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ABSTRACT Simultaneous deployment of the electric vehicle charging stations (EVCSs) and distributed
photovoltaic stations (DPVSs) in the distribution systems is an effective way to reduce greenhouse gas
emissions, promote renewable power adoption, and achieve sustainable development in energy utilization.
In this context, how to deploy the EVCSs and DPVSs in the distribution systems with a reasonable scheme is
of great importance. In this article, a joint planning model is developed to optimize locations and capacities
of the EVCSs and DPVSs simultaneously to reduce energy losses in the distribution systems. In the joint
planning model, constraints on bus voltage deviations and line currents are both formulated as chance
constraints to ensure that the distribution systems are in reasonable operating statues. To quantify these
two chance constraints, a scenario-based method is developed to calculate the probabilistic power flow of
the distribution systems during a typical planning day, in which random characters of the DPVS generations
and the EVCS charging loads are both considered. The joint planning model of the EVCSs and DPVSs
developed in this article is difficult to be solved by mathematical optimization methods. Therefore, genetic
algorithm (GA) is customized and utilized to solve the joint planning model of the EVCSs and DPVSs.
Finally, a case study based on IEEE 33-bus distribution systems validates the joint planning model and its
solving algorithm.

INDEX TERMS Electric vehicle charging station, distributed photovoltaic station, joint planning, genetic
algorithm, chance constraints.

I. INTRODUCTION
Simultaneous development of renewable power generation
and electric vehicle (EV) is an effective policy to reduce EVs’
well-to-wheels greenhouse gas emissions, promote renew-
able power adoption, and achieve sustainable development in
energy utilization, which attracts a great deal of attentions
all around the world. At present, photovoltaic (PV) power
stations are mainly integrated into the distribution systems
as a form of distributed PV station (DPVS). It is obvious
that large scale integrations of the DPVSs have dramatic
impacts on the distribution systems [1], [2]. Meanwhile, EVs
are mainly recharged from the distribution systems at the
EV charging stations (EVCSs). In this context, the EVCSs
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become emerging electric loads and consequently have
significant impacts on the distribution systems [3]–[5].

With incessant emerging of the DPVSs and EVCSs in the
distribution systems, how to deploy theDPVSs and/or EVCSs
with a suitable way becomes more and more important.
Unreasonable constructing schemes of the DPVSs and/or
EVCSs will deteriorate operating status of the distribution
systems, for example, increasing energy losses, causing
overloads of the distribution lines and transformers and
leading to oversized bus voltage deviations [3], [4], [6], [7].
In this context, optimal planning of the DPVSs and/or EVCSs
becomes a research hotspot in the area of the distribution
systems planning.

With increasing penetration level of the DPVSs in
the distribution systems, the impacts of the DPVSs on
the distribution systems become increasingly prominent.
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Therefore, optimal plan of the DPVSs in the distributions
attracts a great deal of attentions from researchers. In [1],
the locations of the DPVSs are optimized based on typical
daily production/consummation curves of the DPVSs/loads,
aiming to minimize active and reactive power losses.
Reference [8] proposes an optimization methodology to
identify proper locations and sizes of the DPVSs in the
distribution systems, which can be solved by the particle
swarm optimization technique. In [9], an optimization is
built to optimize locations and sizes of the DPVSs to be
connected to the distribution systems. Main contribution
of [9] is to adopt self-organizing hierarchical binary particle
swarm algorithm to solve the optimization, which can achieve
more excellent performance than other algorithms. In [10],
the flower pollination algorithm is utilized to determine
optimal locations and capacities of theDPVSs, with a purpose
of reducing energy losses in distribution systems. In [11],
an analytical approach is developed to determine sizes and
locations of the DPVSs in the distribution systems, in which
energy loss reductions, voltage profile improvements and
economic benefits are considered simultaneously. Refer-
ence [12] develops an integrated GIS and robust optimization
framework to determine locations and sizes, where the
DPVSs should be built so that the penetration level of the
DPVSs within a given region can be maximized.

With the popularity of EVs in traffic systems, the impacts
of the EVCS charging loads on the distribution systems
become more and more prominent because EVs are mainly
recharged at the EVCSs. In this context, how to determine
optimal locations and capacities of the EVCSs in the
distribution systems attracts more and more attentions from
scholars and engineers all over the world. [5] develops
a stepwise framework to determine optimal locations and
capacities of the EVCSs in the distribution systems, in which
operating constraints and stability of the distribution systems
are considered simultaneously. In [13], a hybrid algorithm
based on genetic algorithm (GA) and improved version of
conventional particle swarm optimization is designed to find
optimal placement of the EVCSs in the distribution systems
in Allahabad, India. The optimization objective in [13] is
to improve voltage profile and quality in the Allahabad
distribution systems. In [14], an optimization is proposed
to optimize the EVCS allocation schemes for a target of
minimizing the annualized social cost of whole EV charging
systems, which can be transformed into a type of mixed
integer second-order cone programming and be efficiently
solved by appropriate mathematical methods. The mainly
contribution of [14] is to consider multi-types of charging
facilities during the planning stage. With the consideration
of uncertain charging demands, a bi-level optimization is
developed in [15] to address the planning issues of the EVCSs
with a purpose of minimizing the investments and operations
cost of the EVCSs. The bi-level optimization can be
reformulated into a single-level mixed integer second-order
cone programming, which can be easily solved by appropriate
mathematical methods. In [16], the interactions between

the distribution companies (DISCO) and the EVCS owners
are analyzed based on Nash bargaining theory. Based on
this, a mixed integer nonlinear programming is utilized to
determine the optimal place and size of the EVCSs and
the price of energy transacted between the DISCO and the
EVCS owners so as to maximizing profits of the DISCO
and the EVCS owners. In consideration of the development
of charging demand, [17] establishes a siting and sizing
optimization for the electric taxi EVCSs that selects the
optimal constructing plan of charging stations from can-
didate construction plans for achieving the lowest social
costs.

Up to now, a lot of research has been done on the
planning of the DPVSs or EVCSs in the distribution systems.
In the distribution systems, the DPVSs and EVCSs jointly
have impacts on the operating status. Therefore, it is a
reasonable way to execute a joint planning of the DPVSs
and EVCSs in the distribution systems. However, there
are few researches in this area. In [18], an optimization
is developed to joint deploy the DPVSs and EVCSs in
the distribution systems with a cost-effective way from
the perspective of a social planner. In the optimization
developed in [18], the EV charging load is modeled as a
spatially dispatchable electric load because the EV owners
are assumed to make their charging decisions depending
on the guidance from navigation systems. A comprehensive
model is developed in [19] for jointly sitting and sizing of
the DPVSs, the EVCSs and the energy storage systems in the
distribution systems, in which, time-varying nature of the
DPVS generations and EV charging loads are considered
simultaneously. Reference [20] proposes a multidisciplinary
approach to investigate optimal sites and sizes of the DPVSs
and EVCSs on a coupled transportation and distribution
systems. Main contributions of [20] is to consider explicit
constraints on EV driving range and probabilistic constraints
on quality of charging service.

For each EV to be charged, charging power, charging
start time and initial charging state of charge (SOC) are all
stochastic. Consequently, charging loads of the EVCS have
obvious random characteristics. In addition, generations of
the DPVS also have obvious random characteristics, which
come from primary energy. These two random characteristics
should be elaborately considered in joint planning of the
DPVSs and EVCSs in the distribution systems, however, they
are not sufficiently considered in [18]–[20].

In this article, a planning model is developed to execute
joint planning of the EVCSs and DPVSs based on the power
flow analysis for the distribution systems, i.e., optimize loca-
tions and capacities of the EVCSs andDPVSs simultaneously
to reduce energy losses in the distribution systems. The
joint planning model of the EVCSs and DPVSs developed
in this article is difficult to be solved by mathematical
optimization methods, therefore, GA is utilized to solve it.
Finally, a case study based on the IEEE 33-bus distribution
systems validate the joint planning model and its solving
algorithm.
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Main contributions of this article are detailed as below:
1) Random characteristics of the EVCS changing loads

and the DPVS generations are not sufficiently considered
in existing works, such as [18]–[20]. To bridge this gap,
a scenario-based method is developed to calculate the
probabilistic power flow of the distribution systems with
considerations of random DPVS generations and EVCS
charging loads, and the constructing scheme of the DPVSs
and EVCSs is optimized based on the probabilistic power
flow calculation results.

2) To ensure that the distribution systems operate in
a reasonable operating statue, constraints on bus voltage
deviations and line currents are both formulated as chance
constraints in the planning model based on the probabilistic
power flow calculation results.

3) GA is customized and utilized to solve the joint
planning model of the EVCSs and DPVSs effectively.
More concretely, crossover and mutation operators in GA
are specially designed according to characters of the joint
planning model.

II. EVCSs’ CHARGING LOAD SIMULATION AND
PROBABILISTIC POWER FLOW CALCULATION
OF THE DISTRIBUTION SYSTEMS
The DPVSs and EVCSs both have significant impacts on
the distribution systems. So, planners should select locations
and sizes of the DPVSs and EVCSs simultaneously based
on investigating operating statues of the distribution systems.
The EVCS charging loads are stochastic because charging
power, charging start time and initial charging SOC of each
EV charged in the EVCS are all stochastic. Meanwhile, the
DPVS generations are also stochastic, which come from
primary energy. Under this condition, the distribution systems
operate in a random manner rather than a deterministic man-
ner with large-scale integrations of the DPVSs and EVCSs.
In this context, it is difficult to describe the operating statues
of the distribution systems accurately based on deterministic
power flow results. In contrast, the operating statues of the
distribution systems must be described based on probabilistic
power flow results. In this article, a scenario-based method
is utilized to calculate the probabilistic power flow of
the distribution systems during the typical planning day.
Establishing the scenario probability model of the random
variable is the basis to execute probabilistic power flow
analysis by means of the scenario-based method. This article
intends to establish two scenario probability models that
can reflect stochastic characters of the EVCS charging
loads and DPVS generations respectively by clustering daily
charging load curve set of the EVCSs and daily output
power curve set of the DPVSs by means of the K-means
clustering (KMC) [21]–[23].

A. SIMULATION OF EVCS CHARGING LOADS
Currently, it is difficult to construct the scenario probability
model of the EVCS charging loads only based on historical
data because of the lack of fieldmeasurement data. Therefore,

Monte Carlo simulation (MCS) technology is utilized to
simulate daily charging loads of the EVCSs to provide
sufficient data for constructing the scenario probability
model. Several random factors considered in theMCS include
charging start time, initial charging SOC, charging mode and
charging duration, which are detailed as follows:

1) CHARGING POWER
At present, the charging pile can provide two charging modes
for EV drivers to choose, i.e., fast charging mode and slow
charging mode. The charging mode is selected randomly by
EV drivers and the charging power of a single EV is supposed
to be constant and determined by the charging mode selected
by EV drivers. In this context, the charging power of a single
EV, denoted here by Pch is subject to a Bernoulli distribution,
which is shown as follows:{

Pr{Pch = Pcha,q} = p
Pr{Pch = Pcha,n} = 1− p 0 < p < 1

(1)

where Pr{.} represents the probability of the event expressed
in {}. Pcha,q and Pcha,n denotes the charging power of a single
EV in fast and slow charging modes respectively. p is the
probability of an event that the EV driver chooses the fast
charging mode to recharge his EV battery. In this article, p is
supposed to be jointly determined by charging start time and
initial charging SOC.

2) INITIAL CHARGING SOC
It is assumed that the EV driver will pull into the EVCSs
for charging immediately after his last trip during a day.
Under this condition, the initial charging SOC of the EV
battery is determined by EV’s daily driving mileage and can
be estimated by:

E0 = (1−
d

Lmax
)× 100% (2)

where E0 is the initial charging SOC of the EV battery. d is
a random variable representing EV’s daily driving mileage,
which is affected by traffic behaviors of the EV drivers. Lmax
is an endurance mileage of the fully charged EV. In this
article, probability distribution characteristics of the variable
d is described by a Lognormal distribution, which is shown
as follows:

fd (x) =
1

d
√
2πσd

exp[−
(ln d − ud)2

2σ 2
d

] (3)

where µd and σd are 3.09 and 0.16 respectively.

3) CHARGING START TIME
It is assumed that the EV driver will pull into the EVCSs for
charging immediately after his last trip during a day. Under
this assumption, the ending time of the last trip is just the
charging start time of the EV to be charged, denoted here
as Tsc. The probability distribution character of the charging
start time can be described by probability density function
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illustrated as (4).

fTsc (x) =



1

σsc
√
2π

exp[−
(x − µsc)2

2σ 2
sc

],

(µsc − 12) < x ≤ 24
1

σsc
√
2π

exp[−
(x + 24− µsc)2

2σ 2
sc

] ,

0 < x ≤ (µsc − 12)

(4)

where µsc and σsc are 17.6 and 3.4 respectively.

4) CHARGING DURATION
The charging duration of the EV, denoted here as Tc can be
calculated as

Tc =
(1− E0)Cb

Pchη
(5)

where Cb denotes capacity of the EV battery and η denotes
charging efficiency of the EV battery. It can be found from
(5) that the EV is supposed to be charged to fully charging
state when calculating charging duration of the EV. That is to
say, the charging/discharging limits are implicitly considered
in the model. In (5), both initial charging SOC and charging
power are random variables, so the charging duration of the
EV is also a random variable.

With considerations of random factors described above,
MCS is utilized to simulate daily charging load of an EVCS
equipped withm charging piles. In theMCS, a simulating day
is equally divided into T simulation periods and the length
of each simulation period is Tstep. The simulation steps are
detailed as follows:

Step 1: Index of simulation count, denoted here as nsim and
charging power in each simulation period, denoted here as
Pcha,t are both initialized to be zero, i.e., let nsim = 0 and
Pcha,t = 0, 1 ≤ t ≤ T .
Step 2: Let nsim = nsim+1 and start a new round of

simulation. The number of available charging piles in each
simulation period, denoted here as mpile,t is initialized to
be m, that is, let mpile,t = m, 1≤ t ≤ T . When an EV
pulls into the EVCS for charging, the EVCS cannot provide
charging service for it if there is just no vacant charging
pile at that time. In the MCS, a parameter denoted here as
mtag is designed to represent the number of failed recharging
attempts during the day resulted from no vacant charging pile
in the EVCS. The parameter mtag is initialized to be m, that
is mtag = 0.

Step 3: Randomly generate a set of EV to be charged,
denoted here as�ev. Each EV in set�ev can be characterized
by three random variables: charging start time, initial charg-
ing SOC and charging power. Three random variables are
generated as follows. Firstly, randomly generate a charging
start time of the EV that obeys the probability distribution
character illustrated in (4). Secondly, randomly generate
a daily mileage of the EV, which follows the probability
distribution character illustrated in (3), and then calculate
initial charging SOC of the EV according to (2). Thirdly,
randomly generate a random number ς that obey a uniform

distribution between [0, 1]. If ς ≤ p, EV drivers select the
fast charging mode to recharge his EV, i.e., let Pch = Pcha,q,
otherwise, let Pch = Pcha,n.

Step 4: Sort all EVs in set�ev by their charging start time.
Let mev = 0, which indexes the EV in set �ev.
Step 5: Let mev = mev+1 and calculate the charging

duration of the mth
ev EV in set�ev according to (5). And then,

calculate the first- and last- simulation periods when charging
the mth

ev EV according to (6) and (7), which are respectively
denoted as t1 and t2.

t1 =
Tsc × 60
Tstep

+ 1 (6)

t2 =
(Tsc + Tc)× 60

Tstep
+ 1 (7)

Step 6: If there are available charging pile(s) at all
simulation periods from simulation periods t1 to t2, i.e.,
mpile,t > 0 (∀t ∈ [t1, t2]), the EVCS can provide charging
service for themth

ev EV. Under this condition, update charging
power and available number of the charging piles according
to (8) and (9), and then go back to Step 5 and continue.

Pcha,t = Pcha,t +
Pch
nmax

, t1 ≤ t ≤ t2 (8)

mpile,t = mpile,t − 1, t1 ≤ t ≤ t2 (9)

If there is no vacant charging pile at one or more simulation
periods from simulation periods t1 to t2, the EVCS cannot
provide charging service for mth

ev EV. Under this condition,
update mtag as:

mtag = mtag + 1 (10)

If mtag reaches a predetermined threshold, denoted here as
mtag,m, finish present simulation and record daily charging
power curve pertaining to this simulation. Otherwise, go back
to Step 5 and continue.

Step 7: If the simulation count nsim reaches maximum
simulation count of the MCS, denoted here as nmax, stop
the simulation. In this case, a set of daily EVCS charging
loads which contain nmax daily charging power curves can be
obtained. Otherwise, go back to Step 2 and start a new round
of simulation.

In the MCS, parameter mtag,m, is relevant to the average
number of the EVs entering the EVCS for charging during
the day. Therefore, it can be determined according to
daily average number of the EVs charged in a similar
EVCS.

B. CONSTRUCTION OF THE SCENARIO PROBABILITY
MODEL FOR EVCS CHARGING LOADS
To build a scenario probability model for EVCS charging
loads, nmax daily charging load curves given by the MCS
are clustered by the KMC. If the number of clusters is set
to be nc,ev, nmax charging load curves can be divided into
nc,ev clusters according to the similarity of the charging
load curves, as illustrated in Fig.1. Each cluster center
can be seemed as a scenario in the scenario probability

VOLUME 9, 2021 6759



X. Zhang et al.: Joint Planning of DPVSs and EVCSs in the Distribution Systems Based on Chance-Constrained Programming

model for EVCS charging loads. The ratio of the number
of charging load curves in a cluster and the number of
the total charging load curves is defined as the scenario
probability.

FIGURE 1. Flowchart of clustering EVCS charging load curves by the
K-means clustering method.

C. CONSTRUCTION OF THE SCENARIO PROBABILITY
MODEL FOR DPVS GENERATIONS
At present, a large number of DPVSs are connected
to the distribution systems, most of which are equipped
with Supervisory Control and Data Acquisition (SCADA)
systems. In this context, a mass of historical output power
data of the DPVSs are available. The KMC is also utilized
to cluster historical output power data of the DPVSs to build
a scenario probability model for output power of the DPVSs,
which includes nc,pv scenarios. Here, nc,pv is a predetermined
number of clusters when clustering historical output power
data of the DPVSs.

D. PROBABILISTIC POWER FLOW CALCULATION OF
DISTRIBUTION SYSTEMS
The fluctuations of the DPVS generations and the EVCS
charging loads are assumed to be independent each other.
Under this assumption, a probability scenario model is
generated for calculating probabilistic power flow of the dis-
tribution systems during the typical day, which is composed
of nc,ev × nc,pv scenarios. The probabilistic power flow of
the distribution systems during the typical day are obtained
by gathering power flow results in all scenarios according to
the probability of each scenario.

III. JOINT PLANNING MODEL OF THE EVCSS AND DPVSS
BASED ON CHANCE-CONSTRAINED PROGRAMMING
The DPVSs and EVCSs are both new components appearing
on the distribution systems simultaneously, and have sig-
nificant impacts on the operating status of the distribution
systems. Therefore, it is necessary to execute joint planning of
the EVCSs and DPVSs, i.e., to determine optimal locations
and capacities of the EVCSs and DPVSs in the distribution
systems. The random characters of the EVCS charging
loads and DPVS generations must be elaborately considered
in the joint planning model. In this article, the random
factors described above are considered by a means of
chance-constrained programming. Chance-constrained pro-
gramming belongs to stochastic programming, and it has
been successfully applied in the field of power systems
research [24]–[27]. In the chance-constrained programming,
bus voltages and line currents can exceed the predetermined
ranges but the probabilities are less than a predetermined
level (i.e., a confidence level). Excessive voltage deviations
and line currents can easily be adjusted to reasonable ranges
in operations, if they only appear occasionally. Therefore,
Chance-constrained programming is suitable for the joint
planning of the EVCSs and DPVSs in the distribution
systems and is expected to give a reasonable planning
result.

A. OPTIMIZATION OBJECTIVE
Large scale integrations of the DPVSs and EVCSs have
significant impacts on the distribution systems, including
changing energy loss of the distribution systems. As a result,
to minimize the energy loss of the distribution system in
the typical planning day is formulated as an optimization
objective of the joint planning model of the DPVSs and
EVCSs as follows:

minFloss =
Tf∑
t=1

∑
l∈�br

E(1Ploss,l,t )
24
Tf

(11)

where Floss is an expected energy loss of the distribution
system during the typical planning day. When calculating
probabilistic power plow of the distribution systems, the typi-
cal planning day is divided equally into Tf time periods, and t
indices the time periods. l is an index of the distribution line,
�br is a set of the distribution lines, 1Ploss,l,t is a random
variable, which represents the energy loss of distribution line
l in time period t . The probabilistic distribution characteristic
of1Ploss,l,t is relevant to constructing scheme of the DPVSs
and EVCSs, which can be obtained through calculating
probabilistic power flow of the distribution systems.E(·) is an
operator for calculating expectations of the random variables
given in ().

In this article, capacities and locations of the DPVSs and
EVCSs are optimizes based on probabilistic analysis of the
distribution systems during a typical planning day. In this
context, planning results depends on which typical planning
day is selected to some extent. If planners want to obtain
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better planning results, they should extend the planning
horizon from one day to a month, even to several years [28].

B. CONSTRAINTS
1) CONSTRAINT ON NUMBER OF THE EVCSS

Nch∑
i=1

xi = Mch (12)

where Mch is a total number of the EVCSs to be constructed
in the planning area, which can be predetermined by planners
according to total number of the EVs together with municipal
planning.Nch is a total number of candidate locations selected
for constructing the EVCSs in the planning area, and i
indexes the candidate locations. xi is a binary optimization
variable of the joint planning model of the DPVSs and
EVCSs, representing whether or not an EVCS is constructed
at candidate location i. If xi equals to ‘1’, an EVCS is
constructed at candidate location i, otherwise no EVCS is
constructed at candidate location i.

2) CONSTRAINT ON NUMBER OF THE DPVSS

Npv∑
j=1

yj = Mpv (13)

where Mpv is a total number of the DPVSs to be constructed
in the planning area, depending on current situation of the
distribution systems together with municipal planning. Npv
is a total number of candidate buses that are available for
the DPVSs in the distribution systems, and j indexes the
candidate buses. yj is also a binary optimization variable
of the joint planning model of the DPVSs and EVCSs,
representing whether or not a DPVS is connected to candidate
bus j. For yj, ‘1’ means a DPVS is to candidate bus j, while
‘0’ means no EVCS is connected to candidate bus j.

3) CONSTRAINT ON TOTAL CAPACITY OF THE EVCSS

Nch∑
i=1

xizi = Cch (14)

where zi is a capacity of the EVCS constructed at candidate
location i. In this article, the EVCSs to be constructed
in the planning area are divided into Qev categories by
their capacities. In this context, zi is a discrete optimization
variable in the joint planning model of the DPVSs and
EVCSs. Cch is total capacity of the EVCSs constructed in
the planning area, which can be predetermined by multi
factors, such as total number of the EVs, total investments
of the EVCSs, construction cost of a single charging pile and
municipal planning.

4) CONSTRAINT ON TOTAL CAPACITY OF THE DPVSS

Npv∑
j=1

yjwj = Cpv (15)

where wj is a capacity of the DPVS connected to candidate
bus j. In this article, the DPVSs to be connected to the
distribution systems are divided into Qpv categories by their
capacities. In this context, wj is a discrete optimization
variable in the joint planning model of the DPVSs and
EVCSs. Cpv is total capacity of the DPVSs to be connected
to the distribution systems, which aremutually predetermined
according to total investment of the DPVSs, construction cost
of the DPVSs and municipal planning.

5) CHANCE CONSTRAINT ON BUS VOLTAGE DEVIATIONS

Pr

{
Uk − UN

UN
× 100% > α%

}
≤ β1 k ∈ �bus (16)

where k indexes the buses in the distribution systems, and
�bus is a set of the distribution buses.Uk is a voltage of bus k ,
which is a randomvariable and related to constructing scheme
of the DPVSs and EVCSs. α% is a percentage, representing
maximum allowable deviation of the bus voltage, β1 is a
predetermined confidence level.

6) CHANCE CONSTRAINT ON LINE CURRENTS

Pr
{
Il > Il,max

}
≤ β2 l ∈ �br (17)

where l indexes the lines in the distribution systems and
�br is a set of the distribution lines. Il is a random variable
indicating the current in distribution line l. The probability
characteristics of the currents in distribution lines are related
to the constructing scheme of the DPVSs and EVCSs. Il,max
is a maximum allowable current in distribution line l. β2 is a
predetermined confidence level.

The constraint on power balance in the distribution systems
is considered in calculating power flow by means of the
probability scenario model. Therefore, it is not illustrated
directly in the panning model.

IV. SOLUTION OF THE JOINT PLANNING MODEL OF
THE EVCSs AND DPVSs
The joint planning model of the EVCSs and DPVSs
mentioned above is an optimization with chance constraints,
which incorporates binary optimization variables and discrete
optimization variables. In addition, the probabilistic power
flow calculation model in the joint planning model of
the EVCSs and DPVSs is nonlinear. So, it is difficult to
solve the joint planning model of the EVCSs and DPVSs
by a mathematical optimization method. GA is a typical
evolutionary algorithm and has strong adaptability and
global optimization capabilities. It has been successfully
employed to solve many optimization problems in the field
of the power systems, such as unit commitment, reactive
power optimization, and transmission network expansion
planning [29]–[31]. The characteristics of the joint planning
model of the EVCSs and DPVSs are similar to those of unit
commitment, reactive power optimization, and transmission
network expansion planning. So, GA is also utilized to solve
the joint planning model of the EVCSs and DPVSs.
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A. CODING AND POPULATION INITIALIZATIO
In this article, an integer coding scheme is utilized to encode
a feasible solution of the joint planning model of the EVCSs
and DPVSs into a chromosome, as illustrated in Fig. 2.

FIGURE 2. Scheme of chromosome coding.

The chromosome consists of (Nch+Npv) coding points and
can be divided into two independent parts. The first part is
from the first coding point to N th

ch coding point, representing
the constructing scheme of the EVCSs. If ith coding point
of the chromosome equals to ‘0’, it means that no EVCS
is constructed at candidate location i (i = 1, 2, 3, · · · ,
Nch). In contrast, if ith coding point equals to ‘q’, an EVCS
belonging to qth category is constructed at candidate location
i, and its capacity is Cev,q (q = 1, 2, 3, · · · , Qev). Remaining
coding points in the chromosome belong to the second part,
which represents the constructing scheme of the DPVSs.
If (Nch + j)th coding point equals to ‘0’, there is no DPVS
connected to candidate bus j (j = 1, 2, 3, · · · , Npv).
In contrast, if (Nch + j)th coding point equals to ‘m’, a DPVS
belonging tomth category is connected to candidate bus j, and
its capacity is Cpv, m (m = 1, 2, 3, · · · , Qpv).
To satisfy the constraint on number of the EVCSs,

it must be ensured that only Mch coding points in the
first part of the chromosome equal to non-zero integers.
In addition, only Mpv coding points in the second part of
the chromosome are ensured to be non-zero integers for
satisfying the constraint on number of the DPVSs. To ensure
that each chromosome in initial population fulfills the above
requirements, the chromosome is generated as follows.

Step1: Let all code points of the chromosome to be ‘0’.
Step2: Select Mch coding points randomly from the first

part of the chromosome and change their values from ‘0’ to a
random integer that is equal to or less than Qev.
Step3: SelectMpv coding points randomly from the second

part of the chromosome and change their values from ‘0’ to a
random integer that is equal to or less than Qpv.

B. FITNESS CALCULATION
The kernel of GA is to evaluate each chromosome in the
population by means of fitness calculations [29]–[31]. The
calculations of chromosome fitness are detailed as follow:

Step1: Decode the chromosome to be evaluated for
determining constructing locations/buses and capacities of all
EVCSs and DPVSs. Calculate total capacities of all EVCSs
and DPVSs to be constructed, respectively denoted here as
Ct−ev and Ct−pv.
Step2: Based on the constructing scheme of the EVCSs and

DPVSs determined in Step 1, calculate probabilistic power

flow of the distribution systems during the planning day by
means of the scenario-based method.

Step 3: Deal with the constraints given by (14)-(17) by
means of penalty function method and calculate fitness of the
chromosome by (18).

Vfit=Fmax/Floss−η1×Vp1−η2×Vp2−η3×Vp3−η4×Vp4
(18)

where Vfit denotes fitness of the chromosome to be evaluated.
Fmax is a large positive number given in advance to
guarantee Vfit is always not negative. η1, η2, η3 and
η4 are predetermined penalty coefficients. Vp1, Vp2, Vp3
and Vp4 respectively quantify a violation degree of the
constraints given by (14)-(17), which can be calculated by
(19)-(22). It can be found from (18) that the better the
chromosome to be evaluated, the greater the fitness.

Vp1= |Cch − Ct−ev| (19)

Vp2=
∣∣Cpv − Ct−pv

∣∣ (20)

Vp3=
∑
k∈�bus

max
[
Pr

{
|Uk − UN|

UN
× 100% > α%

}
− β1, 0

]
(21)

Vp4=
∑
l∈�br

max
[
Pr {Il > Il,max} − β2, 0

]
(22)

C. GENETIC OPERATORS
In this article, mutation operator and crossover operator are
customized according to characters of the joint planning
model of the EVCSs and DPVSs for enhancing performance
of the GA. They are detailed as below.

1) CROSSOVER OPERATOR
To ensure that any chromosome after crossover operation
satisfies the constraints given by (12) and (13), a specialized
crossover operator is designed, as illustrated in Figure 3.

Figure 3 depicts that the customized crossover operator
consists three crossover operations, which is detailed as
follows:

Step 1: Randomly select two chromosomes to be crossed
from the population.

Step 2: Exchange the coding string after N th
ch code point

of the two chromosomes with crossover probability Pc to
complete the first crossover operation.

Step 3: Randomly generate candidate crossover position
Ncan1(1 < Ncan1 < Nch) until obtaining a feasible crossover
position Ncr1. The criteria for judging whether candidate
crossover position Ncan1 is a feasible crossover position is as
follows: from coding points Ncan1 + 1 to Nch, the numbers
of coding points with no-zero value in the two chromosomes
are consistent. Exchange the coding string from coding points
Ncr1 + 1 to Nch with crossover probability Pc to complete
the second crossover operation.

Step 4: Randomly generate candidate crossover position
Ncan2(Nch < Ncan2 < Nch + Npv) until a feasible crossover
position Ncr2 is obtained. The criteria for judging whether
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FIGURE 3. Customized crossover operator.

candidate crossover position Ncan2 is a feasible crossover
position is as follows: after coding point Ncan2, the numbers
of coding points with no-zero value in the two chromosomes
are consistent. Exchange the coding string after Ncr2 with
crossover probability Pc to complete the third crossover
operation.

2) MUTATION OPERATOR
Mutation operator might cause the chromosome to violate the
constraints given by (12) and (13). To avoid this situation,
a specialized mutation operator is designed in this article,
as illustrated in Figure 4.

FIGURE 4. Customized mutation operator.

The customized mutation operator includes two mutation
operations and is detailed as follows:

Step 1: Select a chromosome to be mutated from the
population.

Step 2: Randomly select two coding points in the first
part of the chromosome as mutation positions, entailed
respectively as Nmu1 and Nmu2(1 ≤ Nmu1 ≤ Nch, 1 ≤
Nmu2 ≤ Nch). It must be endured that one of the two mutation
coding positions equals to ‘0’, the other is a no-zero integer.

Step 3: Perform the first mutation operation at mutation
coding positions Nmu1 and Nmu2 simultaneously with muta-
tion operator probability Pm. If the value of the mutation
position equals to ‘0’, it is mutated to a random non-
zero integer not greater than Qev, otherwise, it is mutated
to ‘0’.

Step 4: Randomly select two coding points in the second
part of the chromosome as mutation positions, entailed
respectively as Nmu3 and Nmu4 (Nch ≤ Nmu3 ≤ Nch + Npv,
Nch ≤ Nmu4 ≤ Nch + Npv). It must be endured that one of
the two mutation coding positions equals to ‘0’, the other is a
no-zero integer.

Step 5: Perform the second mutation operation at mutation
coding positions Nmu3 and Nmu4 simultaneously with muta-
tion operator probability Pm. If the value of the mutation
position equals to ‘0’, it is mutated to a random non-zero
integer not greater than Qpv, otherwise, it is mutated to ‘0’.

D. FLOWCHART OF THE GA
The flowchart of the GA designed for solving the joint
planning model of the EVCSs and DPVSs is illustrated as
Figure 5. In Figure 5, when GA evolves to the maximum
evolution time, entailed here as Gmax it can be considered as
convergent [29]–[31].

FIGURE 5. Flowchart of the GA customized for solving the joint planning
model of the EVCSs and DPVSs.
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V. CASE STUDY
In this section, the effectiveness of the proposed joint
planning model and corresponding solving algorithm are
validated through a detailed case study in the IEEE 33-bus
distribution system.

FIGURE 6. Topology of the IEEE 33-bus distribution system.

A. CASE INTRODUCTION
The IEEE 33-bus distribution system consists of 33 distribu-
tion lines and 32 distribution buses, as illustrated in Figure 6.
The rated voltage of the IEEE 33-bus distribution system
is 12.66 kV. The parameters of the distribution lines and
reference loads in distribution buses can be found in [32],
which are not included here. For calculating probabilistic
power plow of the IEEE 33-bus distribution system, a typical
planning day is divided into 24 time periods, i.e., variable
Tf in (11) is set to be 24. The active power curve during
the typical planning day is shown in p.u. in Figure 7.
In addition, it is assumed that the power factor of loads in
each bus remains unchanged during the typical planning day.
Maximum allowable currents of all distribution lines in the
IEEE 33-bus distribution system are illustrated in Table 1,
which are obtained by raising 10% from currents under the
reference loads.

FIGURE 7. The active power curve during the typical planning day (p.u.).

In the case study, it’s assumed that the total numbers of
the EVCSs and DPVSs to be constructed in the IEEE 33-bus
distribution system are both 4, i.e., Mch = 4, and Mpv = 4.
In the case study, the EVCSs and DPVSs are all divided into

TABLE 1. Maximum available currents of the distribution lines.

6 categories according to their capacities, i.e., Qev = 6,
and Qpv = 6. The capacities of the EVCSs belonging to
6 categories are respectively 2 MW, 4MW, 6 MW, 8 MW,
10 MW, 12 MW and 14 MW, and the capacities of the
DPVSs belonging to 6 categories are respectively 1.6 MW,
3.2 MW, 4.8MW, 6.4 MW, 8.0 MW, and 9.6 MW. To satisfy
the charging requirements in the planning area, total capacity
of EVCSs to be constructed is set to be 20 MW, i.e., Cev =

20 MW. Total capacity of DPVSs to be constructed is set to
be 16 MW, i.e., Cpv = 16 MW. Maximum allowable voltage
deviation percentage is set to be 10%, i.e., α%=10%. Two
predetermined confidence levels with respect to bus voltage
deviations and line currents are both set to be 0.05, i.e.,
β1 = 0.05, and β2 = 0.05.
Some parameters on the GA customized for solving the

joint planning model of the EVCSs and DPVSs are as
follows: the population size is 50, the maximum evolution
time is 200, crossover probability and mutation probability
are respectively set to be 0.2 and 0.08. In (18), Fmax is set to
be 5000, penalty coefficients η1, η2, η3 and η4 are respectively
set to be 0.6, 0.02, 0.03 and 0.05.

B. SCENARIO PROBABILITY MODELS OF THE EVCS
CHARGING LOADS AND DPVS GENERATIONS
Daily charging load of a typical EVCS equipped with
50 charging piles is simulated by the MCS for providing
data to construct the scenario probability model of the EVCS
charging loads. Each charging pile installed in the typical
EVCS can operate on fast or slow charging mode depending
on choices of the EV drivers. The charging power of the two
modes is respectively 20 kW and 5 kW. Some parameters
in the MCS are as follows: the capacity of the EV battery
is 40 kW·h, i.e., Cb = 40 kW·h; the charging efficiency
is 0.95, i.e., η = 0.95; the endurance mileage of the fully
charged EV is 200 km, i.e., Lmax = 200 km; and maximum
simulation count of the MCS is 10000, i.e., nmax = 10000.
The probability of the event that the EV driver chooses fast
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charging mode is set as: if E0 > 0.7, p = 0.0, if E0 ≤ 0.7 and
Tsc ≤ 12, p = 0.2, and if E0 ≤ 0.7 and Tsc > 12, p = 0.5.
The parameter mtag,m can be determined according to the
average number of the EVs to be charged in similar EVCS,
which is set to be 50 in the case.

FIGURE 8. Scenario probability model of the EVCS charging loads (p.u.).

10000 daily EVCS charging load curves provided by the
MCS are clustered by the KMC to establish the scenario
probability model of the EVCS charging loads, as illustrated
in Figure 8. The scenario probability model of the EVCS
charging loads consists of 5 typical charging load curves,
and probabilities with respect to them are respectively 0.228,
0.195, 0.204, 0.164 and 0.209. In Figure 8, the charging
power is expressed in p.u., and the reference value is
calculated according to the charging power in fast charging
mode and the number of charging piles, that is 50 × 20 =
1000 kW.

FIGURE 9. Scenario probability model of the DPVS generations (p.u.).

Field measurement data from a DPVS in Suzhou, China
are clustered by the KMC to establish the scenario probability
model of theDPVS generations, as illustrated in Figure 9. The
scenario probability model of the DPVS generations consists
of 5 typical generation curves, and probabilities with respect
to them are respectively 0.257, 0.151, 0.203, 0.189 and 0.2.
In Fig.9, the output power of the DPVS is expressed in p.u.,
and the reference value is installed capacity of the DPVS.

C. SOLVING PERFORMANCES ON THE CUSTOMIZED GA
In this article, GA is customized and utilized to solve the joint
planning model of the EVCSs and DPVSs. More concretely,

FIGURE 10. The performance on solution of general GA and the
customized GA.

crossover and mutation operators in GA are specially
designed according to characters of the joint planning model
to be solved for improving solution performance. Solution
performance on the customized GA is illustrated as Curve B
in Figure 10, which depicts fitness of the best chromosome
in each generation. It can be found from the Curve B that
fitness of the best chromosome in each generation increases
significantly as the population evolves, especially before the
40th generation. After the 40th generation, the fitness upgra-
dation becomes slower than ever before. The customized GA
tends to convergence after 76th generation, and converges
to final solution in the 123rd generation. The program
of the customized GA runs on ThinkPad T470 personal
laptop (Intel(R) Core (TM) i5-7200U CPU@2.50 GHz +
RAM 8.00 GB) and the computational time for convergence
is 72 seconds.

For comparison, general GA is also employed to solve
the joint planning model of the EVCSs and DPVSs without
any modification for the optimization to be solved. The
program of general GA also runs on ThinkPad T470 personal
laptop (Intel(R) Core (TM) i5-7200U CPU@2.50 GHz +
RAM 8.00 GB). Under this condition, fitness of the best
chromosome in each generation is illustrated as Curve A
in Figure 10. From Curves A and B, it can be found that
the performance on solution of general GA is significantly
poorer than that of the customized GA. Firstly, the general
GA takes 93 seconds to converge to final solution in the 162nd

generation, while the customized GA only takes 72 seconds
to reach final solution in the 123rd generation. Secondly, the
general GA converges to a local optimal solution, whose
fitness is 1.592. In contrast, the customized GA can obtain
a better solution, whose fitness is 1.667. As can be seen from
the description above, the customized GA can solve the joint
planning model of the EVCSs and DPVSs effectively.

D. RESULTS AND ANALYSIS
The joint planning scheme of the EVCSs and DPVSs
given by the customized GA is illustrated in Figure 11.
Figure 11 depicts that four EVCSs with capacities of 8 MW,
4 MW, 2 MW, and 6 MW are respectively constructed at
Buses 1, 2, 3 and 4, meanwhile four DPVSs with capacities
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FIGURE 11. Joint planning scheme of the EVCSs and DPVSs.

of 6.4MW, 1.6 MW, 3.2 MW and 4.8 MW are respectively
connected to Buses 14, 18, 31 and 32. In this context,
expected energy loss of the distribution system during the
typical planning day is 2999.14 kW·h. In addition, bus voltage
deviations or line currents does not exceed the prescribed
limits during the typical day, that is to say, the IEEE
33-bus distribution system operates very well during the
typical planning day. The EVCSs andDPVSs are usually con-
structed at geographically adjacent buses, even at the same
bus to improve operating status of the distribution systems,
especially to reduce the energy lose. However, the EVCSs
and DPVSs are not constructed at geographically adjacent
buses in the case study, because temporal characteristics of
the EVCS charging loads and the DPVS generations are
significantly different each other.

FIGURE 12. Constructing scheme of the EVCSs given in the first stage.

The methodology proposed in this article executes a joint
plan of the EVCSs and DPVSs, giving the constructing
scheme of the EVCSs and DPVSs simultaneously. For
comparison, plan of the EVCSs and DPVSs is divided into
two stages that can be executed in sequence. In the first
stage, constructing scheme of the EVCSs is optimized and
illustrated in Figure 12. In this context, both locations and
capacities of the EVCSs are different with those in joint
planning scheme of the EVCSs and DPVSs. More concretely,
four EVCSs with capacities of 10 MW, 6 MW, 2 MW, and

2 MW are respectively constructed at Buses 1, 2, 19 and
23. From constructing scheme of the EVCSs illustrated
in Figure 12, constructing scheme of the DPVSs is optimized
in the second stage, which is illustrated in Figure 13. Under
this condition, both locations and capacities of the DPVSs
are also change, i.e., four DPVSs with capacities of 1.6MW,
1.6 MW, 3.2 MW and 9.6 MW respectively are connected to
Buses 14, 15, 17 and 31.

FIGURE 13. Constructing scheme of the EVCSs and DPVSs with two-stage
optimization.

When the EVCSs and DPVSs are constructed in the IEEE
33-bus distribution system as the scheme given in two-stage
optimization, expected energy loss of the distribution system
during the typical planning day increases from 2999.14 kW·h
to 3056.72 kW·h. Meanwhile, currents at Lines 16, 18 and
30 are possibly over the prescribed limits during the typical
day, but the probabilities are all less than predetermined
confidence level (i.e. be less than 0.05), which are illustrated
in Figure 14. In a word, operating statue of the IEEE
33-bus distribution system is getting worse under this
condition. From the comparisons above, it can be concluded
that the joint planning methodology developed in this article
can achieve more excellent constructing scheme of the
EVCSs and DPVSs.

FIGURE 14. Probabilities of current over limit when the EVCSs and DPVSs
are constructed as the scheme given in two-stage optimization.

In joint planning of the EVCSs and DPVSs, the confidence
levels with respect to bus voltage deviations and line currents
are predetermined by the planners. In fact, the confidence
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levels might have impacts on the joint planning scheme
of the EVCSs and DPVSs. To investigate these impacts,
we also execute joint planning of the EVCSs and DPVSs
under different confidence levels. When parameters β1 and
β2 decrease from 0.05 to 0.0, the joint planning scheme of the
EVCSs and DPVSs is illustrated in Figure 15, and expected
energy loss of the distribution system during the typical
planning day increases from 2999.14 kW·h to 3009.8 kW·h.
When parameters β1 and β2 increase from 0.05 to 0.1,
the joint planning scheme of the EVCSs and DPVSs is
illustrated in Figure 16, and expected energy loss of the
distribution system during the typical planning day decreases
from 2999.14 kW·h to 2985.96 kW·h.

FIGURE 15. Joint planning scheme of the EVCSs and DPVSs when
parameters β1 and β2 are set to be 0.0.

FIGURE 16. Joint planning scheme of the EVCSs and DPVSs when
parameters β1 and β2 are set to be 0.1.

From Figures 11, 15 and 16, it can be found that the
confidence levels have significant impacts on the joint
planning scheme of the EVCSs and DPVSs. Locations
and capacities of some EVCSs and DPVSs change as the
confidence levels change. For example, if the confidence
levels increase from 0.05 to 0.1, the DPVS originally
connected to Bus 14 is connected to Bus 15, meanwhile the
capacity decreases from 6.4 MW to 3.2 MW. In addition,
the higher the confidence levels are, the lower expected
energy loss of the distribution system during the typical
planning day is. The planners should select the confidence
levels carefully according to their risk preferences and actual
situations of the distribution systems.

VI. CONCLUSION
In this article, a chance-constrained joint planning mode is
built to jointly optimize locations and capacities of the EVCSs
and DPVSs to be constructed in the distribution systems.
The optimization objective is to reduce energy losses in
the distribution systems under a premise of ensuring that
the distribution systems operate in a reasonable way. GA is
customized and utilized to solve the joint planning model of
the EVCSs and DPVSs.

In this article, a case study based on the IEEE 33-bus
distribution system is executed to validate the joint planning
model and its solving algorithm. In future work, we will
execute more case studies, especially some case studies
on actual/larger distribution systems to improve the joint
planning model and its solving algorithm.

In addition, the planning horizon is defined as a typical
planning day in this article. In future work, we will extend
it from a day to several years and consider growths of loads
and the EVCS charging loads during the extended planning
horizon.
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