of repair teams, and the demands of
fault tasks will affect the repair effect of fault tasks. Different
allocation and maintenance sequences of fault tasks will
achieve different repair effects and repair times, which have
great significance to improve system resilience. Considering
the characteristic of human resources to optimizing repair
strategies could obtain a good emergency repair execution
effect and shorten the repair time, which finally improve the
system resilience.

3.1. Path Planning in Fault Repair Process. )e paper divides
the repair strategy into three parts: the allocation of repair
tasks, maintenance sequence, and path planning. In essence,
path planning in emergency repair process is to find the
shortest path between two points in the traffic network, so as
to achieve the shortest driving time of repair personnel. )e
construction of the urban distribution network is based on
the traffic network frame, which forms a geographically
overlapping contrast network. )rough the latitude and
longitude information, the corresponding points of the
distribution network fault node can be identified in the
traffic network.)us, path planning of a single fault task of a
repair team can be simplified to a single-source shortest path
planning with known traffic network topology. Take into
consideration the impact of hurricane and mutual influence
of the complicated distribution-traffic coupling system
during the emergency repair process, adopting the weight of
each topology edge of the traffic network obtained from (6)
instead of the geographic length of the road to calculate the
driving cost. )e minimum programming path solution can

be calculated by the Dijkstra algorithm, which is a breadth-
first forward search algorithm based on graph theory.
Dijkstra algorithm expands to the outer layer with the
starting point as the center and constantly looks for the
vertex closest to the starting point in each iteration as the
starting point of the next iteration until it extends to the
endpoint. )e set of vertices in the iteration process is the
shortest path between two points. )erefore, the minimum
driving cost between each node in the repair process would
be obtained [28].

3.2. Repair Task Allocation considering Human Resources.
In order to realize the numerical evaluation of human re-
sources, this paper adopts utility theory to describe the
heterogeneity of fault demand and team repair ability by
constructing a utility function uj(i) , which represents the
matching degree between the repair team i and repair task j
[19]:

uj(i) �
Uj C

r
i , C

t
j , vij � 1,

0, vij � 0,

⎧⎪⎨

⎪⎩

Uj C
r
i , C

t
j  � 

k

p�1
ωp

βip

αip

,

C
r
i �

αi1 0 · · · 0

0 αi2 · · · 0

⋮ ⋮ ⋮

0 0 · · · αik

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

c1

c2

⋮

ck

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

,

C
t
j �

βj1 0 · · · 0

0 βj2 · · · 0

⋮ ⋮ ⋮

0 0 · · · βjk

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

c1

c2

⋮

ck

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

,

(15)

where Cr
i is the ability vector of repair team i, Ct

j is the
demand vector of repair task j, and vij is a 0-1 variable which
represents the ability to repair faults alone (vij �1, the repair
team i could execute repair task j alone; vij � 0, the repair
team i could not execute repair task j alone). αik is the ability
coefficient of the repair team i with ability ck, βjk is the
demand coefficient of the repair team iwith ability ck, andωp

is the weight of ability cp which sums to 1, p � 1, 2, . . . , k. In
this paper, the value of weight coefficient is determined by
expert experience [32].

)e larger the uj(i) value, the better the repair effect.
Divide utility value into levels and use the roulette selection
method to assign repair tasks; the obtained repair task al-
location can ensure meeting the ability preference of each
repair team and achieve a good repair effective.
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3.3. Repair Strategy Optimization Model

3.3.1. Objective Function. When making repair strategies,
decision-makers should give priority to restoring the load of
great importance and high power.)e purpose of emergency
repair is to restore the power supply as soon as possible. In
this case, whether the operation is economical during the
emergency repair stage or not is not of great importance.
)us, repair strategies of the complex distibution network
should aim to decrease social loss caused by outages. And

previously, the complex coupling relationship between
distribution network, traffic network, and repair teams was
partly modeled into the optimization model of repair task
allocation and path planning, whose results will be called
parameters in the following model.

)e proposed formulation is introduced as follows,
which represents the weighted sum of the total social losses
in the whole repair process:

minf(X) � 
m+n

i�1
t xi(  

3

dj�1
ωdj xi( Ldj xi( ,

t xi(  �
TB xi( 


k
j�1 λi(j)ζstaffj 

· +max λi(j) · TRj
xi(  + TDj

xi(   + Tij 
j�1,2,...,k

,

λi(j) �

0,
repair team j,

refuses the task i,

1,
repair team j,

accepts the task i,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

TR �

0, ζresource astisfies the needs,


Γ

ωT

60
, ζresource unastisfies the needs,

TD � 
Γ

ωT

60
,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(16)

where TR is the repair resource allocation time, TD is the
drive time to the failure point, TB is the standard estimated
working time of repair task, Tij is the total time spent by
repair team j before executing the task i, and λi(j) is a repair
decision variable which indicates whether the repair team j
executes the task i. )e value of λi(j) is obtained by the

roulette selection method through evaluating the resource
demand of repair task, execution capability, and resource
allocation of the repair team, and its specific details are
included in [19]. ωdj is the weight coefficient of the load in
class dj; Ldj(xi) is the outage power of the load in class dj that
is restored after the faulty component xi is repaired. )e

(a) (b)

Figure 1: Traffic network model.
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system hasm failure components, n operable switches, and k
repair teams in total. ζstaffj is the operation ability factor of the
repair team j.

Solve the repair strategy optimization model with the
discrete bacterial colony chemotaxis algorithm (DBCC) to
obtain the sequence of repair tasks [20], where the control
variable xi needs to be discretized:

xi �
ai


m+n
i�1 ai

, (17)

where ai is a random number between 0 and 1 and rep-
resents the fault point label of xi. )e processed xiis no

longer the label of the faulty component but represents the
position of the bacteria in the solution space. Rearrange xi

from small to large, and then the serial number of xi in the
new sequence represents the order in which the emergency
repair is performed. According to the corresponding labelai

of xi, the fault point label corresponding to the emergency
repair sequence can be known.

3.3.2. Constraints

(1) Power flow constraints:


(i,j)∈ΩD

Pij,t − 
(j,i)∈ΩD

Pji,t � P
G
i,t − u

L
i,txi,tPi,t, ∀i ∈ ΩL, t ∈ ΩT,


(i,j)∈ΩD

Qij,t − 
(j,i)∈ΩD

Qji,t � Q
G
i,t − u

L
i,txi,tQi,t, ∀i ∈ ΩL, t ∈ ΩT,

xi,t ∈ 0, 1{ }, ∀i ∈ ΩL, t ∈ ΩT,

Qi,t � τi(t)Q
LB
i , ∀i ∈ ΩL, t ∈ ΩT,

0≤P
G
i,t ≤P

G,max
i , ∀i ∈ ΩL, t ∈ ΩT,

0≤Q
G
i,t ≤Q

G,max
i , ∀i ∈ ΩL, t ∈ ΩT,

Pij



≤Pijmax, ∀(i, j) ∈ ΩD,

Qij



≤Qijmax, ∀(i, j) ∈ ΩD,

(18)

where ΩD is the set of branch and Pij and Qij

represent the active and reactive power flowing from
the distribution network nodes i to j, respectively.
Qi,t is the reactive power of the distribution network
node i at the time t. PG

i,t and QG
i,t represent the active

and reactive power output of the generation at
distribution network node i when the time is t, re-
spectively. xi,t is a 0-1 variable which represents the
power supply states of the distribution network node
i at the time t (xi,t � 1, the node i has power supply;
xi,t � 0, the node i is in power-off). PG,max

i and
QG,max

i represent the maximum active and reactive
power output of the generation at distribution
network node i, respectively.Pijmax and Qijmax are
the maximum capacity of active and reactive power
flowing from the distribution network node i to j.

(2) Voltage constraints: )e voltage of each node cannot
exceed the limit during the repair process and
switching operation.

Umin ≤U≤Umax. (19)

(3) Switching constraints: Taking the switch under op-
erating as a virtual fault point, the repair time is the
corresponding switching time, and the switching
action is restricted by the principle of gird reconfi-
guration. )e switch state remains unchanged

between two repair tasks of the virtual fault point
[20]. Besides, the switch will no longer change its
state when all loads have been restored to power.

4. Resilience Evaluation

4.1. Indices. Different from reliability, resilience has its
newly developing and emerging concept in the area of power
systems; it refers to the ability to absorb and rapidly recover
from an extraordinary disturbance event [33]. Taking the
load performance to represent system performance, Figure 2
shows a conceptual resilience trapezoid, which clearly
demonstrates the stages of a power system associated to an
external disturbance [34].

In Figure 2, F0 is the original state of the system; the
disturbance hits the system at t0, which results in the system
performance deteriorating; t1 is the maximum loss moment
of the system and F1 is the corresponding performance level
of the system. Following the disturbance, the system will
reside in the postdisturbance self-recovery state (t1-t2),
where grid reconstruction measures would be taken to re-
store the power supply in the nonfaulty areas; F2 is the
system performance level after reconstruction. )en the grid
repair workers apply proper and effective repair measures to
make the system fully recover from the disturbance (t2-t3)
and the system performance level will eventually return to F3
(the postdisturbance system performance level can be dif-
ferent from the original state).

Complexity 7



Based on the trapezoid model, several different indicators
have been put forward to quantitatively analyze the system
resilience. )ese resilience metrics can be divided into two
categories in terms of their composition: single indices and
composite indices. )e single index, such as the integral of the
system performance function from the beginning of the dis-
turbance (t0) to the complete restoration of the system (t3) or the
proportion of system function maintaining the normal state
during extreme disasters, is an assessment for the overall process
[3, 35]. While the composite index is used to propose several
evaluation indices for each stage or capability of resilience and
then integrate them through a weighted combination, such as
the combination of robustness, rapidity, and performance loss,
evaluating resilience from different perspectives [36]. In this
paper, considering the impact on system resilience of the
complicated coupling relationship of distribution-traffic-human
network ismainly reflected in the recovery time, the distribution
network resilience R is defined as the time it takes for the system
to recover to 95% of its original state after being hit by the
extreme weather event, and the 95% of the original state is
named the recovery state. To further evaluate the performance
of system resilience during the repair process after disasters, the
following resilience indexes of the repair process of the dis-
tribution network are proposed, which are for a certain disaster
scene.

(1) Adaptive rate R1: )e probability that the system
performance meets the minimum performance re-
quirements and the recovery time does not exceed
the longest recovery time limit. )e minimum sys-
tem performance value is 50% of the total system
power and the longest recovery time is determined
according to the social importance of the load.

R1 � P min F(t)> f, t< t  . (20)

(2) Repair rate R2: )e recovery speed at which the
system can restore to a stable state after the disaster.

R2 �
F3 − F1

t3 − t1
. (21)

(3) Economic loss rate R3: )e ability of the system to
decrease economic loss after the disaster.

R3 �
MΔ
M0

,

M � 
m+n

i�1
e
loss
xi,k

t xi( ( L xi( , k � 1, 2, 3, 4, 5,

(22)

where elossxi,k
(t) is the economic loss caused by the fault

point xi of load type k with the outage time t and MΔ
and M0 both represent the economic loss value
caused by continuous outages of various loads in the
whole repair process; the former adopts the opti-
mization repair strategy in calculation and the latter
adopts the same repair sequence but only one repair
team to execute all repair tasks, whose repair time for
each fault task is the standard repair work time. )e
load type is divided into 5 categories: industry,
business, medicine and health, government, and
public utilities. )e economic loss function of each
type of load is shown in Figure 3 [37].

4.2. Resilience Enhancement Procedure. )e resilience en-
hancement procedure of the complex distribution network
under a hurricane disaster coupling with human resources
and traffic network is shown in Figure 4.

5. Results and Discussion

In this section, we perform numerical experiments on a
IEEE33 bus distribution system.)e test system is fitted into
an area that covers the range of latitude (28.725°N-29.125°N)
and longitude (95.2°W-95.5°W), for demonstration purposes
only. )ere are 37 lines, 5 contract switches, and 33 nodes in
the primary network, as shown in Figure 5. )e system
voltage level is at 12.66 kV and the total load is
3775 kW+ j2300kvar [38].

According to the different social importance of each
load, the loads are divided into 3 levels and given corre-
sponding weight coefficients and repair time limits to assess
the outage loss and the adaptive rate, as shown in Table 1.
)e load types of each node are shown in Table 2 for
evaluating the economic loss. )e human resources of
emergency repair include repair teams and repair resource
reserve, which impact the distribution network resilience. To

0 t0 t1 t2 t3 t

System performance
level
F(t)

F0

F1

F2

F3

Figure 2: )e power system resilience trapezoid model.
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consider these effects, it is assumed that the repair teams are
stationed at nodes 1, 7, and 12, and the repair resource
reserves are placed at nodes 10 and 11, both in the traffic
network. )e structure of the complicated distribution-
traffic-human coupling system is shown in Figure 6.

5.1. Simulation. For illustration, it is assumed that the
hurricane lands at the location with latitude 28.9°N and
longitude 95.2°W. )e hurricane is assumed to be moving
with a translational speed of 12.5 mph in the direction of
150°. )e test system will be affected by the hurricane for 5
hours. Figure 7 shows the surface wind speed variations of
the test system as the hurricane travels along its track with
the sample interval of 30 minutes. It is clear to see that the
wind speed at most nodes reaches its maximum at the first
sample point and then declines over time. Figure 8 shows the
specific wind speed of the test system when T� 30min.

Since the damaged state of the complicated distribution-
traffic network is related to the suffered wind speed, use the
maximum wind speed of each node suffered during the

hurricane to calculate the component failure probability, by
(1) to (5). )e results are shown in Figure 9. Sample the
failure events based on failure probability, and the failure
scenario of distribution network is obtained as shown in
Figure 10. )e failed lines are L3-4, L4-5, L10-11, L11-12,
and L12-13; the failed switches are installed at L10-11, L11-
12, L12-13, and L20-21; the transformer at node 12 is
completely damaged and needs to be replaced; the line L20-
21 is broken but still repairable; and the nonfault nodes N6-
9, N14-17, and N25-32 are affected to outage. Table 3 shows
the parameters of each failure event, including the repair
resource requirement, the standard repair time, and the load
level [39].

5.2. Analysis of the Repair Strategy. )ere are 3 repair teams
in this case and the repair capabilities of each team are
shown in Table 4.

)e repair capability parameters indicate that none of
the single repair teams could meet the resource requirement
of failure node N12; and the failed lines L10-11 and L20-21

×104 (yuan/kW)

(min)
0
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4

6

8

10

12

14

16

18

20

500 1000 1500 2000 2500 3000 3500 40000

Medicine & health

Industry
Business

Public utilities
Government

Figure 3: )e economic loss function of each load type.

Generate hurricane dynamic
wind field

Simulate the failure
scenario of distribution-

traffic system based on the
hurricane destruction

mechanism

Optimize the repair strategy including
repair path,

repair task allocation, and
repair task sequence

Decrease the social losses
and

enhance the system resilience

Evaluate the system resilience
by indexes

Considering the factors
failure probability, repair demand, traffic

cost and personnel operating and
the executing ability

and
the complicated coupling relationship of

distribution-traffic-human system

Figure 4: )e process of enhancing the complex distribution network resilience coupling with human resources and traffic network under
disasters.

Complexity 9



require a large number of repair resources of which only
repair team 1meets the needs alone. As to repair teams 2 and
3, they need to cooperate or allocate more resources from the
reserve point to complete the repair tasks. Considering the
repair capability of repair teams and the characteristics of
failure events, the repair task assignment scheme is obtained
based on the utility value (see Table 5), as shown in Table 6
[19].

It can be noted that, due to the requirements of the repair
capability and repair resources, the repair task of node N12
prefers to be assigned to repair teams 1 and 2, followed by
repair teams 1 and 3. And to make the high-level load online
L3-4 restore as soon as possible, the repair task of line L3-4
prefers to be assigned to repair team 1 alone. )e repair task
of line L10-11 has never been assigned to repair team 3 due
to the resource requirements and geographic distance.While
the repair task of line L20-21 prefers to be completed by
repair team 3 in cooperation with others for the same reason.

Optimizing the operation sequence of repair plans to
minimize the social losses caused during the entire emer-
gency repair process, 3 better repair plans are obtained for
reference of the grid workers. Table 7 shows the optimized
emergency repair plan, including the repair sequence, the
social loss value, and the repair time. Figure 11 particularly
demonstrates the social loss variations of each repair plan
during the entire emergency repair stage. In order to further
illustrate the emergency repair process, take plan 2 as an
example to demonstrate the repair sequence, repair team,
and the social loss of each repair task, as shown in Figure 12.

As a supplement, Figure 13 shows the optimized repair paths
of repair team 1 in plan 2. )e contribution of the repair
teams in each repair task of plan 2 is shown in Figure 14,
quantified by the social loss.

It is observed that the switch operation is always exe-
cuted first in every scheme.)is is not only because nodes 36
and 37 are virtual fault points whose repair time is just the
response time of switch action, but also the new grid formed
by the change of switch state can restore the maximum
power supply of the nonfault nodes. )e optimized scheme
conforms to the rule that the grid reconstruction measures
are prioritized during the emergency repair process of
distribution network.

Figure 15 shows the resilience and load variations of the
test system adopted the repair plans. Evaluate the system
resilience under the 3 repair plans by the proposed indexes,
and the results are shown in Table 8. It can be noticed that
the performances of adaptive rate R1 and repair rate R2 are
both related to the repair time. )e shorter the repair time,
the better the index performance, which means indexes R1
and R2 are both negatively correlated with the resilience
value R. While the economic loss rate R3 is relatively in-
dependent of the resilience R because the different load types
have a significant difference in economic loss.

Choose repair plan 3 as an example to demonstrate the
relationship between system resilience R and repair rate R2,
which has the best resilience performance. Other parameters
remain unchanged, only the operation ability of the repair
personnel is gradually increased during the simulation
process (a total increase of 30%, with an increase of 5% each
time), and the curve of the resilience R and repair rate R2 is
obtained as shown in Figure 16. Besides, the resilience
improvement and shortening of repair time brought about
by the increase in repair rate R2 will also increase the
adaptive rate R1 and reduce the economic loss rate R3 of the
test system, as shown in Figure 17.

It is observed that as the repair rate R2 increases and
accumulates to a certain extent, the adaptive rate R1 of the
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Figure 5: )e 33-bus distribution network.

Table 2: )e load type parameters.

Type Node number
Industry 1,6,24,26
Business 10,11,12,21,27
Medicine & health 2,3,4,16,17
Government 7,8,9,15,28,29
Public utilities 5,13,14,18,20,22,23,25,30,31,32,33

Table 1: )e load level parameters.

Level Node number )e weight coeffcient t/h
1 2,3,4,7,8,9,15,16,17,28,29 900 24
2 1,6,10,11,12,21,24,26,27 30 40
3 5,13,14,18,20,22,23,25,30,31,32,33 1 60
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system rises stepwise due to the characteristic of the
probability. And curves of the R-R2 and R3-R2 have a similar
trend which shows that the higher the quality of the human
resources involved in the emergency repair process, the
higher the corresponding system repair rate R2, which
improves the system resilience and decreases the economic

loss. However, the continuous decrease of the slope of the
curves indicates that the improved efficiency will gradually
level off as the repair rate continues to increase. )is is
because resilience is related to the time-consuming repair
process consisting of the repair task execution time and
driving time. Improving the operation ability of the repair
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Figure 6: Model of the complicated distribution-traffic-human coupling system.
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Figure 9: Component failure probability of the distribution network.)e Y-axis is the failure probability, and the X-axis is the node label of
IEEE33 bus distribution system.
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Figure 10: )e distribution network failure scenario.
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Table 3: Fault event set.

Fault event
3–4 4–5 10–11 11–12 12 12–13 20–21

Resource requirements

Transformer 0 0 0 0 2 0 0
Backup generation 0 0 0 0 1 0 0

Line 1.5 1.2 1.5 1.3 0.4 1.2 1.6
Switch 0 0 1.1 0.5 0.5 0.8 1.8

Operation ability

Mind & body state 1.21 1.07 1.25 1.18 1.34 0.97 1.42
Repair ability 1 1.14 1.53 1.23 1.65 1.38 1.26

Working conditions 1 0.76 1.1 0.89 1 1.05 1.31
Work experience 0.83 1.35 1.48 0.95 1.79 1.24 1.67

)e standard repair work time 3 4 7 3 13 4 8
Load level 1 3 2 2 3 3 2

Table 4: Repair team parameters.

Repair team 1 2 3

Resource requirements

Transformer 1.5 0.5 1
Backup generation 1 0.4 0.8

Line 1.8 1.5 1.3
Switch 2 0.8 1.4

Operation ability

Mind & body state 1.25 1.32 1.65
Repair ability 1.57 1.46 1.87

Working conditions 0.91 1 1.07
Work experience 1.68 0.89 1.93

Station node 1 12 7

Table 7: Emergency repair sequence and social loss.

Plan
Repair team

Social loss (kWh) Repair time (h)
1 2 3

2 37,3–4,10–11,12,4–5 10–11,12,11–12,20–21 36,12–13,20–21 9631761 63.26
3 36,3–4,12,20–21,10–11 37,4–5,12,11–12 12–13,20–21 9198327 47.83
5 37,10–11,12,20–21 36,3–4,11–12 4–5,12,12–13 8966593 53.15

Table 5: )e uij value of repair teams to each fault event.

Fault event
Repair team

1 2 3 1 + 2 2 + 3 1 + 3
3–4 0.95 0.65 0 0.40 0.38 0.37
4–5 0.85 0.63 0.53 0.42 0.40 0.36
10–11 0.74 0 0 0.49 0.54 0.46
11–12 0.64 0.65 0.52 0.33 0.36 0.31
12 0 0 0 0.89 0.65 0.71
12–13 0.60 0.65 0.65 0.42 0.45 0.37
20–21 0.62 0 0 0.67 0.75 0.86

Table 6: Task assignment scheme set.

Plan
Repair team

1 2 3
1 3–4,4–5,10–11,12,20–21 10–11,12,12–13,36 11–12,20–21,37
2 3–4,4–5,10–11,12,37 10–11,11–12,12,20–21 12–13,20–21,36
3 3–4,10–11,12,20–21,36 4–5,11–12,12,37 12–13,20–21
4 3–4,4–5,10–11,12,36 11–12,12–13,20–21 12,20–21,37
5 10–11,12,20–21,37 3–4,11–12,36 4–5,12,12–13
6 10–11,12,20–21 3–4,12,36,37 4–5,11–12,12–13
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Table 8: Distribution network resilience index of different repair plans.

Plan R R1 R2 R3

2 68.26 97.11 179.32 80.15
3 52.83 99.01 237.15 85.09
5 58.15 98.12 213.43 81.52
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personnel can quickly shorten the repair task execution time
in the early stage, while it cannot reduce the repair time
without limitation.

6. Conclusions

Considering the complex coupling relationship between
distribution network, traffic network, and human resources

in the emergency repair stage, this paper presents an op-
timization method to improve the resilience of the com-
plicated distribution-traffic-human coupling system against
extreme weather events. Tested on the IEEE33 bus system,
the numerical results show that the repair plans, obtained by
the proposed model, shorten the execution time of the
emergency repair plans and decrease the social and eco-
nomic losses caused by outages, thereby enhancing the
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complex distribution network resilience. )e results of
evaluation indexes show that the resilience performance is
positively correlated with the system adapt and repair
abilities. Moreover, improve the quality of human resources
by enhancing the operation ability of repair personnel can
speed up the system repair rate and increase the system
resilience effectively.
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