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ABSTRACT Aiming to improve the operation economy and power quality of distribution systems subject to
the fluctuating and stochastic power outputs of distributed generation (DG) units and electric vehicles (EVs),
a multiobjective optimization model for network reconfiguration and its corresponding solution method are
proposed. First, a dynamic reconfiguration model is constructed based on the power loss rate (PLR) as well
as the active power loss, the load balancing index and the maximum node voltage deviation, which serve
as the optimization indexes. Second, the Lévy flight and chaos disturbed beetle antennae search (LDBAS)
algorithm is presented based on the grey target decision-making technique, which can not only improve the
computational efficiency but also find the most satisfactory solution for the proposed dynamic reconfigura-
tion model. Considering the uncertainties of loads and DG outputs, the influence on the load curve of EV
connecting to the distribution network at different penetration rates and under different charging/discharging
modes is analysed. Additionally, the modified IEEE 33-bus and 118-bus test radial distribution networks
are simulated to verify the effectiveness and superiority of the presented reconfiguration model and the
improved LDBAS method, and the results illustrate that the proposed reconfiguration method can improve
the operation economy and power quality of the distribution system and encourage the penetration of EVs.

INDEX TERMS Distribution system, time-varying characteristics of DGs and EVs, dynamic reconfigura-
tion, multiobjective optimization, grey target decision-making, LDBAS algorithm.

I. INTRODUCTION
With the advent of the green grid concept, the high-level
penetration of distributed generation (DG) and electric vehi-
cle (EV) charging loads is introducing new problems affect-
ing the dispatching operations of distribution networks.
On the one hand, the outputs of DG units depend on climate
factors such as wind and solar radiation and exhibit fluctu-
ations and intermittency [1], placing high requirements on
the adaptability and control of distribution networks. On the
other hand, batteries for EVs can be used as energy storage
devices to reduce the power fluctuations caused by DG and
provide reliable auxiliary system services, thus improving the
flexibility of distribution network operation [2].

The associate editor coordinating the review of this manuscript and

approving it for publication was Salvatore Favuzza .

Distribution systems generally have the characteristics of
a closed-loop structure and open-loop operation [3]. Optimal
reconfiguration (OR) for distribution system operation, that
is, changing the topological structure of the network by
changing the open/closed states of the switches under operat-
ing conditions, can reduce the power loss, balance the load
and improve the voltage quality to improve the operation
performance, thus playing an important role in the optimal
operation of distribution systems [4]. Power loads them-
selves show a certain level of randomness, and DG units
and EVs connected to the distribution network introduce
more power fluctuations and uncertainty. Accordingly, it is
necessary to research projects in which the method of distri-
bution system reconfiguration considers DG units and EVs
simultaneously to improve the power quality and economic
performance of power distribution systems during operation
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and promote the acceptance and utilization of renewable
energy.

The dynamic reconfiguration of a distribution network
involves optimization in both time and space, and the solu-
tion process needs to consider various actual constraints,
such as switch operation constraints, in addition to the var-
ious uncertain parameters discussed above when solving the
reconfiguration model [5]–[8]. In [9], a comprehensive eval-
uation index was proposed based on the network loss and
voltage offset after dynamic reconfiguration. This work also
considered the period during which the standard deviation
of the comprehensive evaluation index is less than a certain
threshold value. In [10], [11], the dynamic reconfiguration
method based on dynamic clustering with root data negative
load waves was proposed. In [12], an intra-day dynamic
reconfiguration method was explored based on the number of
remotely controlled switches and their action times to mini-
mize the operation cost of the distribution network. In [13],
a dynamic reconfiguration method was constructed based on
a minimum return threshold, combined with two adjacent
periods when the difference in the evaluation function is
less than the minimum return value. In [14], a state-based
sequential network reconfiguration strategy was proposed by
using a Markov decision process model, and an approximate
dynamic programming approach was used to overcome the
curse of dimensionality caused by the enormous numbers
of states and actions. However, the above study have the
following three deficiencies: (1) The method used to divide
the reconfiguration periods in accordance with load fluctua-
tions cannot guarantee the OR scheme throughout the whole
reconfiguration cycle. (2) The segmentation method based
on time periods suffers from subjectivity. (3) The recon-
figuration model of the distribution system considers only
the fluctuations in the DG outputs and does not consider
EVs. In particular, it is necessary to achieve dynamic recon-
figuration based on the power loss rate (PLR), which is a
comprehensive index used to evaluate the economic operation
and technical management of a power grid.

Furthermore, dynamic reconfiguration is a high-
dimensional nonlinear combinatorial optimization problem
involving a complex space-time distribution. Accordingly,
the studied solution methods include mathematical opti-
mization methods [15], [16], optimal flow mode methods,
switch exchange algorithms and artificial intelligence algo-
rithms from the perspective of optimization as well as both
single-objective optimization methods and multiobjective
optimization methods. In [17], a reconfiguration model for a
distribution system was established based on optimal power
flow, and a solution method was proposed based on a decou-
pling technique. In [4], a heuristic distribution system recon-
figuration method was proposed to minimize the network
loss. Among intelligent algorithms, the firefly algorithm has
been used to solve the optimization problem for distribu-
tion network reconfiguration considering the objective of
power loss minimization [18], [19]. In [20]–[23], the tabu
search algorithm, an evolutionary programming algorithm,

an improved cuckoo search algorithm, and an improved
genetic algorithm were proposed to overcome the problems
of slow evolution and difficulty of stably converging based
on various objectives, such as a minimum loss, minimum
load equalization and switching mitigation for distribution
network operation. In 2014, a non-dominated sorting particle
swarm optimization (PSO) algorithm was proposed to find
the best solution for distribution network reconfiguration,
considering solar and wind generation as well as three
objective functions of a maximum power loss, a maximum
voltage deviation and a maximum number of switching oper-
ations [24]. Furthermore, a multiperiod distribution network
reconfiguration model has been established considering a
comprehensive objective function involving the network loss,
operating cost and power loss, which was solved by using
a hybrid algorithm combining PSO and the grey wolf opti-
mizer [25]. In [26]–[28], to solve the optimization problem
for the normal operation of a distribution network for all
objective functions simultaneously, a non-dominated sorting
genetic algorithm was improved based on fuzzy theory and
a mathematical simplification process. In [29]–[31], a hybrid
evolutionary algorithm for obtaining the best combination of
on/off statuses of the switches was introduced for a distri-
bution network considering DG from various aspects, such
as time-varying electricity prices and different load levels as
well as demand response services with objective functions
of operation cost and power loss. Based on the above anal-
ysis, we find the following two deficiencies: (1) Artificial
intelligence algorithms still face the problems of falling
into local optima and poor convergence. (2) Multiobjective
problems for distribution network reconfiguration suffer from
subjectivity.

Therefore, in this study, a multiobjective dynamic
reconfiguration model is proposed based on the PLR con-
sidering the variations in DG outputs and EV charging/
discharging, offering a more suitable strategy for managing
the practical operation of a modern distribution network
system. The reconfiguration model allows the network to
be reconfigured under two kinds of operating modes: OR
(OR means that the topology changes only one time dur-
ing reconfiguration hours) can be performed in the normal
operating mode, or real-time reconfiguration (RTR, that is,
topology will changes every hour during reconfiguration
hours) can be performed to achieve fast response of the
network topology under obvious fluctuations in the equiv-
alent loads or DG outputs. In addition, to more efficiently
find a satisfactory solution for the reconfiguration of the
distribution network, the Lévy flight and chaos disturbed
beetle antennae search (LDBAS) algorithm is proposed based
on the use of the grey target decision-making technique
to solve the problem of multiple conflicting objectives.
In simple terms, the major contributions of this study are as
follows:

1) A dynamic reconfiguration model considering DG and
EVs is proposed that can ensure the security and
reliability of a power distribution system.
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2) To improve the computational efficiency and find the
globally optimal solution, the Lévy flight and chaos
disturbed mechanism are introduced into the optimiza-
tion process of the original BAS algorithm for solv-
ing the proposed reconfiguration model with multiple
objective functions.

3) A grey target decision-making method is used to
rank the beetles corresponding to multiple conflicting
objectives in order to better meet the actual needs of
personnel.

4) Considering the uncertainties of the loads and
DG outputs, the influence on the load curve of EVs
connecting to the distribution network at different pen-
etration rates and under different charging/discharging
modes is analysed.

This study is described in the following sections. Section II
discusses the patterns of the loads and DG outputs. Section III
describes the mathematical problem of distribution network
reconfiguration. Section IV introduces the modified LDBAS
method and its application to the proposed reconfiguration
model. Section V describes the numerical simulation for the
proposed algorithm. Section VI reports simulation results
based on the modified IEEE 33- and 118-bus test systems.
Finally, section 6 presents the conclusions of this study.

II. LOAD AND DG PATTERNS
For the reconfiguration of a distribution network, the
parameters with uncertain characteristics mainly include the
charging/discharging loads of the EV groups, the DG outputs
and the load capacity. It is also necessary to analyse the
time variation of the comprehensive load, which will affect
the power quality and operation economy of the distribution
network.

A. WIND TURBINE OUTPUT
The average wind speed v of a wind farm in a certain period
can be described by the Weibull distribution. When v is
between the cut-in wind speed vci and the rated wind speed
vr , the active power Pw of the wind turbine output has an
approximately linear relationship with V , as shown in the
following formula:

Pw(v) =


0 v < vci

Prate
v− vci
vr − vci

vci ≤ v < vr

Prate vr ≤ v < vco

(1)

where Prate represents the rated power of the wind turbines,
vci represents the cut-in speed, and vco represents the cut-out
speed.

B. PHOTOVOLTAIC OUTPUT
A photovoltaic power generation system consists of photo-
voltaic panel units. Its output can be expressed as

Psolar = r
M∑
m=1

Amηm = rAη (2)

where r represents the solar radiation, M represents the
number of photovoltaic panel units, and Am and ηm are the
area of the mth photovoltaic panel unit and photoelectrical
transformation efficiency, respectively.

C. LOAD PATTERN
Power users are generally classified as residential, industrial
and commercial users. Then, the daily load curve PLi for
node ‘i′ can be expressed as

PLi =
∑
s∈S

PNiθsiδs (3)

where S = {s|1, 2, 3} represents the set of power user types
(residential, industrial and commercial), PNi represents the
rated power of node i, θsi represents the proportion of load
type s at node i, and δs represents the daily demand curve for
load type s.

D. EVs
EVs’ patterns of access to the power grid can be divided
into two types: distributed and centralized. Among them,
centralized access patterns for EVs can greatly improve the
charge-discharge power rate [32], which has a great impact
on the system power flow. Therefore, this paper considers a
centralized pattern for EV access to the distribution system.

In the literature, research has shown that EVs are typically
in a stopped state for more than 90% of the time [33], pro-
viding convenient opportunities for the flexible scheduling
of power charging and discharging for EVs. The batteries
of EVs are usually discharged during peak load times and
charged during off-peak load times in the system to reduce
the peak-valley difference. This article considers two kinds of
charging/discharging strategies under different levels of EV
penetration, where EV penetration is defined as the percent-
age of the system’s rated capacity that is accounted for by the
capacity of the EV access system.

1) Random charging pattern. Charging stations do not
provide power service to the system but only charge batteries
in accordance with their own needs.

2) Smart charging/discharging pattern. Each charging sta-
tion adjusts its charging and discharging power in accordance
with load demands and DG outputs to better suppress the
peak-valley load difference for the distribution system. In this
paper, it is assumed that the charging/discharging power rate
in time period t obeys a normal distribution of mean µv,t and
variance σ 2

v,t .

III. MATHEMATICAL DESCRIPTION OF THE PROBLEM
A. OBJECTIVE FUNCTION
In this paper, the goal of optimization is tominimize the active
power loss, the load balancing index and the maximum node
voltage deviation of the distribution network. The number of
switching operations should also be minimized as much as
possible in the proposed reconstruction model to ensure the
economy and power quality of the system during operation.

VOLUME 8, 2020 216875



J. Wang et al.: Dynamic Reconfiguration of Multiobjective Distribution Networks Considering DG and EVs

1) POWER LOSS INDEX
Regarding the operation economy of the system, the total
active power loss during hourly reconfiguration can be cal-
culated according to the following formula:

f1 = min
TL∑
T=1

M∑
m=1

DmRm
P2m + Q

2
m

V 2
m

(4)

where Pm, Qm, Rm and Vm represent the active power,
reactive power, resistance and initial voltage, respectively,
of branch m; Dm is a binary value, where Dm = 1 and
Dm = 0 represent the closed and open states, respectively,
of the switch for branch m; M represents the total number of
branches; and TL represents the time length.

2) LOAD BALANCING INDEX
Regarding the load balancing process, the total load balanc-
ing index during hourly reconfiguration can be calculated
according to the following formula:

f2 = min
TL∑
T=1

M∑
m=1

Di

√
P2m + Q2

m

Smax
m

(5)

where Smaxm represents the maximum complex power of
branch m.

3) VOLTAGE DEVIATION INDEX
Regarding the voltage quality of the system during operation,
the total voltage deviation index during hourly reconfigura-
tion can be calculated according to the following formula:

f3=min
TL∑
T=1

max
(
V1−V1r
V1r

, · · · ,
Vi−Vir
Vir

, · · · ,
VN−VNr
VNr

)
(6)

where Vi and Vir respectively represent the virtual and rated
voltage of the node i, and N is the total number of nodes.

B. OPERATIONAL CONSTRAINTS
1) NETWORK POWER FLOW CONSTRAINT
Pi + PDGi − PLi = Vi

N∑
j=1

Uj(Gij cos θij + Bij sin θij)

Qi + QDGi − QLi = Vi
N∑
j=1

Uj(Gij sin θij − Bij cos θij)

(7)

where PDGi represents the active power of the DG connected
to the ith node.

2) NODE VOLTAGE CONSTRAINT

Vmin
i ≤ Vi ≤ Vmax

i (8)

where Vmin
i and Vmax

i represent the given upper and lower
voltage limits at node i, respectively.

3) BRANCH CAPACITY CONSTRAINT

Sk ≤ Smax
k (9)

where Smaxi is the upper capacity limit of branch k .

4) NETWORK TOPOLOGY CONSTRAINT
The distribution network maintains a radial structure, and
there are no closed loops or isolated islands after its recon-
figuration.

The PLR is a comprehensive index used to evaluate the
operation economy and technical management of a power
grid. The formula is expressed as

λPLR = Pl
/
(Pl + Ptotal) (10)

where Pl represents the total active power loss and Ptotal
represents the total load.

IV. DISTRIBUTION NETWORK RECONFIGURATION BASED
ON THE LDBAS ALGORITHM
A. THE BEETLE ANTENNAE SEARCH (BAS) ALGORITHM
The BAS algorithm is a biologically inspired intelligent opti-
mization algorithm that has a fast computing speed and a fast
convergence rate for individual searches [34]. Each beetle
flies through the problem space and is regarded as a potential
solution to the problem. The position of a beetle is related to
the intensity of the food odours it receives on its two antennae.
The coordinate positions of the left and right antennae of the
beetle are defined as

x tl = x t + d0 · Ed

x tr = x t − d0 · Ed (11)

where x tl and x
t
r represent the coordinate positions of the left

and right antennae, respectively, in iteration number t; x t is
the position of the beetle in iteration number t; and d0 rep-
resents the sensing diameter of the antennae. Ed represents a
random vector.

Ed =
rands(n, 1)
|rands(n, 1)|

(12)

where rands(n, 1) denotes the random number function and n
denotes the number of spatial dimensions.

The intensity of the food odour is simulated in accordance
with the fitness functions f (x tl ) and f (x

t
r ), and the next posi-

tion of the beetle is updated as follows:

x t+1 = x t − δt · Ed · sign(f (x tl )− f (x
t
r )) (13)

where

δt = λ · δt−1 (14)

d0 = δt
/
c (15)

and δt denotes the step size; sign(·) is the sign function, λ
denotes the rate of change in the step size δ, and c is the ratio
between the step size δ and d0.
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B. LDBAS BASED ON LÉVY FLIGHT AND CHAOTIC
DISTURBANCE
The BAS algorithm has a fast computation ability for individ-
ual searches. However, it is prone to premature convergence
when solving high-dimensional multiobjective problems and
thus tends to fall into local optima. Therefore, to address
this shortcoming, the new LDBAS algorithm is proposed by
introducing the Lévy flight strategy and chaotic disturbance
in the search process.

1) LÉVY FLIGHT
Whether the BAS algorithm can find the optimal solution is
closely related to the distance d between the two antennae of
a beetle, the step length δt and the corresponding attenuation
coefficient λ. The Lévy flight strategy is a search strategy
for the BAS algorithm that represents foraging behaviour to
improve convergence. Specifically, Lévy flight [35], [36] is
a random search strategy in which the flight step follows a
Lévy distribution with a heavy-tailed shape and can usually
be obtained as follows:

Lévy ∼ u = t−β , (1 < β ≤ 3) (16)

Moreover, the random vector L(β) is calculated as

L(β) =
µ

|v|
1
β

(17)

where β = 1 + λ, λ ∈ (0, 2], and µ and ν follow normal
distributions, µ ∼ N (0,φ2) and v ∼ N (0, 1). In particular,
β = 1.5 is used in this paper.

where

φ =

0(1+ β) sin
(
πβ
2

)
β0

(
1+β
2

)
2
β−1
2


1
β

(18)

and 0(·) is the standard gamma function.
Thus Equation (9) is updated to the following formula:

x tl = x t + 0.1∗rand(1)∗L(β) ∗
∣∣x t − xbest ∣∣

x tr = x t − 0.1∗rand(1)∗L(β) ∗
∣∣x t − xbest ∣∣ (19)

2) CHAOTIC DISTURBANCE
Chaotic motion has the characteristics of randomness, ergod-
icity and regularity [37]. Chaotic disturbance is introduced
into the LDBAS algorithm to prevent it from falling into local
optima. Here, the search strategy of the BAS algorithm is
implemented in accordance with the similarity defined by
Equations (18), (19) and (20).

D(xworst , xj) =
d(xworst , xj)− dmin

dmax − dmin
,

(dmin < d(xworst , xj) < dmax (20)

where xworst represents the position of the beetle with the
worst fitness value, d(xworst , xj) represents the Euclidean dis-
tance between xj and xworst , and dmin represents the smallest
distance.

The number of beetles affected by chaotic disturbance is

C =
N∑
j=1

cj (21)

cj =

{
1, rci < D(xbest , xj)
0, rci < D(xbest , xj)

(22)

where N represents the number of individuals in the popula-
tion and rci represents a random number between 0 and 1.
The logistic map is described as follows:

XC+1j = σXCj (1− X
C
j ), C > 0.2N (23)

where σ represents the control parameter, σ = 4.
The position of each beetle is updated using the following

formula:

xtemx = xmin
j + XC+1j (xmax

j − xmin
j ) (24)

xC+1j = r1j∗xCj + (1− r1j)xbest + δ(xtemx − xCj )
∗sign(r2j − 0.5)∗(−log(r1j)) (25)

where r1j and r2j represent random numbers between 0 and 1.

3) TARGET DECISION-MAKING METHOD
Grey target decision theory is generally used to sort, grade
and select evaluation schemes [38]–[40]. Here, the grey tar-
get decision-making method is implemented to determine
the most satisfactory topology based on multiple conflicting
indexes.
A set of possible reconfiguration schemes is defined as

si, i = 1, 2, · · · ,m, which are obtained using the LDBAS
method. We also define a distribution network reconfigura-
tion index as j ∈ n = {1, 2, 3}. Thus, sij denotes the effect
value of reconfiguration scheme si corresponding to index j,
and the sample effect matrix is S = [sij]m×3.

Then, the decision matrix R = [rij]n×m can be described as

rij =
min
1≤i≤m

sij

sij
(26)

Equation (24) is a cost index because the indexes used to
measure the performance of the distribution network are all
cost objective functions in this study.

χ
(
ri0, rij

)
=

min
1≤i≤m

min
1≤j≤3

1i(0, j)+ρ max
1≤i≤m

max
1≤j≤3

1i(0, j)

1i(0, j)+ ρ max
1≤i≤m

max
1≤j≤3

1i(0, j)

(27)

χ (r(0), r(j))=
1
m

m∑
i=1

χ
(
ri0, rij

)
(28)

wj=
χ (r(0), r(j))
3∑

r=1
χ (r(0), r(j))

(29)

where χ (ri0, rij) represents the contribution coefficient of
index j to the reconfiguration solution si,1i (0, j) = |ri0−rij|,
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ρ = 0.5, χ (r0, rj) represents the contribution of index j, and
wj represents the weight of index j.

In addition, we define the ideal solution s0 (namely,
the target centre) corresponding to the decision vec-
tor r0= {r01 , r

0
2 , r

0
3 , where r0j = max

{
rij | 1 ≤ i ≤ m

}
,

j = 1, 2, 3.
With this definition of grey target decision-making, the dis-

tance from a solution si to the ideal solution s0 is denoted by
DDi; in other words, DDi is the target centre distance. The
smaller DDi is, the more satisfactory solution si is.

DDi =
∣∣∣ri − r0∣∣∣ =

√√√√√ 3∑
j=1

ωj(rij − r0j )
2 (30)

C. LDBAS ALGORITHM
In this study, the LDBAS algorithm is proposed to obtain the
most satisfactory solution for the reconfiguration of the dis-
tribution network. For a reconfiguration model with multiple
objective functions, a grey target decision-making method
is introduced to sort the beetles. First, initial models of
‘pbest’ are randomly generated in the search space, and the
generated beetle individuals are ranked via the grey target
decision-making method. To improve the diversity of the bee-
tle population, (1) the beetles are selected based on the sim-
ilarity obtained using chaotic sequences, and (2) the search
behaviour of the other beetles is updated using the Lévy
flight strategy. Finally, the fitness values of the updated beetle
individuals are calculated and ranked again. Table 1 presents
the general procedure of the LDBAS method.

TABLE 1. LDBAS algorithm flow.

D. APPLICATION OF THE LDBAS ALGORITHM TO THE
RECONFIGURATION PROBLEM
1) CODING PATTERN BASED ON A BASIC LOOP
In this study, a method of encoding particles with decimal
integers based on a loop topology is adopted, and the num-
ber of contact switches is taken as the particle dimension.
A switch is selected in each loop to be opened to form a new
topological solution, as shown in the following formula:

x = [xe1, xe2, · · · , xei, · · · , xel] (31)

where xei represents the number of open switches in loop i.
The modified IEEE 33-node distribution system in Fig. 1 is

taken as an example; it contains 33 nodes, 32 branches,
and 5 tie switches. The loop matrix M forms the simplified
topology of Fig. 1 and is expressed as shown in (30).

FIGURE 1. Modified IEEE 33-node distribution system.

The proposed reconfiguration method defines processes
for network reconfiguration under two kinds of operating
modes: OR can be performed by calculating the predicted
loads and the DG power levels for the next day, and RTR
can be performed for a 1-hour interval calculated via power
forecasting over a 1-hour time horizon. The PLR for the
1-hour reconfiguration is compared with that for the OR solu-
tion. The optimal solutions for reconfiguration in both opera-
tion modes can be found by using the proposed algorithm.
The flowchart of the proposed algorithm is shown
in Fig. 2.

2) SOLUTION PROCESS FOR THE DYNAMIC
RECONSTRUCTION OF A DISTRIBUTION NETWORK
From the mathematical model for the dynamic reconstruction
of the distribution network, it can be seen that two main
difficulties arise when solving the optimization problem for
dynamic reconstruction. (1) The optimization for a single
period (a certain time segment) exhibits spatial complexity.
(2) The optimization for the whole time duration exhibits
temporal complexity.

To address the above problem, this paper proposes a
dynamic reconfiguration method based on the PLR that can
be divided into three steps. First, a day is divided into 24 peri-
ods with a time interval of 1t = 1 h; the topological
solution for the OR mode for the whole day and the RTR
solutions for all 24 periods are obtained via the LDBAS
method, and the PLRs for the two reconfiguration modes
are calculated according to formula (10). Second, the PLR
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FIGURE 2. Flow chart of distribution network reconfiguration based on the LDBAS algorithm.

reduction curve for the day is obtained via (33). Furthermore,
the PLR reduction value for each pair of adjacent time periods
is considered in turn, and if it exceeds a given threshold λg,
then the topological solution for the RTR mode in the corre-
sponding period is stored in the external solution set STK (i).
Third, the optimal topological solution for STK (i) is found
using the grey target decision-making technique. Fig. 3 shows
the flow chart of the proposed dynamic reconfiguration
model.

1λs =
∣∣λop(Tk )− λrt (Tk )∣∣ (33)

where 1λs represents the PLR reduction value between the
two reconfiguration modes in time period Tk , λop(Tk ) repre-
sents the PLR for the OR mode, and λrt (Tk ) represents the
PLR for the RTR mode.

V. NUMERICAL SIMULATION
A. PARAMETER SETTINGS
To verify the effectiveness of the proposed algorithm, seven
benchmark test functions, as shown in Table 2, are selected as
the objective function to perform simulation tests on LDBAS,
and two basic algorithms, BAS and chaotic disturbance BAS
(CDBAS), are tested to compare the performance of each
algorithm.Meanwhile, to compare the convergence speed and
accuracy and the global search ability of each algorithmmore
clearly and accurately, each algorithm is run independently
50 times. The Sphere, Rosenbrock and Step functions are
typical unimodal functions. The dimension D of each test
function is set as 5, 30 and 50, and the algorithm parameters
are set as tmax = 1000, λ = 0.95, c = 5, and δ = 1.
The test functions and their parameter settings are shown

M =


7 6 5 4 3 2 20 19 18 33 0 0 0 0 0 0 0 0 0 0 0
14 13 12 11 10 9 34 0 0 0 0 0 0 0 0 0 0 0 0 0 0
11 10 9 8 7 6 5 4 3 2 21 20 19 18 35 0 0 0 0 0 0
17 16 15 14 13 12 11 10 9 8 7 6 32 31 30 29 28 27 26 25 26
24 23 22 28 27 26 25 5 4 3 37 0 0 0 0 0 0 0 0 0 0

 (32)
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TABLE 2. Benchmark test functions.

FIGURE 3. Flowchart of the proposed dynamic reconfiguration model.

in Table A.1 of Appendix A. The software environment in
which this studywas implemented is by Intel(R) Core(TM)i5-
5200U 2.20GHz CPU 4GB RAM and Matlab2014a.

B. SIMULATION RESULT
To compare the optimization capabilities of each algorithm
more intuitively, Tables 3, 4 and 5 give the average, optimal,

and worst values and the average value and square difference
for 5D, 30D and 50D.

Fig. 4 shows the optimization process of the seven test
functions with the same parameters for each algorithm.
We find that LDBAS and CDBAS, compared with the BAS
algorithm, show absolute superiority in escaping local optima
and in terms of optimization accuracy, and the optimal solu-
tion is obtained within the first few steps of the iteration.
In the comparison of these two algorithms, the optimization
result of LDBAS for the Michalewicz function is signifi-
cantly better than that of CDBAS, and the LDBAS algorithm
optimization is slightly more accurate for the other six test
functions, which also shows that the Lévy flight can better
drive the BAS algorithm to search for the optimal solution.

It can be seen from Tables 3, 4 and 5 that the optimization
results of the LDBAS algorithm for the selected test func-
tions are best compared with the CDBAS and BAS algo-
rithms in 5D. On the other hand, as the search dimensionality
increases, LDBAS can still iterate to the vicinity of the opti-
mal value, while the BAS algorithm has difficulty achieving
the optimal value and cannot adapt to the optimization of
high-dimensional functions. Thus, the modified BAS algo-
rithm can enhance the accuracy, stability and global search
ability of the original BAS algorithm.

VI. RESULTS
In this study, the modified IEEE 33-node system and the
modified IEEE 118-node system are taken as examples.
The proposed method is used to find the optimal solution
for the dynamic reconfiguration of the distribution network,
with the population size in the LDBAS algorithm set to
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TABLE 3. Performance comparison of seven functions when the search dimension is 5D.

TABLE 4. Performance comparison of seven functions when the search dimension is 30D.

300 and the maximum number of iterations set to 1000.
To observe the differences in the influence of EVs on the
load curve, active power loss and voltage of the distribu-
tion network under different EV penetration rates and the

two different charging/discharging patterns, seven different
scenarios are assumed, as follows: scenario 1, without EVs;
scenario 2, with an EV penetration rate of 0.25 under the
random charging pattern; scenario 3, with an EV penetration
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TABLE 5. Performance comparison of seven functions when the search dimension is 50D.

rate of 0.5 under the smart charging/discharging pattern;
scenario 4, with an EV penetration rate of 0.9 under the
random charging pattern; scenario 5, with an EV penetration
rate of 0.25 under the smart charging/discharging pattern;
scenario 6, with an EV penetration rate of 0.5 under the
random charging pattern; and scenario 7, with an EV pen-
etration rate of 0.8 under the smart charging/discharging
pattern. Moreover, the above seven scenarios are verified and
analysed in distribution systems with DG.

1) Random charging strategy for EVs. It is assume that
the EVs are charged at the average speed while they are
driving and at the maximum charging power immediately
after stopping. A random charging load is simulated for each
charging station using the Monte Carlo method. Fig. 5 shows
the charging load curve for 500 EVs.

2) Smart charging/discharging strategy for EVs. The mean
power injected into the distribution system in each period is
shown in Table 3, and the mean square deviation is 5% of the
mean power.

The prediction parameters and the specific parameters and
locations for DG and EV access to the distribution system
are shown in Tables 6 and 7, respectively. Fig. 6 shows the
Total equivalent loads under different charging/discharging
strategies.

A. IEEE 33-BUS SYSTEM
In normal circumstances, the initial topology of the 33-bus
system is as given in Fig. 3 [41]. The detailed system data
consist of the daily load ratio for each node in the IEEE
33-bus system, as provided in [42]. The open branches in the

original topology of the IEEE 33-bus network are 33, 34, 35,
36 and 37. Here, we set the upper and lower voltage limits to
0.9 p.u. and 1.05 p.u., respectively.

1) VALIDATION OF THE LDBAS ALGORITHM
To verify the effectiveness of the LDBAS algorithm for
solving the distribution network reconfiguration problem,
the IEEE 33-bus system is used for testing in scenario 1,
and the BAS algorithm, the chaos disturbed beetle antennae
search (CDBAS) algorithm, the PSO algorithm and a genetic
algorithm (GA) are compared in accordance with the simu-
lated OR results over 24 hours.

a: GLOBAL SEARCH ABILITY
Table 8 shows the optimal solutions obtained with the dif-
ferent algorithms. From the results for fitness value 2 in
Table 4, it is clear that the solutions found by the LDBAS and
CDBAS algorithms are both optimal, in contrast to the BAS,
PSO, and GA solutions, because the Lévy flight strategy and
chaotic disturbance effectively enhance the population diver-
sity, making it easier for these algorithms to escape from local
optima. Fitness value 1 is calculated for the optimal solution
found by each algorithm, and fitness value 2 is calculated to
sort the optimal solutions of the five algorithms by using the
grey target decision-making method again. Fitness value 1 is
different for the CDBAS and LDBAS algorithms, with values
of 0.00843 and 0.00857, respectively. This is because the
candidate individuals, the number of candidates or both are
different when the candidate solutions are sorted via the grey
target decision-making method.
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FIGURE 4. Evolutionary progress of objective function values for each algorithm.

TABLE 6. Prediction parameters for DG units and EVS in each period.

From the results for the active power loss and maximum
node voltage deviation in Table 8, it is clear that the results
of the LDBAS algorithm are slightly better than those of the
PSO algorithm, but the PSO algorithm is slightly better in
terms of the load balancing index. In other words, the pro-
posed multiobjective reconfiguration method can consider
both the economy and stability of system operation.

b: CONVERGENCE PERFORMANCE
From the results in Fig. 7, it is clear that the number of
the convergence for each algorithm is 42, 15, 8, 129 and
38 times. Compared with CDBAS, BAS, PSO and GA algo-
rithm, the result of fitness value for LDBAS algorithm is
the optimal, although it does not have the least number of
iterations.
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TABLE 7. Specific parameters and locations for DG and EV access to IEEE 33- and 118-bus system.

TABLE 8. Results of different algorithms.

TABLE 9. Results of different algorithms.

FIGURE 5. Charging load curve for 500 EVs obtained through Monte Carlo
simulation.

FIGURE 6. Total equivalent loads under different charging/discharging
strategies.

c: STABILITY
To illustrate the randomness of the intelligent algorithms,
Fig. 8 shows the optimal solution curves for the LDBAS

FIGURE 7. Comparison of the convergence behaviour of different
algorithms.

FIGURE 8. The optimal solutions found by different algorithms in
30 independent runs.

algorithm, the CDBAS algorithm, the BAS algorithm,
the PSO algorithm and the GA in 30 independent runs.
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FIGURE 9. Voltage profiles of the 33-bus network with DG over 24 hours under different levels of EV penetration.

FIGURE 10. Power loss profiles of the 33-bus network with DG over 24 hours under different levels of EV penetration.

From the results in Table 9, it is clear that the average value
of the objective function, the number of optimal solutions,
the average convergence times and the average time of the
LDBAS algorithm are better than those of the other four algo-
rithms; in particular, its search efficiency is 100% according
to the number of optimal solutions, much higher than the
search efficiency of the other algorithms. In addition, from
the results of Fig. 8, it is clear that the LDBAS algorithm
shows better stability than the PSO algorithm and the GA,
with negligible fluctuations.

2) INFLUNCE OF DIFFERENT EV PENETRATION FOR A
DISTRIBUTION SYSTEM WITH DG
At different levels of penetration, EVs will affect the
operation of the distribution system to different degrees.

To investigate this influence, seven pre-set scenarios are
simulated in the original system. Fig. 9 shows the voltage
profiles of the 33-bus network with DG over 24 hours under
different levels of EV penetration. In terms of the overall
voltage profiles, we can clearly see that the voltage of the
distribution network with EVs under the random charging
pattern is decreased compared to scenario 1 without EVs,
and the voltage drop becomes more severe as the penetration
of EVs increases. However, compared with scenarios 1, 2, 3
and 4, the voltage of the network is improved under the smart
EV charging/discharging pattern, as in scenarios 5, 6 and 7.
From a local perspective on the voltage profile, the minimum
voltage magnitudes in scenarios 1-7 are 0.9322 p.u. for node
20 at 18:00, 0.9307 p.u. for node 20 at 18:00, 0.9287 p.u. for
node 20 at 18:00, 0.9267 p.u. for node 20 at 18:00, 0.9369 p.u.
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FIGURE 11. Switch states over 24 hours as determined with the proposed
reconfiguration model under the smart charging/discharging pattern.

for node 20 at 18:00, 0.9422 p.u. for node 21 at 18:00, and
0.9471 p.u. for node 19 at 18:00, respectively. As the EV
penetration rate increases, the minimum voltage value in the
network rises significantly.

Fig. 10 shows the power loss profiles of the 33-bus
network with DG over 24 hours under different levels
of EV penetration. Regarding the overall power loss
profile, the total active power losses in scenarios 1-7
are 1077.6122 kWh, 1114.1086 kWh, 1162.5720 kWh,
1214.8684 kWh, 1030.1023 kWh, 1045.6433 kWh, and
1143.4600 kWh, respectively. In other words, compared with
the total active power losses of the network without EVs
and with the smart EV charging/discharging pattern, the total
active power losses under the random charging pattern, as in
scenarios 1, 2, 3 and 4, are increased. On the other hand,
the total power loss of the system in scenario 7 is increased
by 6.11% compared to that in scenario 1. Thus, EV access
to the 33-bus distribution network will initially reduce the
network loss under the smart charging/discharging pattern,

FIGURE 12. Results of the proposed reconfiguration method for the
33-bus network over 24 hours.

but when the EV penetration reaches a certain upper limit,
it will increase the total power loss of the system.
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TABLE 10. Actual operation mode with the proposed reconfiguration method for the 33-bus system under the smart charging/discharging.

TABLE 11. Results of different algorithms.

TABLE 12. Results of different algorithms.

3) EFFICIENCY VERIFICATION OF THE PROPOSED
RECONFIGURATION MODEL
Now, based on the above simulation analysis, we choose the
IEEE 33-bus distribution system with EV access under the
smart charging/discharging pattern to verify the effective-
ness of the proposed reconfiguration model. Table 10 and
Fig. 11 show the actual operationmodes and topological solu-
tions under the proposed reconfigurationmodel over 24 hours
with different levels of EV penetration. Here, we set a

threshold of λg = 0.003. The open branches of the distribu-
tion network as determined by the LDBAS algorithm in the
OR mode with EV penetration rates of 0.25, 0.5 and 0.9 are
[33, 12, 11, 36, 28], [7, 9, 8, 36, 26] and [33, 10, 21, 32, 28],
respectively. As seen from the results in Fig. 10, the topology
of the network is changed 3, 2 and 4 times, respectively, with
the proposed reconfiguration method.

Similarly, Fig. 12 shows the results for the total active
power loss, the total load balancing index, the total voltage
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FIGURE 13. The optimal solutions found by different algorithms in
30 independent runs.

deviation index and the minimum voltage value. It is clearly
seen that the minimum voltage values in the distribution
network over 24 hours with EV penetration rates of 0.25,
0.5 and 0.9 that are achieved with the proposed reconfigura-
tion method are more stable than those in the other reconfigu-
rationmodes.Moreover, the minimum voltage value obtained
with the proposed reconfiguration method is the highest with
an EV penetration rate of 0.5 during the peak load period
between 8:00 and 22:00.

From the results for the total active power loss, the total
load balancing index, and the total voltage deviation index
in Fig. 11, we can find that the proposed reconfiguration
method can improve power quality and reduce power loss.
In particular, with an EV penetration rate of 0.9, the total
active power losses in the original system, under the proposed
reconfiguration method, in the OR mode and in the RTR
mode are 1143.4600 kWh, 807.2915 kWh, 905.5837 kWh
and 709.7367 kWh, respectively. Under the proposed
reconfiguration method, the total power loss is reduced by
11.93% compared to that in the original system, indicating

that the proposed method can improve the influence of EV
penetration in the distribution network. In the RTR mode,
although the total power loss is decreased by 97.5548 kWh,
the number of switching operations is also greater than that
under the proposed reconfiguration method. Thus, consider-
ing the overall operation economy in terms of network loss
and switching operations, the proposed reconstruction model
is superior to the RTR mode.

B. 118-BUS TEST SYSTEM
The IEEE 118-bus system consists of 118 buses and 15 tie
branches [19] and operates at 11 kV. The open branches in
the initial network are 119, 120, 121, 122, 123, 124, 125,
126, 127, 128, 129, 130, 131, 132 and 133. Table 6 shows
the specific parameters and locations for DG and EV access.
Additionally, the network parameters are given [19]. First,
the IEEE 118-node system is used to simulate several pre-set
scenarios to analyse the effects of different levels of EV pen-
etration on the network. The proposed reconfiguration model
is then validated on the modified IEEE 118-bus system with
EV penetration rates of 0.25 and 0.5 by using the proposed
LDBAS algorithm to solve the model.

1) VALIDATION OF THE LDBAS ALGORITHM
To verify the further effectiveness of the LDBAS algorithm
for solving the distribution network reconfiguration problem,
the IEEE 118-bus system is used for testing in scenario 1,
and the BAS algorithm, the chaos disturbed beetle antennae
search (CDBAS) algorithm, the PSO algorithm and a genetic
algorithm (GA) are compared in accordance with the simu-
lated OR results over 24 hours.

Table 11 shows the optimal solutions obtained with the
different algorithms. Compared with the CDBAS, BAS, PSO,
and GA solutions, it is clear that the solutions found by

FIGURE 14. Voltage profiles of the 118-bus network with DG over 24 hours under different levels of EV penetration.
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FIGURE 15. Power loss profiles of the 118-bus network with DG over 24 hours under different levels of EV penetration.

the LDBAS are best both in terms of the results for fitness
value and in terms of the results for active power loss, load
balancing and maximum node voltage deviation in Table 11,
which further verifies the effectiveness and scalability of the
proposed algorithm.

To illustrate the randomness of the intelligent algorithms,
Fig. 13 shows the optimal solution curves for the LDBAS
algorithm, the CDBAS algorithm, the BAS algorithm,
the PSO algorithm and the GA in 30 independent
runs.

Compared with the 33-bus distribution system in Table 9,
the calculation time of the proposed algorithm for solving
the optimization problem of the 118-bus distribution system
reconfiguration is slightly increased in Table 12. Further,
from the results in Table 12, it is clear that the average value
of the objective function, the number of optimal solutions,
the average convergence times and the average time of the
LDBAS algorithm are better than those of the other four
algorithms. Especially, the running numbers of the optimal
solution are obtained with LDBAS algorithm is 30 times.
In contrast, the running numbers of other algorithms is 27, 12,
6 and 6 times, respectively. In a word, the search efficiency of
the proposed algorithm applied to the reconstruction problem
of 33-bus distribution system is the same as that applied to
118-bus distribution system, which shows the stability of the
proposed algorithm can be guaranteed with the complexity of
the system.

2) INFLUENCE OF DIFFERENT LEVELS OF EV PENETRATION
FOR A DISTRIBUTION SYSTEM WITH DG
Fig. 14 shows the voltage profiles of the 118-bus network
with DG over 24 hours under different levels of EV penetra-
tion. In terms of the overall voltage profile, we can clearly

see that the voltage of the distribution network with EVs
under the random charging pattern is decreased compared
to scenario 1 without EVs, and the voltage continues to
drop as the penetration of EVs increases. However, compared
with scenarios 1, 2, 3 and 4, the voltage of the network is
improved under the smart EV charging/discharging pattern,
as in scenarios 5, 6 and 7. From a local perspective on the
voltage profile, theminimum voltagemagnitudes in scenarios
1-7 are 0.8850 p.u. for node 77 at 16:00, 0.8814 p.u. for node
77 at 16:00, 0.8780 p.u. for node 77 at 16:00, 0.8735 p.u.
for node 77 at 16:00, 0.8993 p.u. for node 77 at 22:00,
0.8993 p.u. for node 77 at 22:00, and 0.8967 p.u. for node
77 at 4:00, respectively. As the EV penetration rate increases,
the minimum voltage value in the network first increases and
then slightly decreases.

Fig. 15 shows the power loss profiles of the 118-bus
network with DG over 24 hours under different levels
of EV penetration. Regarding the overall power loss pro-
file, the total active power losses in scenarios 1-7 are
12485.9022 kWh, 12865.1387 kWh, 13275.5074 kWh,
13813.6237 kWh, 12243.2257 kWh, 12792.8637 kWh, and
14065.8189 kWh, respectively. In other words, compared
with the total active power losses of the network without EVs
and with the smart EV charging/discharging pattern, the total
active power losses under the random charging pattern, as in
scenarios 1, 2, 3 and 4, are increased and continue to increase
with increasing EV penetration. Moreover, the total power
losses for the 118-bus distribution network with EV penetra-
tion rates of 0.25 and 0.5 are obviously reduced compared to
those without EVs and with EVs under the random charging
pattern. However, the total power loss of the system with an
EV penetration rate of 0.8 is the highest among the seven
scenarios.

VOLUME 8, 2020 216889



J. Wang et al.: Dynamic Reconfiguration of Multiobjective Distribution Networks Considering DG and EVs

TABLE 13. Actual operation mode with the proposed reconfiguration method for the 118-bus system under the smart charging/discharging pattern.

3) EFFICIENCY VERIFICATION OF THE PROPOSED
RECONFIGURATION MODEL
To verify the effectiveness and scalability of the proposed
reconfiguration model, the IEEE 118-bus distribution system
is selected with EV penetration rates of 0.25 and 0.5 under
the smart charging/discharging pattern. Table 13 and
Fig. 16 show the actual operation modes and topological
solutions under the proposed reconfiguration model over
24 hours with different levels of EV penetration. Here, we set
a threshold λg = 0.006. The open branches of the distribution
network as determined by the LDBAS algorithm in the OR
mode with EV penetration rates of 0.25 and 0.5 are [43, 26,
21, 53, 47, 58, 39, 95 70, 74, 98, 82, 85, 109, 33] and [42, 26,
20, 52, 47, 58, 39, 95, 72, 74, 76, 81, 85, 109, 33], respec-
tively. As seen from the results in Fig. 16, the topology of the
network with EV penetration rates of 0.25 and 0.5 is changed
2 and 4 times, respectively, with the proposed reconfiguration
method.

Fig. 17 shows the results for the minimum voltage value
in the 118-bus network over 24 hours. It is clearly seen that
the minimum voltage values in the distribution network over
24 hours with EV penetration rates of 0.25 and 0.5 are sig-
nificantly improved by the proposed reconfiguration method
compared with the minimum voltage value in the original
system. Although the minimum voltage values obtained with
the proposed method are not as good as those obtained with
the RTR method, they are more stable over 24 hours.

Fig. 17 also shows the results for the total active power
loss, the total load balancing index and the total voltage
deviation index. The total active power losses in the 118-bus
network with the proposed reconfiguration method and in
the RTR mode are decreased by 76.1501% and 82.1861%,

FIGURE 16. Switch states over 24 hours as determined with the proposed
reconfiguration model under the smart charging/discharging pattern.

respectively, for an EV penetration rate of 0.25 and by
58.3731% and 63.3121%, respectively, for an EV penetration
rate of 0.5. Thus, considering the large number of topological
updates and the slight percentage reduction in the total power
loss in the RTR mode, the proposed reconstruction method is
more effective for optimizing the reconfiguration of the dis-
tribution network in terms of economy. In addition, compared
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FIGURE 17. Results of the proposed reconfiguration method for the
118-bus network over 24 hours.

with the other reconfiguration modes, the total load balancing
index and the total voltage deviation index achieved with the
proposed reconfiguration method are more stable and closer
to the centre of the circle, indicating that the proposedmethod
can improve the power quality.

VII. CONCLUSION
A dynamic reconfiguration method based on the power loss
rate (PLR) is presented considering variations in load and
distributed generation (DG) outputs and different levels of
electric vehicle (EV) penetration. The objective functions of
the reconfiguration model include the power loss, the load
balancing index and the node voltage deviation index to
ensure operation economy and improve the power quality
in the system. Additionally, an improved Lévy flight and
chaos disturbed beetle antennae search (LDBAS) algorithm,
which offers increased calculation speed, is applied to the
model to find the optimal reconfiguration (OR) solution for
the distribution network.

Furthermore, the effectiveness of the proposed LDBAS
algorithm and the superiority of the proposed dynamic recon-
struction model are validated on the modified IEEE 33 and
118-bus systems. First, compared with other algorithms,
the LDBAS algorithm is superior in terms of its global search
ability, calculation speed and robustness for finding the OR
solution for the distribution network; accordingly, it can also
be considered for solving optimization problems for schedul-
ing strategies considering the dynamic reconfiguration of the
distribution network. Second, the proposed reconfiguration
method can improve the economic performance and power
quality of the system during operation more effectively than
the RTR mode can. Moreover, compared with the origi-
nal systems with an EV penetration rate of 0.9 under the
smart charging/discharging pattern, the total power losses
in the IEEE 33 and IEEE 118-bus systems are significantly
reduced by the proposed reconfiguration method. Therefore,
the presented dynamic reconstruction method can enhance
the effects of EVs and thus encourage EV penetration in
distribution systems
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