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Abstract—Network reconfiguration and emergency power 

vehicles (EPVs) dispatching are widely used in distribution 

networks for load restoration. However, their capabilities are 

limited by the allocated amounts of circuit breakers and EPVs. E-

taxis can also participate in the restoration as a kind of mobile 

energy storage using the vehicle to grid (V2G) technology. 

However, the uncertainty of E-taxis should be considered in the 

restoration. To achieve better effectiveness of the restoration and 

fully utilize the capability of network reconfiguration, EPVs and 

E-taxis, this paper proposes a coordinated restoration 

optimization method considering the uncertain restoration 

capabilities of discharging stations with E-taxis. A joint 

probability distribution function is established based on Gaussian 

Mixture Model to describe the uncertainty of station discharging 

capabilities considering the correlation of user rationality, taxi 

state-of-charge and transportation status. Then, a bi-level 

programming model embedded with the chance constraint 

programming is developed to optimize the coordinated dynamic 

restoration scheme of the network reconfiguration and EPV 

dispatching, with the consideration of the mobility of EPVs during 

the restoration. Simulations studies are performed to verify the 

proposed method. 

Index Terms—Restoration, distribution network, emergency 

power vehicle, network reconfiguration, E-taxis, Gaussian 

Mixture Model. 

 

I. INTRODUCTION 

The fault recovery capabilities of urban distribution networks 
need to be increased to meet the high requirements for the 
continuous load power supply [1], [2]. 

Network reconfiguration has been widely used in distribution 
networks for load transfer between feeders to achieve load 
restoration [3]. However, the effectiveness of the restoration is 
affected by the allocation of circuit breakers and switching 
strategy, as well as the power transfer capability of the adjacent 
feeders. Therefore, although network reconfiguration has a 
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strong capability, it may be inflexible due to the limitations of 
the switches, e.g. their locations, number and switching 
constraints. Emergency power vehicles (EPVs) [4], [5] are also 
widely used in some developed cities for point-to-point power 
supply during a power restoration. However, due to the high 
capital cost of EPVs, they are not widely used in the post-fault 
restoration of distribution networks.  

Vehicle-to-grid (V2G) technology has been proposed to 
achieve the power supply of electric vehicles (EVs), which can 
also support the power grid restoration by using EVs as mobile 
energy storage devices [6]-[8]. Electric taxis (E-taxis) exhibit 
flexibility and feasibility to participate in the power restoration. 
This is because that there are large amounts of E-taxis in the 
transportation system and they can obey the service agreement 
with the taxi company. A large number of E-taxis discharging 
to the grid may be able to provide enough electricity for the 
restoration of the distribution network. Moreover, the mobility 
of E-taxis in the traffic network can ensure a quick response 
speed and flexible restoration scheme for loads with different 
critical levels. However, the uncertainty of E-taxis cannot be 
neglected during such a restoration dispatch.  

Various restoration methods have been proposed in the 
literature. Reference [9] presents a multi-stage restoration 
method combining the island operation of DGs and network 
reconfiguration to maximize the restoration of loads. To cope 
with the uncertainty of DGs, reference [10] proposes a robust 
islanded restoration strategy. However, only emergency EVs 
have been modeled in this work. Conventional uncertainty 
optimization method, robust optimization [11]-[12] and 
distributional robust optimization [13]-[14] are used to deal 
with the uncertainty of EV and DG. An improved water 
evaporation optimization algorithm has been proposed in [15] 
to solve the multi-constraint optimization problem of 
coordination of DGs, battery energy storage systems and 
network reconfiguration. Reference [16] proposes an 
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optimization strategy for network reconfiguration considering 
the centralized EV charging stations as the black-start power 
sources. However, the EVs in the traffic network are neglected. 

There are two main shortcomings of the existing work 
considering the uncertainties of EVs in the restoration of 
distribution networks. 

1) The distribution of E-taxis in traffic networks and the 
response behavior of users exhibit high uncertainties. Since the 
charging station is the interface of EVs and distribution 
networks, it inherits the uncertainty of EVs and pass this 
uncertainty in the power supply in real time. Meanwhile, the 
correlation of power supply capabilities between multiple 
charging stations must be considered to guarantee the 
description accuracy of the uncertainty. However, most of the 
existing research fails to consider the correlation of these 
uncertain variables, or they are too complex to be embedded in 
optimal restoration models. Therefore, the uncertainty of the 
power supply capability of EV stations must be carefully 
described and embedded in the optimization model.  

2) Effectiveness of the load restoration can be further 
improved by the coordination between network reconfiguration 
and EPV dispatching strategies considering the uncertain 
restoration capability of E-taxis. The flexibility of EPVs can 
enhance the power supply capability of distribution networks, 
which will influence the optimal results of network 
reconfiguration, although the discharging capability of EPVs is 
uncertain. Therefore, how to coordinately optimize the network 
reconfiguration and island segmentation with EPV dispatching 
under an uncertain restoration capability of E-taxis must be 
considered.  

The paper proposes a coordinated restoration method using 
the network reconfiguration and EPVs with the consideration 
of the uncertain restoration capabilities of discharging stations 
with E-taxis. A joint probability distribution function is 
established based on Gaussian Mixture Model (GMM) to 
describe the uncertainty of station discharging capabilities 
considering the correlation of user rationality, taxis’ state-of-
charge (SoC) and transportation influences. A bi-level 
programming model embedded with the chance constraint 
programming is developed to optimize the coordinated dynamic 
restoration scheme of network reconfiguration and EPV 
dispatching considering the mobility of EPV during the 
restoration period. 

The contributions of this paper are as follows:  
1) To better characterize the uncertainty of capability of 

charging/discharging stations, a Gaussian Mixture Model is 
proposed to describe the uncertainty of the E-taxis including the 
factors of the user rationality, taxi state-of-charge and 

transportation status. 
2) E-taxi and conventional methods (EPVs and 

reconfiguration) are coordinated to achieve a better effect of 
load restoration. The chance constraint programming is 
embedded in the bi-level programming model to cope with the 
uncertainty induced by E-taxis. 

II. PROBLEM DESCRIPTION 

Fig. 1 shows a 5-feeder urban distribution network, wherein 
some power lines have been damaged and the utility grid can 
only restore part of loads through network reconfiguration. E-
taxis support the network through the charging pile in charging 
station, and EPVs restore the network node point to point. EPVs 
belong to and are fully controlled by the power supply company, 
whose obligation is for load restoration. E-taxis belong to the 
taxi company that cannot be dispatched by the power supply 
company directly. Three EPVs are standby at Node 16 and 
available to be dispatched for load restoration, which can 
achieve an 8-hour power supply with 200 kW. Several 
charging/discharging stations are allocated at Nodes 43 and 64 
with 25 discharging piles separately, whose rated power is 40 
kW. 200 E-taxis with 80 kWh rated power battery are cruising 
around, whose discharging power is the same as the connected 
charging pile. It is assumed that taxi drivers are able to receive 
the dispatching suggestions for load restoration, and some of 
them will decide whether to go to the nearby 
charging/discharging stations, whose restoration capabilities 
are uncertain considering the driver behavior, taxi SoC and 
traffic conditions. A coordinated optimization method is 
therefore needed to optimize the restoration scheme of using 
network reconfiguration and EPVs considering the uncertain 
restoration capability of taxis during the restoration period. 
However, EPV dispatching is dependent on the restoration 
topology which is determined by network reconfiguration, and 
also affected by the uncertain restoration capability of 
discharging stations because the waste of energy may happen if 
EPVs and taxis are serving in the same area. Moreover, to 
achieve an optimal distribution network restoration, the 
optimization of the network reconfiguration must consider both 
EPV dispatching and the uncertain restoration capability of 
discharging stations which are powered by E-taxis. Therefore, 

a bi-level programming model embedded with chance 
constraint programming is developed, which is utilized to 
realize the coordinated optimization of EPVs and network 
reconfiguration considering the uncertainty of station 
discharging capabilities. 
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Fig 1.  5-feeder urban distribution system.                                                Fig 2.  The logical relationship between the upper and lower 
layers.

 

III. UNCERTAIN CAPABILITY MODELING OF DISCHARGING 

STATIONS BASED ON GMM 

A. Modeling of E-taxi Restoration Capability 

Historical transportation data of E-taxis is needed to describe 
the probability distribution functions. That is because the real-
time locations of E-taxis are unknown due to privacy [17]. Thus, 
three parameters of E-taxis are used to model their response 
capabilities of restoration, which are E-taxis’ positions in the 
traffic network, current moving directions and SoCs of their 
batteries. For only one E-taxi, its parameter set in the navigation 
map of the traffic network can be expressed as: 

{ , , , , }Dir L Dist SoC t =                              (1) 

where Dir is the direction of motion of the E-taxi (Dir = 1 
means the direction of the E-taxi is consistent with the direction 
of the directed graph, Dir = -1 means the direction of the E-taxi 
is opposite to the direction of the directed graph), L is the 
directed edge number of the road where the E-taxi is located, 
Dist is the distance between the E-taxi and the head vertices of 
the edge, t is the time index, SoC is the state-of-charge of E-taxi 
at time t. The input data of the multi-dimensional GMM 
includes 24-hour E-taxis distributions in the transportation 
network, which contains time information (including peak 
hours). By calculating the conditional probability of the time 
dimension of GMM, the probability distribution functions 
(PDFs) can be obtained for each period. 

Considering the current traffic conditions, the travel time of 
the E-taxi in street k is as follows [18], [19]:  

, ,(1 )k

k t k tfree

k

l
T RDI

v
= + ,                         (2) 

where lk is the length of street k; vfree 

k  represents the free-flow 
speed in street k; RDLk,t is the relative delay index of street k at 
time t which quantifies the percentage increase when it is 
moving due to the traffic congestion on the street, which can be 
obtained from the real-time traffic database.      

 Dijkstra algorithm [20] is used to select the path with the 
minimum time consumption for the E-taxis. 

0 ,

ik

ik k t

c path

t t T


= +  ,                               (3) 

0( ) ( )
ik

ik c s

c path

SoC t SoC t l e


= −  ,                   (4) 

min( ) ET

ik c
SoC t SoC P t +  ,                        (5) 

,

ik

k t

c path

T T t


  −  ,                            (6) 

where tik is the arriving time of the ith E-taxi at the kth charging 
station, t0 is the time of accepting the response order, pathik is 
the path from the E-taxi to the station using the shortest time, lc 
is the length of street c, es is the power consumption per 
kilometer, SoCmin is the minimum SoC considering the battery 
health, PET 

c  is the discharge power of E-taxi, T is the restoration 
period, Δt is the time step of dispatching period, where T = nΔt. 

E-taxi drivers are not perfectly rational. The reward of E-
taxis who participate in V2G response depends on the 
discharging capacity as the agreement set a margin price for unit 
discharging [21]. It is assumed that the probability that drivers 
agree or disagree with participating in the V2G response is 
normally distributed. 

After receiving the instruction, drivers that agree to 
participate in the restoration will drive to the nearest charging 
stations. The parameter set of the E-taxi for charging station i 
will be updated to: 

, { , }
i ET rm rm

SoC t =                                (7) 

where SoCrm is the SoC of the E-taxi after arrival obtained from 
(5), trm is the arrival time obtained from (3). 

B. Modeling of the Capability of Discharging Stations during 

the Restoration 

The 5-feeder urban distribution system is modified based on 
a real distribution network, in which the charging stations have 
been determined and assumed that the stations have the V2G 
technology and are available to achieve discharging. The E-
taxis (including in-transit and in-station E-taxis) to a certain 
charging station i can be used as energy storage activated at a 
specified time, represented as the set Γi,ET. The E-taxis which 
meet the following discharge requirement in the station are 
allowed to participate in the response: 

min
ET

rm c
SoC SoC P t +                          (8) 

The SoC condition of an E-taxi during the discharging 

process is shown in Fig. 3. ET
cP t  is the charging demand in a 

unit period, st
dist  is the start time of discharging, and end

dist  is the 

end time of discharging.As E-taxis belong to the same company, 
the discharging time of E-taxi could be calculated simply by 
dividing the SoC (multiply by 98%) by the discharging power. 

Objective: maximizing restoration important loads above the confidence level

Iterations
Network 
 topology

Objective: maximizing the restoration important loads by the EPVs and station 
above the confidence level

Proposed bi-level model 

The upper level: network reconfiguration

The lower level: dispatching of EPVs
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Fig. 3. Discharging SoC condition. 
If ΣP

ET 

i,t >ΣPmax, which means all the charging piles of the 
station are being used at maximum power, the rest of the E-taxis 
will wait according to their arrival time. Their parameters are 
updated as: trm+Δt = trm+ Δt, SoCrm+Δt = SoCrm. 

The charging stations within the isolated islands become the 
power source after the fault. As one E-taxi can only go to one 
charging station, therefore the more E-taxis go to Station A the 
fewer E-taxis will go to Station B. It means that there is a 
correlation between different charging stations, and the 
discharge power of them at the same time are not independent 
random variables. Then, the Gaussian mixture model is used to 
fit the probability distribution of the discharge power in 
charging stations, and its covariance matrix represents the 
correlation between data of different dimensions.  

If there are W charging stations on the island, the discharge 
power ΓΣWP of them can be expressed as: 

0 0 0 0, , , , 2 ,[ , , ... ] ,ET ET ET ET T

i P i t i t t i t t i t T
P P P P i M + +  + =     ,   (9) 

1, 2, ,[ , ,..., ]
WP P P w P    =    .                            (10) 

The corresponding time dimension is: 

0 0 0 0[ , , 2 ,..., ]T

ET
t t t t t t t T= +  +  + .                 (11) 

The joint GMM is built based on random variable P: 

[ ]
ET WP

P t =  .                              (12) 

 The GMM PDF for W+1 dimension random variables P are: 

1

( ) ( ; , )
M

P P P P

P m m m m

m

f P N P 
=

=  ,                 (13) 

1

( ) ( ; , )
M

P P P

P m m m

m

F P F P 
=

=  ,                 (14) 

where fP(P) and FP(P) are the joint PDF and CDF of 
multivariate P, M is the number of GMM components; ωP 

m is the 
weighed coefficient; NP 

m(P; µP 

m, ΣP 

m) is the multivariate Gaussian 
distribution. 

To analyze the optimization model, the conditional 
probability invariance of GMM [22] is used to obtain the 
probability distribution of the injected power of a certain 
charging station at a given time:  

,

, , ,

|( ) ,

( ) ( )' '
,

1

( |( ))

( |( ); , )

t m ET ETET

t m ET t m t m ETET ET ET

ET

P t ,m t m ET

M
P t ,m P P t ,m

m m t m ET m m

m

f P t ,m

N P t ,m   

=

=


,      (15) 

,

, , ,

|( ) ,

( ) ( )'
,

1

( |( ))

( |( ); , )

t m ET ETET

t m ET t m t m ETET ET ET

ET

P t ,m t m ET

M
P t ,m P P t ,m

m t m ET m m

m

F P t ,m

F P t ,m   

=

=


,      (16) 

where , |( )t m ETET
P t ,m

f  and , |( )t m ETET
P t ,m

F are the PDF and CDF of the 

injected power of Station m at time tET. 

C. Multi-state Model 

The discharge power of the charging station follows the 
GMM distribution 

, |( )t mP t,mf , the abscissa value of which is from 

0 to ΣPmax. Dividing the internal [0, ΣPmax] into Nc states. Pc(i) 
represents the discharge power of a certain station in state i, and  
Fc(i) is its probability. They can be calculated as follows:  

max

1
( ) [( ) / ]

2
c c

P i i N P= −  ,                 (17) 

max

,
max

( / )

|( ) ,[( 1)/ ]
( )

c

t m
c

i N P

c P t,m t m
i N P

F i f dP


−

=
 ,                 (18) 

where i = 1, 2, ·· · , Nc. 

IV. OPTIMAL RESTORATION METHOD BASED ON BI-LEVEL 

MODEL EMBEDDED WITH CHANCE CONSTRAINT 

PROGRAMMING  

 The diagram of the proposed bi-level model embedded with 

chance constraint programming is shown in Fig. 4. In the 
upper level, the network topology is optimized with the 
objectives of maximizing the restoration amount of important 

loads above the confidence level, according to the dispatching 
results of EPVs and probability distribution of discharge power 
of the charging station. In the lower level, the destination nodes 
of the EPVs are optimized considering the probability 
distribution of discharge power of the charging station, to 
maximize the restoration amount of important loads by the 
EPVs and charge station above the confidence level. Firstly, the 
upper level initializes network topology subjected to the 
constraints of the upper level and transfers them to the lower 
level. Secondly, the lower level optimizes the destination nodes 
of the EPVs based on the network topology of the upper level 
and returns the dispatching results and corresponding objective 
to the upper level. Then, the upper level evaluates the 
restoration results, and regenerates a new network topology, 
which will be returned to the lower level. Finally, stable 
restoration schemes will be obtained by iterations between the 
two levels. 

The upper level: network reconfiguration

Objective: maximizing restoration important loads above the confidence level
Optimization variable: network topology
Constraints: probability constraints of the objective function, branch power, and node 
voltage, power balance, radial topology

The lower level: dispatching of EPVs

Iterations
Network 
 topology

Destination nodes of 
the EPVs

Proposed bi-level model embedded with chance constraint programming

Objective: maximizing the restoration important loads by the EPVs and station above the 
confidence level
Optimization variable: destination nodes of the EPVs
Constraints: probability constraints of the objective function and node voltage, power 
and electric capacity constraints of the EPVs, movement time constraints of EPVs

Fig. 4.  The diagram of the bi-level model. 

A. Optimization Model of Upper Level 

Restoring as much important load as possible is the most 
important objective during the restoration period. To consider 
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the uncertain restoration capability of the charging station, the 
upper level model takes the maximum restoration amount of 

important loads above the confidence level as the objective 
function as shown in (19). 

max 
U

F                                  (19) 

Moreover, the optimization model of the upper level is 
subjected to the following constraints. 
1) Probability constraints of the objective function 

 
max

1
1

( )
i U

i

P f X , F


 
=

  ,                      (20) 

1 main ET( )
EPV

f X , F F F = + + ,                    (21) 

main
1

T

i i ,t i ,t

t i R

F L y
= 

=  ,                          (22) 

ET
1

T

i i ,t i ,t

t i D

F L y
= 

=  ,                           (23) 

1

T

EPV i i ,t i ,t

t i D

F L y
= 

=  ,                          (24) 

where X1 is the decision variable of the upper level, i.e. switch 
state, ξi is the ith state, ξmax is the maximum number of states, 
f(X1, ξ) is the maximum restoration amount of important loads, 

α is the confidence level, 
U

F  is the maximum value of f(X1, ξ) 
when the confidence level is not lower than α, P{•} is the 
probability, Fmain is the amount of load restored by the main grid 
during the restoration period, FET and FEPV are the restoration 
amount of load by the E-taxis and EPVs during the restoration 
period, T is the fault duration, R is a set of outage area, D is a 
set of outage area after reconfiguration, λi is the importance of 
the load at node i, Li,t is the load at node i at time t and yi,t is 
state parameter (yi,t = 1 means node i at time t has been restored 
the power supply, yi,t = 0 means node i at time t has not been 
restored). 

2) Probability constraints of the branch power 

 max
1l l p

P P( x , ) P   ,                (25) 

where Pl(x1, ξ) and Pmax 

l are the active power in branch l under 
state ξ and allowable maximum active power and βp is the 
confidence level of the branch power. 

3) Probability constraints of the node voltage 

 min max
1i i i U

P U U ( x , ) U    ,          (26) 

where Ui(x1, ξ) is the node i voltage under state ξ, Umax 

l  and U
min 

l  
are the allowable maximum and minimum voltages and βU is 
the confidence level of the node voltage. 

4) Power balance constraints 

1

( ) 0
n

i ,t i ,t j ,t ij ij ,t ij ij ,t

j

P V V G cos B sin 
=

− + = ,       (27) 

1

( ) 0
n

i ,t i ,t j ,t ij ij ,t ij ij ,t

j

Q V V G sin B cos 
=

− − = ,      (28) 

where Pi,t and Qi,t are injection active and reactive power of 
node i at time t, Pij and Bij are the real and imaginary parts of 
node admittance matrix, θij is the phase angle difference 
between node i and j at time t, n is the total number of nodes. 

5) Radial topology constraint 

re
N N                               (29) 

where Nre is the network topology after reconfiguration, N is the 
set of radial topologies. According to reference [23], it is 
possible to ensure that the distribution network corresponds to 
a spanning tree connected to the main substation, regardless of 
the direction of power flow, by introducing two binary variables 
corresponding to each line [as described in [24] by (11)–(15)]. 

B. Optimization Model of Lower Level 

In the lower level, the destination nodes of the EPVs are 
optimized considering the probability distribution of discharge 
power of the charging station and will, in turn, affect the 
reconfiguration results of the main grid. The objective function 
of lower-level optimization is to maximize the restoration 
amount of important loads by the EPVs and charging stations 
above the confidence level. 

max 
L

F                                  (30) 

The constraints need to be satisfied as follows. 
1) Probability constraints of the objective function 

 
max

2
1

( )
i L

i

P f X , F


 
=

  ,              (31) 

2 ET( )
EPV

f X , F F = + ,               (32) 

where X2 is the decision variable of the lower level, L
F  is the 

maximum value of f(X2, ξ) when the confidence level is not 
lower than α. 
2) Power and electric capacity constraints of the EPVs 

EPV

i ,t i ,t
P L ,                           (33) 

EPV

i ,t i ,t i ,t
SoC L y t  ,                      (34) 

where PEPV 

i,t  is the discharge power of EPVs on node i at time t, 
SoC

EPV 

i,t  is the SOC of the EPVs on node i at time t, Li,t yi,tΔt is 
the required electric quantity of load on node i during the 
restoration. 
3) Probability constraints of the node voltage in the restored 

by charging station 
'

min , max{ }ETs

i t U
P V V V    ,                  (35) 

where VETsꞌ 
i,t  is the voltage of node i restored by charging station 

at time t. 
4) Movement time constraints of EPVs 

 Due to the uncertainty of station discharging capabilities, the 
discharge power fluctuates during the restoration and the 
restoration area changes accordingly. Therefore, EPVs are 
allowed to move during the restoration period to make full use 
of the restoration capabilities of EPVs and taxis. The movement 
time of EPVs between any two nodes i and j is: 

, , ,free
(1 )k

t ij k t k t

k pathij k pathij k

l
T T RDI

v 

= = +  .          (36) 

where RDLk,t is the relative delay index of street k at time t, 
which represents the degree of the traffic congestion. It should 
be noted that if the fault occurs in peak hours, the parameter t 
of RDLk,t would be set accordingly. Moreover, the movement 
time of EPVs were set to an integer multiple of the scheduling 
period Δt, which is described in equation (37), based on which 
the traffic regulations and congestion were considered in the 
proposed method. 

, ,( 1) , if ( 1)
t ij t ij

T x t x t T x t= +     +  .          (37) 
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In this paper, the EPVs were assumed belonging to a power 
supply company which is responsible for the load power supply 
under emergency restoration, and therefore, the cost of the 
EPVs will be covered by the power supply company. 

C. Algorithm of Bi-Level Model 

The upper level is to optimize the states of switches, which 
can be represent as a (0,1)-matrix. The binary codes are used in 
the particle swarm optimization (BPSO) [25] to represent the 
optimization variables. Therefore, the BPSO algorithm is 
selected for the upper level to optimize the switch states which 
are binary variables. The dispatching results of EPVs are 
optimized in the lower level which has lots of possible 
combinations. Moreover, the solution space is an exponential 
growth with the increase of distribution network nodes. The 
genetic algorithm (GA) with the elitist strategy [26] is used in 
the lower level because it can solve complex problems with lots 
of uncertain constraints [27]. Moreover, GA can avoid being 
trapped in local optimal solution and accelerate the 
convergence. After repeated iterations, the coordinated 
optimization of EPVs and network reconfiguration in the 
distribution network will achieve. 

The calculation process of the proposed bi-level optimization 
model as follows. 

Step 1: Set the initial parameters including the distribution 
system parameters, typical daily load, E-taxis and EPV 
parameters. 

Step 2: Establish the joint probability distribution functions 
of the charging stations based on GMM and building the 
corresponding multi-state model in every period. 

Step 3: Randomly generate the initial network topology that 
satisfies the upper level constraints. At the same time, the 
number of upper level iterations KU is set to 1. 

Step 4: First, for each network topology in the upper level, 
the lower level generates initial populations which is the 
destination nodes of EPVs and the number of lower level 
iterations KL is set to 1. Second, carry out power flow 
calculation for each period and each state, and check the 
confidence level for constraint conditions. Then, an optimal 
individual in the lower level is obtained through the GA. 

Step 5: Return the optimization results of the lower level 
including objective values and dispatching results of EPVs to 
the upper level. 

Step 6: Calculate the upper level objective functions and 
check the confidence level for constraint conditions. 

Step 7: Determine whether KU has reached the maximum 
allowable number of iterations Kmax 

U  or not. If it reaches Kmax 

U , the 
calculation will be finished, otherwise, the population of the 
upper level will be updated and go to Step 4. 

V. CASE STUDIES 

Two studies have been conducted. The first one demonstrates 
the need of considering the uncertain restoration capability of 
discharging stations based on GMM. The second demonstrates 
the superiority of proposed coordinated restoration method. 

A. Simulation Set-up 

The 5-feeder distribution system in Fig. 1 is used to 
demonstrate the proposed method, in which the maximum load 
power is 8543.99 kW+5918.77 kVar. The fault is set at 10 am 
and lasts 4 hours and the dispatching time-scale in this paper is 
0.5 hour. The confidence level is set as 0.8. The charging and 
discharging efficiency of the battery of E-taxis is 98%. 

B. Benefits for Considering the Uncertain Restoration 

Capability of Discharging Stations 

Case 1 is the scheme considering network reconfiguration 
and EPVs without E-taxis.  

Case 2 is the scheme considering network reconfiguration, 
EPVs and E-taxis, but only the maximum discharging power is 
used in discharging stations without considering the 
uncertainties of taxis. 

Case 3 is the scheme considering network reconfiguration, 
EPVs and E-taxis, but the E-taxis are assumed to arrive in the 
first 5 minutes. It means the uncertainty of the transportation 
status of E-taxis is neglected. 

Case 4 is the scheme proposed in this paper, which 
considering network reconfiguration, EPVs and E-taxis, as well 
as the uncertainties of taxis. 

Optimization results of restorations are shown in Table I and 
Fig. 5, while the restoration power capacities are shown in 
Table II. The recovery capacity of total and primary load power 
in Case 1 is 12629.78 kWh and 4533.75 kWh, as shown in 
Table II, which is the lowest in the four cases. That is because 
the restoration capacities are limited by circuit breakers and 
EPV numbers. Thus primary loads cannot be fully recovered.  

The recovery capacity of loads in Case 2 is increased to 
312.48 kWh supported by discharging stations, in which the 
restoration capability of Line 2 has been enhanced by the 
discharging Station 1 at Node 43, and therefore, loads 7, 8 and 
9 are recovered. Loads 60-68 and 72-73 are restored by 
discharging Station 2, which achieve an island recovery as 
shown in Fig. 5(b). Therefore, 449.07 kWh loads are further 
restored compared with Case 1. However, the actual restoration 
capability of discharging stations may be smaller than the ideal 
result in Case 2 because of an uncertain number of E-taxis. As 
shown in Fig. 6, the actual discharging power of the station at 
Node 43 is only 574 kW at 10:30 am. Thus, only loads 7 and 8 
can be further restored by Line 2, and the actual restoration 
island of discharging station 2 is Nodes 60-67 and 72, shown as 
the area with the solid line. Other loads are all shed including 
the primary load 68. Therefore, the actual recovery capacity of 
primary loads during the whole restoration period is only 
4669.82 kWh in Case 2, as shown in Table II. 

In Case 3, the recovery capacity for the total and primary load 
power is 15278.24 kWh and 5174.725 kWh if the transportation 
status uncertainty of E-taxis is neglected. However, the actual 
recovery capacity is 14733.33 kWh and 4808.98 kWh 
respectively. It is because the SoCs of E-taxis are higher than 
the actual situation due to the ignored power consumption on 
the road. Besides, insufficient uncertainty analysis 
overestimates the discharging ability of station 2, and EPV 
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cannot move and support node 68 in time, which decreases the 
primary load recovery rate compared with Case 4. 

The actual recovery capacity of the primary loads in Case 4 
is 5005.34 kWh, as shown in Table II, which is 7.2% higher 
than that in Case 2. That is because the uncertain restoration 
capabilities of discharging stations have been considered in the 
coordinated optimization of network reconfiguration and EPV 
dispatching. The probability distribution functions of uncertain 
discharging capability for stations at 10:30 am are illustrated in 
Fig. 7, and the optimization methods of restoration are given in 
Table I. The discharging capabilities of stations in the last two 
periods are smaller due to the decreased SoCs of taxis, based on 
which load 9 is shed. Meanwhile, loads 68 and 73 which are 
supported by Station 2 are shed from period 7, while the EPV 
at Node 57 moves to the primary load 68 to improve restoration 
effects, as shown in Fig. 5(c). In Case 4, the primary load 
restored by EPVs is greater than that in Case 2, while the total 
load recovered is less than that in Case 2, which are shown in 
Table II. That is because the dispatching of EPVs compensates 
for the shed of the primary load caused by the uncertainty of the 
charging stations. However, it should be noted that the 
movement of EPVs needs time and therefore, results in a little 
decrease in the total load. 
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Fig. 5.  Optimization results. (a) Case 1; (b) Case 2; (c) Case 3; (d) Case 4. 

 

 
Fig. 6.  Actual discharging power of the stations. 

 
Fig. 7(a).  CDF of the discharging power in Station 1 

 
                          (b) Station 2 
Fig. 7(b).  CDF of the discharging power in Station 2. 
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TABLE I 
RESULTS OF TOPOLOGY AND EPVS OF DIFFERENT CASES 

Case

s 

Open 

switches 

Destination nodes of the EPVs 

10:30 11:00 11:30 12:00 12:30 13:00 13:30 14:00 

1 2,3,18,19,20 8,68,108,106 8,68,108,106 8,68,108,106 8,68,108,106 8,68,108,106 8,68,108,106 8,68,108,106 8,68,108,106 

2 
3,8,9,10,18,

19,20 
111,109, 
106,57 

111,109, 
106,57 

111,109, 
106,57 

111,109, 
106,57 

111,109, 
106,57 

111,109, 
106,57 

111,109, 
106,57 

111,109, 
106,57 

3 
3,8,9,10,18,

19,20 
111,109, 
106,57 

111,109, 
106,57 

111,109, 
106,57 

111,109, 
106,57 

111,109, 
106,57 

106,109,57, 
from 111 to 9 

106,109,9,57 106,109,9,57 

4 
3,8,9,10,18,

19,20 
106,109, 
111,57 

106,109, 
111,57 

106,109, 
111,57 

106,109, 
111,57 

106,109, 
111,57 

106,109, 
from 111 to 

9, 
from 57 to 68 

106,109,9,68 106,109,9,68 

 
TABLE II 

COMPARISON OF RECOVERED ELECTRICITY QUANTITY OF DIFFERENT CASES 

Cases 

Electricity quantity restored by 

main grid and station 1 (kWh) 

Electricity quantity 

restored by EPVs (kWh) 

Electricity quantity 

restored by station 2 

(kWh) 

Sum (kWh) 
Total recovery 

rate (%) 

Total load Primary load Total load Primary 

load 

Total load Primary 

load 

Total 

load 

Primary 

load 

Total 

load 

Primary 

load 

Case 1 9735.71 1639.68 2894.07 2894.07 / / 12629.78 4533.75 60.02 87.63 
Case 2 10820.20 2723.97 2579.50 1459.54 1384.42 486.21 14783.91 4669.82 70.26 90.24 
Case 3 10820.20 2723.97 2528.86 1598.79 1384.42 486.21 14733.33 4808.98 70.02 92.95 
Case 4 10820.00 2723.97 2488.98 1795.16 1384.42 486.21 14693.40 5005.34 69.83 96.72 

C. Superiority for Considering the Coordination of Network 

Reconfiguration and EPVs 

To verify the superiority of the coordination of network 
reconfiguration, EPVs and discharging stations, Case 5 and 
Case 6 are designed and compared with Case 4 proposed in this 
paper. The uncertainties of E-taxis are taken into account in all 
three cases. 

Case 5 is the scheme considering network reconfiguration 
and E-taxis without EPVs. 

Case 6 is the scheme considering network reconfiguration, 
EPVs and E-taxis, but reconfiguration and E-taxis are used for 
restoration first, and then EPVs are dispatched which will not 
move again in the whole restoration period. 

The optimization result of case 5 is to break switches 
3,8,9,13,14,16 and18 as shown in Fig. 8(a). Loads 60-68 and 
72-73 in line 3 were restored by discharging station 2, which 
achieve an island recovery. Part of the loads in line 1 are 
restored by line 2 and part of loads in line 5 are restored by line 
4, because the restoration capability of Case 5 is limited, and 
the lines tend to restore the branches with more important load 
(i.e., branches of line 5). 

In Case 6, EPVs have been dispatched to Nodes 12,15,57 and 
111, shown in Fig. 8 (b), and 2548.49 kWh loads are further 
restored compared with Case 5. However, a continuous power 
supply for the primary loads cannot be guaranteed in this case. 
For example, the continuous power supply time for load 68 is 
only 2.5 h shown in Fig. 9. The reason is that the primary load 
of Node 68 has been shed when the load recovery range of the 
discharging Station 2 is reduced due to the reduction of battery 
capacities of E-taxis and EPVs are no longer moving during this 
period. 

The total load and primary load power recovery of Case 5 is 
644.25 kWh and 335.52 kWh respectively more than Case 6. 
That is because the utility grid can restore as many other loads 

as possible within the capabilities under the premise that EPVs 
can recover some important loads considering the coordination 
of network reconfiguration and EPVs. Moreover, continuous 
power supply time for the primary load 68 is increased to 3.5 h, 
as shown in Fig. 9, because EPVs can quickly move and provide 
power supply for primary load when the restoration capability 
of discharging stations is insufficient and primary loads have to 
be shed.  

Fig. 10 shows the primary load recovery rate structure in 
every recovery period. In Case 4, the green bars in Fig. 10(a) 
increase in periods 8 and 9. It is because that EPVs move during 
the recovery period and support the primary load 9 and load 68 
which are shed by the main grid due to the reduced capacity of 
stations. In Case 6, EPVs are dispatched after the 
reconfiguration and lack coordination to move. Therefore, the 
primary load recovery capacity is worse than that in Case 4. 
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Fig. 8.  Optimization results under case 5 and case 6. (a) Case 5; (b) Case 6. 

       
Fig. 9.  The continuous power supply time for load 68. 

 
(a) 

 
(b) 

Fig. 10.  Primary load recovery rate structure. (a) Case 4, (b) Case 6. 
 

D. A larger-scale system analysis using the proposed 

method 

A 9-feeder distributed network, which is modified based on 
a real network, is shown in Fig. 10. The maximum load power 
is 68007 kW+20402 kVar. The fault occurs at 10:00 am and 
lasts 4 hours and the dispatching time-scale is set as 0.5 hour. 
400 E-taxis and 8 EPVs are involved in the response process 
with the same condition as the case studies. The confidence 
level is set as 0.8. The optimization results using the proposed 
method are shown in Table III. 

TABLE III 

RESULTS OF TOPOLOGY AND EPVS  

Open 

switches 
Destination nodes of the EPVs 

1,3,6,7,10 

10:30, 11:00, 12:00, 

12:30 
13:00 

L1-3, L1-4, L6-3, L6-5, 
L5-3, L5-5, L5-4, L7-2 

L1-3, L1-4, L6-3, L6-5, L5-
3, L5-5, L7-2 from L5-4 to 
L7-7 

13:30, 14:00 

L1-3, L1-4, L6-3, L6-5, L5-3, L5-5, L7-2 L7-7 

Line1
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Fig 10.  9-feeder urban distribution system. 

The total load and primary load power recovery is 65876.28 
kWh and 38052.21 kWh, Electricity quantity restored by EPVs 
is 16245.69 kWh including 14989.26 kWh of primary load.  
Switch 5 opens after 12:30 because of the uncertainty of E-taxis. 
70.3% of the total load and 96.2% of the primary load has been 
restored. The results show the scalability of the proposed 
method. 

VI. CONCLUSIONS 

A coordinated restoration optimization method of EPVs and 
distribution network reconfiguration considering the uncertain 
restoration capabilities of discharging stations with E-taxis is 
proposed in this paper. 

A joint probability distribution function has been established 
based on the Gaussian Mixture Model to describe the 
uncertainty of station discharging capabilities with E-taxis. The 
proposed method, which considers the uncertain restoration 
capabilities of discharging stations in the coordinated 
optimization of network reconfiguration and EPV dispatching, 
can lead to a more accurate restoration. The actual recovery 
capacity of primary loads with the proposed method is 7.2 % 
higher than that in the case without considering the 
uncertainties of taxis. 

The proposed coordinated restoration method can make full 
use of the restoration capabilities of EPVs and utility grids, 
because the utility grid can restore as many other loads as 
possible within the capabilities under the premise that EPVs can 
recover some important loads. Moreover, continuous power 
supply time for primary loads can be increased considering the 
coordination of network reconfiguration, EPVs and E-taxis, 
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because EPVs can quickly move and provide power supply for 
primary load when the restoration capability of discharging 
stations is insufficient. 
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