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Abstract: This paper presents a new model based on the Monte Carlo simulation method for
considering the uncertainty of electric vehicles’ charging station’s load in a day-ahead operation
optimization of a smart micro-grid. In the proposed model, some uncertain effective factors on the
electric vehicles’ charging station’s load including battery capacity, type of electric vehicles, state
of charge, charging power level and response to energy price changes are considered. In addition,
other uncertainties of operating parameters such as market price, photovoltaic generation and loads
are also considered. Therefore, various stochastic scenarios are generated and involved in a cost
minimization problem, which is formulated in the form of mixed-integer linear programming. Finally,
the proposed model is simulated on a typical micro-grid with two 60 kW micro-turbines, a 60 kW
photovoltaic unit and some loads. The results showed that by applying the proposed model for
estimation of charging station load, the total operation cost decreased.

Keywords: Monte Carlo simulation; electric vehicles charging station; smart micro-grid; uncertainty;
mixed-integer linear programming

1. Introduction

Smart micro-grids (MGs) enable intelligent devices to adjust usage based on dynamic pricing
or incentive signals. They also facilitate the integration of intermittent renewable resource and allow
storage devices like electric batteries to discharge the stored energy back to the grid when it is
economical [1–3]. There are some management strategies in order to operate the smart MGs, such
as central management method in which the grid manager is responsible for the operation of the
system [4], or the decentralized management method in which each group entity can be a decision
maker [5].

Electric vehicles (EVs) and plug-in hybrid electric vehicles (PHEVs) are more appropriate both in
terms of environmental pollution and energy costs compared to internal combustion engine vehicles [6].
One of the important advantages of the smart MG is the easier management of EVs and PHEVs due
to the availability of the appropriate telecommunication infrastructure to link with them. An EV’s
charging station as a load aggregator can be a good solution to manage EVs and PHEVs more easily in
the smart MG and to increase consumer welfare. In this case, consumers can charge their vehicles and
sell energy stored in their battery to the smart MG [7]. Therefore, unlike the typical loads, PHEVs can
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be discharged as the storage devices. Due to the random connection and various specifications of EVs
and PHEVs, there will be severe uncertainty in their load quantities [8]. In the next section, we look for
the papers in which the uncertainty of EVs loads is modeled.

1.1. Related Works

There are many papers in the field of optimal scheduling of energy systems by considering
EVs uncertain behaviors. In [9], chi-square and normal distributions are used to obtain the arrival
and detention time of 30 EVs in the MG, respectively. However, the type of all EVs is considered
homogenous. A linear robust optimization framework is proposed in [10] to take into account the
worst-case load quantities of EVs charging stations for minimizing the MG operating cost. Each
EV in the aggregation has the same battery type. The problem of distributed generation of optimal
placement in the presence of EVs is solved in [11], and the triangular fuzzy numbers are used to model
the uncertainty of plug-in electric vehicles’ (PEVs) charging demand and another type of EVs, such
as PHEVs, is not considered. In [12], the optimal operation of a virtual power plant, including EVs,
wind turbines, photovoltaic (PV) system and conventional power plants, is presented. Uncertainty
in the behavior of EVs is modeled by predicting their aggregated output power and calculating
its deviation with the normal distribution without mentioning details about EVs. In [13], a new
formulation for charging stations by considering their charging/discharging scheduling is presented
for optimal planning. The scenario approach in the initial state of charge (SoC) of PHEVs batteries
is used to consider their uncertainty. In this study the type of EVs and also the battery capacity of
EVs are unknown. In [14], the bidding problem for a plug-in electric vehicle (PEV) aggregator in the
day-ahead (DA) electricity market is investigated. The fleet is modeled as a virtual battery, clustering
the batteries of PEVs connected to the grid, and there is no discussion about their different capacities
and types. In [15], forecasting and modeling of load demand due to a large number of EVs fast
chargers is investigated using a fitted fractional autoregressive integrated moving average model.
This model is a high-quality forecasting model and includes the battery capacity and market sharing
of them. However, the type of EVs and the level 2 EVs are not considered. In [16], the target for
demand side management in a distribution grid including batteries and EVs is minimization of nodal,
operational and power loss costs. The uncertainties lie in arrival time, departure time and energy
demand of EVs, and are modeled with stochastic programming. The kernel density function is applied
to model the distribution of these stochastic variables. In [17], a bi-level optimization is proposed
for a fast charging station in order to maximize the profit of the station and EVs, simultaneously.
Indeed, the station’s operator aggregates its EVs to participate in joint energy and reserve market,
but the uncertain behaviors of EVs are not considered. In [18], the uncertainty of EVs arrival times is
considered in a supply cost minimization problem by the Lyapunov optimization technique, and the
battery capacities of them are unknown. In [19], the uncertainties in arrival times, dwell times, SoC,
walking ranges of drivers and demand of EVs are handled by stochastic programming. Although this
model includes various uncertain parameters of EVs, further parameters such as battery capacity and
type of EVs can be considered. In [20], an EVs charging station is designed aiming at increasing the
profitability of fast charging stations. The uncertainties of arrival time and the SoC are modeled using
the Monte Carlo simulation (MCS) method. The scenario-based approach is used in [21] to consider
the several types of uncertainties in the planning of charging stations including charging station type,
EVs growth rate and traffic flow. A DA optimization model is proposed in [22] to determine the
charging/discharging power of EVs, as well as the capacity of up and down regulation that the EV fleet
can provide. The start time of EVs connection, the trip duration and the energy use are modeled by
normal distributions. In [23], an algorithm based on fuzzy logic programming is proposed to consider
the uncertainties of EVs parameters such as energy used by EVs and reserve prices. The proposed
algorithm is capable of considering a large number of uncertainties without complexing the problem.
The MCS is used in [24] to determine the expected value of PEVs load by normal distribution, and
costs of underestimating or overestimating are also considered, however the technical specification of
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PEVs is unknown. The distribution grid in [25] is installed with multiple charging stations for EVs
and deals with solar energy uncertainty. Stochastic programming is used to deal with uncertainty.
Furthermore, the electrical characteristics of EVs, including charging rate and battery capacity, are
used in [26] to generate different scenarios for stochastic behaviors of EVs in a parking lot. Although
the type of EVs and their charger levels are considered, their price responsibility is not modeled.

1.2. Novelty and Contribution

According to a review of past references, a complete model that considers the uncertainty of EV
behaviors in the charging stations is not addressed. Most of the existing models have investigated the
stochastic behavior of EVs in terms of arrival times, departure times, the amount of charging energy
demand, the type of EVs and battery capacity, but there is no model to see all of these factors together.
There is also no model for considering the uncertainty of type of EVs chargers. Actually, the EVs in a
charging station do not use a specific charger type. Some use a fast charger level 3, and some use a
charger level 2. This factor is considered in the proposed model as a probabilistic parameter. Therefore,
this paper tries to propose a complete model for considering this uncertainty in the optimal energy
management of a smart MG. In this proposed model, some uncertain effective factors on the EVs
charging station load such as battery capacity, type of EVs, SoC, charging power level and response to
energy price changes (price sensitivity) are considered and simulated by the MCS method. Therefore,
the contribution of this paper is as follows:

• A model for considering the uncertainty of the EVs charging station load is presented using MCS.

The remainder of this paper is organized as follows. The system model is presented in Section 2.
Then in Section 3, the proposed model for charging station load is presented. The scenarios generation
and the model implementation are described in Sections 4 and 5 respectively. The optimization problem
and the numerical results are provided in Sections 6 and 7, respectively. Finally, Section 8 states the
concluding remarks.

2. System Model

Figure 1 shows an overview of the intended model. The considered smart MG includes the EVs
charging station, PV system as a renewable generation unit, micro-turbine (MTs) as a dispatchable
generation unit and some loads. The main goal of the manager is to obtain minimum operating cost. It
is assumed that all the system’s components, other than EVs, belong to the manager. To this end, the
necessary information, such as PV historical data, upstream energy price forecast and the possible
feathers of EVs in the charging station, is firstly collected. Then, based on the modeling of existing
components and equipment, optimal decisions are taken by the manager. These decisions include
optimal values of purchasing/selling power from the upstream grid, and the optimal dispatch of the
micro-turbines. The uncertainties in price, load and PV generation are also modeled by stochastic
scenarios. In this section, the EVs charging station load is firstly modeled by the MCS. In the next step,
the stochastic scenarios generation and reduction are expressed and finally, the implementation of
proposed optimization model is explained.
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Figure 1. Configuration of the proposed model.

3. EVs Charging Station Load Modeling

The power consumption or generation of an EVs charging station depends on several factors such
as capacity of batteries; type of vehicle’s connection to the smart MG; SoC, which depends entirely on
the vehicle’s driving patterns; and charging power level. There are two type of connection for EVs.
Some vehicles only have charging capability and are unsuitable for vehicle-to-grid (V2G). Some vehicles
have both charging and discharging capabilities and are suitable for V2G [10]. In addition, there are
two rates of chargers named level 2 chargers with a low charge rate and level 3 chargers, which are
known as fast chargers [27]. Furthermore, the shape of the charging station load profile can be affected
by the changes in the charge and discharge programs of EVs in response to the electricity price and
business hours of the charging station. In this section, all the mentioned factors are described below.

Figure 2 shows the possible states of the type and the mode of EVs in charging station. According
to this figure, the EVs (which can include all types such as PEVs and PHEV, etc.) are divided into two
types—suitable for V2G and unsuitable for V2G. Each EV’s owner can choose to charge or discharge
their vehicle based on the electricity price at the time of use. Moreover, each EV’s owner uses a suitable
charger according to its power level and the vehicle charging technology. Some EVs are not able to use
a level 3 charger due to their lack of direct current charging ports. In this paper, it is assumed that
the smart charger in the charging station, by connecting the vehicles, has the ability to receive the
information divided in Figure 2 and also some other information like SoC and battery capacity [28].
This information is sent to the manager via the telecommunication network, as shown in Figure 3.
By registering this information, a database is created in which the specifications of the vehicles used
from the charging station are available on each day of the week. Therefore, by having this information
for a long time (e.g., one year), the probability distributions can be fitted.



Appl. Sci. 2019, 9, 4872 5 of 23
Appl. Sci. 2019, 9, x FOR PEER REVIEW 5 of 23 

 

Figure 2. Classification of possible electric vehicles’ (EVs) state in the charging station. 

 

Figure 3. Communication link between EVs and manager. 

Therefore, the manager of smart MGs can use these probability distributions and estimate the 
amount of EVs charging station load before day of operation. This estimation for EVs helps the 
decision maker to operate the system in optimal points in presences of severe uncertainty of EVs 
behaviors. The considered distributions are described in Section 3.1 and the proposed algorithm 
based on MCS for modeling the EVs load is described in Section 3.2. 

3.1. Probability Distributions for Stochastic Parameters of EVs 

3.1.1. Type of EV j ( type
jm ) 

It is assumed that the type of EVs is likely to have a binomial distribution. Here for simplicity, 
the probability of being V2G or not for each EV is considered to be 0.5 [29]. The maximum number 
of EVs is assumed to be 70 vehicles per day [30]. Thus, 70 random numbers based on the mentioned 
distribution are generated to determine the type of EVs in every repeat loop of the MCS. The value 1 
for this random binary variable means that the type of EV j is suitable for V2G and 0 value for it 
means the type of EV j is unsuitable for V2G. 

Figure 2. Classification of possible electric vehicles’ (EVs) state in the charging station.

Appl. Sci. 2019, 9, x FOR PEER REVIEW 5 of 23 

 

Figure 2. Classification of possible electric vehicles’ (EVs) state in the charging station. 

 

Figure 3. Communication link between EVs and manager. 

Therefore, the manager of smart MGs can use these probability distributions and estimate the 
amount of EVs charging station load before day of operation. This estimation for EVs helps the 
decision maker to operate the system in optimal points in presences of severe uncertainty of EVs 
behaviors. The considered distributions are described in Section 3.1 and the proposed algorithm 
based on MCS for modeling the EVs load is described in Section 3.2. 

3.1. Probability Distributions for Stochastic Parameters of EVs 

3.1.1. Type of EV j ( type
jm ) 

It is assumed that the type of EVs is likely to have a binomial distribution. Here for simplicity, 
the probability of being V2G or not for each EV is considered to be 0.5 [29]. The maximum number 
of EVs is assumed to be 70 vehicles per day [30]. Thus, 70 random numbers based on the mentioned 
distribution are generated to determine the type of EVs in every repeat loop of the MCS. The value 1 
for this random binary variable means that the type of EV j is suitable for V2G and 0 value for it 
means the type of EV j is unsuitable for V2G. 

Figure 3. Communication link between EVs and manager.

Therefore, the manager of smart MGs can use these probability distributions and estimate the
amount of EVs charging station load before day of operation. This estimation for EVs helps the decision
maker to operate the system in optimal points in presences of severe uncertainty of EVs behaviors.
The considered distributions are described in Section 3.1 and the proposed algorithm based on MCS
for modeling the EVs load is described in Section 3.2.

3.1. Probability Distributions for Stochastic Parameters of EVs

3.1.1. Type of EV j (mtype
j )

It is assumed that the type of EVs is likely to have a binomial distribution. Here for simplicity, the
probability of being V2G or not for each EV is considered to be 0.5 [29]. The maximum number of
EVs is assumed to be 70 vehicles per day [30]. Thus, 70 random numbers based on the mentioned
distribution are generated to determine the type of EVs in every repeat loop of the MCS. The value 1
for this random binary variable means that the type of EV j is suitable for V2G and 0 value for it means
the type of EV j is unsuitable for V2G.
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3.1.2. Price Sensitivity of EV j (mC/D
j )

The EVs respond to the electricity market price and set their charging or discharging program
based on it. Here, the charging or discharging programs of EVs are assumed to have a binomial
distribution with the probability of failure and success shown in Table 1 [31]. It shows the probability of
responses to the price at different hours of the operating day. According to this table, the probabilities of
charging an EV at off-peak and peak times are 0.95 and 0.15, respectively. Furthermore, the probabilities
of discharging at these times are 0.5 and 0.85, respectively. Thus, the success probabilities of this
random binary variable at off-peak and peak times are equal to 0.95 and 0.15, respectively. Furthermore,
the failure probabilities at off-peak and peak times are equal to 0.05 and 0.15, respectively. Therefore,
we are faced with a binomial distribution with an unequal chance of success and failure. So we use
the roulette wheel selection method [32] to generate the binary random numbers. The value 1 for this
random binary variable means that the EV j is charging and 0 value for it means the EV j is discharging.

Table 1. Possible charging and discharging states of EVs at different times.

Time Discharging (V2G) Charging (G2V)

Off-peak 5% 95%

Peak 85% 15%

3.1.3. Type of Charger Used by EV j (m2
j )

The type of chargers used by EVs is modeled by a binomial distribution. In this case, the binary
variable has a binomial distribution with the probability of failure and success shown in Table 2.
According to this table, the probability of using level 2 and the level 3 chargers are equal to 0.6 and
0.4, respectively. Therefore, we are faced with a binomial distribution with an unequal chance of
success and failure. So, we use the roulette wheel selection method [32] to generate the binary random
numbers. The rates of level 2 and level 3 chargers are considered 5 kW and 20 kW, respectively [15].
The value 1 for this random binary variable means that the EV j uses charger level 2 and 0 value for it
means the EV j uses charger level 3.

Table 2. The probability of using the EVs from chargers.

Charger Level Probability

2 0.6

3 0.4

3.1.4. The SoC of EV j (SoC j)

The initial SoCs of EVs batteries, with regard to [19], is determined in the form of possible scenarios.
In this method, the SoCs follow a normal distribution with the mean and standard deviation shown in
Table 3. According to Figure 4, the normal probability density function (PDF) for the SoC is divided
into five scenarios, in which the probability of each scenario is shown in Table 4. Therefore, the roulette
wheel selection method is used to obtain the initial SoC of EV j.

Table 3. The parameters of normal probability density function (PDF).

Discharging Mode Charging Mode

Mean Standard Deviation Mean Standard Deviation

0.72 0.26 0.26 0.17
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Table 4. Probability of scenarios in the considered normal PDF.

Value of Each Scenario Probability of Each Scenario

µ− 2.5σ 0.025

µ− 1.5σ 0.13

µ 0.69

µ+ 1.5σ 0.13

µ+ 2.5σ 0.025

3.1.5. The Battery Capacity of EV j (Cap j)

According to [33], the batteries capacity of EVs follows a normal distribution with mean (µCbat)
and standard deviation (σCbat ) given in (1) and (2), respectively.

µCbat =
MinCbat + MaxCbat

2
(1)

σCbat =
MinCbat −MaxCbat

4
(2)

where MinCbat and MaxCbat are the minimum and the maximum capacity of available batteries.
According to Table 5, the random values for the battery capacity are generated based on normal PDF
with the above random parameters [31]. Furthermore, due to the heterogeneity of the various types of
EVs in the case of the market share, we are faced with a non-uniform distribution for generating the
random numbers according to Table 5. So, the roulette wheel selection method is used to generate the
random numbers.

Table 5. Specifications of different EVs.

Class Market Share MinCbat (kWh) MaxCbat (kWh)

Micro car 20% 10 30

Economic car 30% 30 60

Mid-size car 30% 30 60

Light truck 30% 60 100

3.2. Probabilistic Estimation of EVs Charging Station Load

One of the most commonly used numerical methods for handling the uncertainties is MCS.
This method is used when the system is highly non-linear or it has a lot of uncertain variables [34].
Although batteries have memory and it is better to use the sequential MCS, which generates sequential
samples of SoCs for numerous time intervals [35], but we have used non-sequential MCS to avoid
complicating the simulation and time-consuming convergence. Therefore, this method has been used
in the proposed model because of its many uncertain parameters. The proposed algorithm for the
estimation of EVs charging station load is as follows:
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1. g = 1.
2. Set MCS counter M = 1.
3. j = 1.
4. Randomly generate samples for type of charger used by EV j, type of EV j, charging or discharging

of EV j, SoC of EV j and battery capacity of EV j all based on their distribution functions assigned
in Section 3.1.

5. With m2
j and mtype

j equal to 1, if mC/D
j is equal to 1, then the charging time of EV j can be calculated

via (3) with the rate of a level 2 charger (i.e., cl = 2). Otherwise the discharging time of EV j can be
calculated via (4) with cl = 2. If mtype

j is equal to 0, thus the EV j can only be charged with the
charging time as (3).

tcl
c,g, j =

(SoCmax − SoC j) ×Cap j

rcl
c,g

(3)

tcl
c,g, j =

(SoC j − SoCmin) ×Cap j

rcl
d,g

(4)

where tcl
c,g, j and tcl

d,g, j are the charging and discharging time of EV j with charger level cl which

uses charger g. rcl
c,g and rcl

d,g are the charging and discharging rates of charger level cl and charger
g. Furthermore, SoCmax and SoCmin are the maximum and minimum SoC for EV j. The similar
process occurs when m2

j equal to 0 with the difference that the rate of charger level 3 would be
considered in (3) and (4) (i.e., with cl = 3).

6. The charging or discharging energy of EV j or E j is calculated using (5).

E j = rcl
c,gtcl

c,g, j − rcl
d,gtcl

d,g, j (5)

7. If j < NEV, j = j + 1 and go back to 4; otherwise calculate the charger load using (6).

P
sta
t,g,MC =

NEV∑
j=1

E j

NT
(6)

where P
sta
t,g,MC is the average consuming power of charger g in repetition M.

8. Evaluation of Psta
t,g = (1/M)

∑
M

P
sta
t,g,MC. Psta

g is the average consuming power of charger g in

all repetitions.
9. Check if Psta

t,g is converged then go to 10, else M = M + 1 and go to 3.

10. If g < Ng, g = g + 1 and go back to 2; otherwise calculate the EVs charging station load through
the sum of the calculated chargers loads using (7).

Pstation
t =

Ng∑
g=1

psta
t,g (7)

11. Finish.

The proposed MCS-based algorithm is presented in Figure 5. The convergence condition of
the loop is considered as follows. First the relative error RE is calculated every 10,000 simulations
using RE = (σ′/

√
n)Zδ/2/µ′, where σ′/

√
n represents the standard error and Zδ/2 is the confidence

level. Its equal to 1.96 for 95% confidence interval. Furthermore, µ′ is the mean of the simulation.
The simulation stops if the RE is less than 1% [36].
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4. Uncertainties of Price, Load and PV Generation

In order to consider the forecasting uncertainties in the operating parameters such as load, price
and PV generation, stochastic scenarios are generated. To this end, a large number of possible scenarios
of the above parameters are generated based on their PDFs. In fact, we assume the manager can fit
the appropriate distributions on the forecasting error data. Therefore, the forecasting error of the
system’s load and price are modeled with a normal distribution with an average of zero and a standard
deviation of 10% of their hourly forecasted values [37]. Furthermore, the historical solar irradiance
data is modeled with the beta distribution [38]. Using the MCS method, 2000 stochastic scenarios are
generated for each of the above parameters based on their PDFs. So, the probability of each scenario
is 1/2000. Then, the set of system scenarios is formed. Each stochastic scenario represents a possible
operating mode of the system and consists of a vector as ρs,t = [ρPV

s,t ,ρprice
s,t ,ρload

s,t ] which includes the PV
generation, prices and loads scenarios. In this study, the correlation analysis between the scenarios
of different parameters is ignored. Although the high number of stochastic scenarios increases the
accuracy of the answers, it slows down the problem-solving time. In stochastic optimization problems,
one of the most commonly used scenarios reduction methods is the Kantorovich distance. In this paper,
this method is used to reduce the number of random scenarios. Further details of this method are
given in [39]. So, the system scenarios are reduced to 200 numbers. In fact, it is assumed that these 200
stochastic scenarios can cover the most possible modes of the system.

5. Model Implementation

The operation optimization problem is simulated based on the following steps:

1. Receiving the forecasted values of upstream market prices, demand power of loads and PV
historical data.

2. Organizing the normal and Beta PDFs of the uncertain parameters at all 24 operation time slots.
3. Generating stochastic scenarios based on the mentioned PDFs and then reducing them by the

Kantorovich distance algorithm. Each scenario consists of three parts as described before.
4. Computing the EVs charging station load by the proposed method.
5. Applying the scenarios and EVs charging station load to the optimal operation problem of

smart MGs.
6. Solving the optimal operation problem for all scenarios and saving the results for each decision

variable, for each scenario and at each time slot.

Figure 6 illustrates the model implementation process.
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6. Problem Formulation

6.1. Objective Function

The objective function is minimizing the operating cost as follows:

Min Cost =
Ns∑

s=1

NT∑
t=1

ρs,t

∆T(λda
t,sP

da
t,s +

Np∑
p=1

Cope
p,t,s) +

NDG∑
i=1

Cope
i,t,s

 (8)

The objective function (8) is costs for day ahead operation. The costs consist of purchasing energy
from the upstream grid and EVs, as well as the cost of the PV unit (Cgen

p,t,s) and micro-turbines (Cope
i,t,s)

operation. λda
t,s in (8) is the DA market price in scenario s at time t. Pda

t,s is the selling/purchasing power
from the upstream grid in scenario s at time t. The smart MG may sell energy in some intervals, so
Pda

t,s would be negative if the smart MG is selling energy to the upstream grid. There are interesting
optimization methods in [40–46]. We formulate the optimization problem as mixed-integer linear
problem (MILP).

6.2. Constraints

The system constraints are given in the following.

6.2.1. Operating Constraints for Micro-Turbines

For ∀i, t, the following constraints are considered:

Cope
i,t,s = Cgen

i,t,s + Cstart
i,t,s + Cem

i,t,s (9)

Cgen
i,t,s = aiVi,t,s + ∆T

Ni∑
m=1

λi,mPi,m,t,s (10)
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Pi,1,t,s ≤ Pmax
i,1 − Pmin

i (11)

Pi,m,t,s ≤ Pmax
i,m − Pmax

i,m−1 (12)

Pi,NLi,t,s ≤ Pmax
i − Pmax

i,NLi−1 (13)

Pi,t,s = Pmin
i Vi,t,s +

Ni∑
m=1

Pi,m,t,s (14)

Cstart
i,t,s = kstartoni,t,s (15)

Cem
i,t,s = CCO2CO2,i,tPi,t,s (16)

where Cope
i,t,s is the operation cost of micro-turbine i in scenario s at time t and consists of generation,

startup and emission costs as (9). Cgen
i,t,s is the generation cost of micro-turbines i in scenario s at time t

and is modeled in (10)–(14) by piecewise linear function [47]. ai is the generation cost of micro-turbine i
at its minimum generation. m is the segments index in the cost function of micro-turbine i. Ni and λi,m
are the number of segments in the cost function of micro-turbine i and the marginal cost of segment
m in the cost function of micro-turbine i ($/kWh), respectively. Pmax

i,m is the maximum limit of power
generation in the m-th segment of micro-turbine i cost function (kW). Pmax

i,m,t,s is the power generation of
micro-turbine i from the m-th segment in scenario s at time t. Furthermore, Start-up cost and emission
cost are given in (15) and (16), respectively. kstart is startup constant cost. CO2,i,t is carbon dioxide
pollutant of micro-turbine i at time t and CCO2 is externality cost of generation carbon dioxide ($/kg).

Pmin
i Vi,t ≤ Pi,t,s ≤ Pmax

i Vi,t (17)

Pi,t,s − Pi,t−1,s ≤ RUi(1− oni,t,s) + Pmin
i oni,t,s (18)

Pi,t−1,s − Pi,t,s ≤ RDi(1− o f fi,t,s) + Pmin
i o f fi,t,s (19)

t+MUTi−1∑
`=t

Vi,` ≥MUTioni,t,s (20)

t+MDTi−1∑
`=t

(1−Vi,`) ≥MDTio f fi,t,s (21)

oni,t,s − o f fi,t,s = Vi,t,s −Vi,t−1,s (22)

oni,t,s + o f fi,t,s ≤ 1 (23)

In (17), Pi,t,s is the generating power of micro-turbine i in scenario s at time t and is limited to their
bounded maximum and minimum capacity, i.e., Pmax

i and Pmin
i . RUi and RDi are the ramping up and

down rates of micro-turbine i and are limited in (18) and (19), respectively. The (20) and (21) impose
the minimum up/down time constraints for micro-turbines. MUTi and MDTi are the minimum up and
down times of micro-turbine i. Finally, the binary variables relationships are formulated as (22) and (23).
oni,t,s, o f fi,t,s and Vi,t,s are the startup, shutdown and commitment indicators of micro-turbine i [48–50].

6.2.2. PV Operation Cost

The generation of PV unit is strongly dependent on environmental parameters such as temperature
and amount of sunlight. The total output power of the PV system at a maximum power point is
calculated in (24) [51].
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Pp,t,s = NPVSNPVP

(
Pp,STC

GTt,s

1000
(1− γ(T′t,s − 25))

)
(24)

T′t,s = Tamb +
GTt,s

800
(NOCT − 20) (25)

where in (24), Pp,t,s, Pp,STC, GTt,s and γ are the output power of PV unit p at time t, the cell’s rated
power in the standard measurement (i.e., at 25 ◦C, radiation levels 1000 W/m2 and wind speed 1 m/s),
the radiation level at time t, the temperature coefficient, respectively. NPVs and NPVp are the number
of series and parallel cells. Furthermore, Tamb and NOCT are the ambient temperature and normal
operating cell temperature. The generation cost of PV system (i.e., Cgen

p,t,s) is calculated in (26), which
includes the investment, operation and maintenance costs.

Cgen
p,t,s = Cp × Pp,t,s (26)

Cp =
Inp ×

int(1+int)np

(1+int)np−1
+ Co&m

p

Pr
p ×CFp × 8760

(27)

6.2.3. Technical Constraints

The amount of power exchanged with the upstream grid at any time is limited as (28).∣∣∣Pda
t,s

∣∣∣ ≤ Pgrid
max (28)

where Pgrid
max is the maximum exchangeable power with the upstream grid.

6.2.4. Power Balance

At any time, the total power of the micro-turbines and the actual power exchanged with the
upstream grid should be equal to the net load of the system.

NDG∑
i=1

Pi,t,s + Pda
t,s = PLoad

t,s + Pstation
t −

Np∑
p=1

Pp,t,s (29)

where PLoad
t,s is the MG load in scenario s at time t. Pstation

t is the calculated charging station load.
It should be noted that network constraints of the smart MG are neglected. Based on [52], there are
two justifications for this simplification. First, a MG practical size may be limited to a few MVA [53].
IEEE draft standard P1547.4 specifies an upper limit of 10 MVA [54]. Due to the limited capacity and
the proximity of load and generation in an MG, the network is typically not the limiting constraint.
Second, the network model greatly complicates operation model without much likely benefit.

7. Numerical Results

7.1. System Data

The proposed optimization problem is applied to a typical smart MG including two 60 kW similar
micro-turbines, one 60 kW PV system, one EVs charging station and some loads. The micro-turbines’
parameters are shown in Table 6 [52]. The carbon dioxide (CO2) produced by a micro-turbine is
considered to be 0.7 kg/kWh and its emission cost is 0.001 $/kg [55]. The micro-turbines’ quadratic
production cost is approximated by a three-piecewise linear function.
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Table 6. Parameters of micro-turbines.

Unit a ($) b ($/kW) c ($/kW2) Pmin (kW) Pmax (kW)

MT 1 0.4 0.0397 0.00051 20 60
MT 2 0.4 0.0397 0.00051 20 60
Unit MUT (h) MDT (h) RU (kW/h) RD (kW/h) CO2 (kg/kWh)
MT 1 1 1 40 40 0.7

MT 2 1 1 40 40 0.7

The PV system consists of 6 × 25 solar modules parallel to 25 rows, each with 6 series modules.
The rated power of each module is 400 W in the standard condition. The price of each module including
the power electronics (inverter) and installing costs, is considered $1 per watt. The operation and
maintenance cost of the PV system is assumed to be 1.5% of its initial investment. The interest rate and
the period for the loan repayment of the PV system are considered to be 7% and 20 years, respectively.
According to the PV system’s specifications, its capacity factor is considered to be 26%. Historical data
of direct solar irradiance power is extracted from [56]. The scheduling horizon is 24 h and each time
interval is considered to be 1 h. The forecasted loads and upstream market prices are taken from [52].
As can be seen, hour 8 is the beginning of the peak periods. The PDFs of uncertain parameters are
calculated and shown in Table 7. In this table, the mean values of parameters are hourly forecasted
parameters. Based on this table and Section 2, the number of 200 scenarios are considered.

Table 7. Statistic feathers of uncertain parameters.

Time (h) Solar Irradiance (W/m2) Market Price (ct/kWh) Load (kW)

Beta Distribution Normal Distribution Normal Distribution

Mean α β Mean SD Mean SD

1 0 0 0 8.62 0.83 220.43 21.8

2 0 0 0 8.2 0.82 217.58 21.95

3 0 0 0 8.18 0.82 221.02 21.54

4 0 0 0 8.12 0.77 218.88 21.77

5 0 0 0 8.17 0.91 225.35 21.01

6 214.68 0.005 0.14 8.12 0.82 238.54 25.17

7 598.91 23.85 15.98 8.31 0.84 261.67 28.02

8 779.75 118.25 33.41 9.43 0.96 313.23 35.45

9 865.53 322.65 50.12 11.95 1.083 326.57 28.82

10 913.05 691.13 65.81 9.28 0.85 336.09 30.99

11 940.98 1475.97 92.57 12.38 1.19 345.79 32.38

12 956.4 4389.02 200.08 20.61 2.09 334.57 34.62

13 962.05 44921.35 1772.01 26.99 2.46 334.73 32.05

14 958.48 4947.62 214.3 27.31 2.92 329.28 32.35

15 945.23 1628.31 94.34 13.75 1.3 341.7 34.66

16 920.1 821.102 71.3 17.48 1.65 346.75 32.56

17 877.45 353.54 49.37 16.39 1.62 331.61 31.57

18 800.48 143.56 35.78 9.8 0.91 328.75 32.37

19 643.73 33.53 18.56 8.61 0.82 327.88 32.22

20 289.95 0.0145 0.19 8.85 0.84 329.31 35.01

21 0 0 0 8.4 0.73 335.89 33.88

22 0 0 0 16.38 1.67 318.75 30.68

23 0 0 0 16.15 1.69 292.11 26.47

24 0 0 0 8.84 0.87 238.67 22.25
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The proposed EVs charging station load model and scenario generation and reduction process are
simulated using MATLAB software while the proposed optimization model is solved using CPLEX
under GAMS [57]. The computing time for calculating the MCS-based model is 75 s. Furthermore, the
scenarios generation process takes 45 s and finally the optimization problem is successfully solved in
105 s.

7.2. Simulation Results

Figure 7 shows the simulation result of the proposed model for calculating the load profile of
the EVs charging station. This figure is the result of using maximum numbers of charging station’s
capacity (i.e., 70 EVs) during the operating day because we have considered 70 EVs for type of EVs
random values. The batteries’ capacities for these EVs are based on their market share that have been
mentioned in Table 5. As can be seen, given the changing behavior of the EVs charging program, the
charging station will be considered as a power generator from the beginning of the peak period (i.e.,
hour 8) in response to the price changes at this time. In other words, due to Table 1, the probability
of discharging at peak times is 85%. So, most of the EVs discharge at this period and hence we can
consider charging stations as a power generator. On the other side, the probability of charging at
off-peak times is 95%. Therefore, most of the EVs charge at hours 1–8 and hence we can consider a
charging station as a load during this period.
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Figure 7. Load curve of the EVs charging station according to the proposed method.

Table 8 shows the output values of the proposed DA operation. It contains mean and SD values of
200 scenarios and includes generation of micro-turbines and PV unit and buying from upstream grid.
As can be seen, the amount of power purchases from the upstream grid is reduced between hours
11–17. However, the MG demand, as well as the market price will peak at these times. The reasons
for this can be stated as follows. The PV unit generation in these period reaches the maximum, i.e.,
50 kW and more. Furthermore, according to Figure 6, during these hours, the EVs charging station
produces most of its energy between 40 kW and 65 kW because the high market price at these periods
encourages the EVs to sell the stored energy to the MG. On the other hand, the high market price
forces the MG to dispatch more of micro-turbines. In this regard, the production of micro-turbines is
increased in these hours. Therefore, the MG can use its internal power resources instead of purchasing
costly power from the upstream grid.
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Table 8. Output values for the day-ahead (DA) operation.

Time (h) Micro-Turbines (kW) Upstream Grid (kW) PV Unit (kW)

Mean SD Mean SD Mean SD

1 45 30 223 38 0 0

2 32 28 235 34 0 0

3 32 29 241 33 0 0

4 33 28 235 33 0 0

5 30 23 243 31 0 0

6 31 25 243 36 2 10

7 32 23 198 39 36 4

8 25 29 231 48 46 2

9 58 33 185 48 52 1

10 45 30 189 44 54 1

11 73 25 153 43 56 0

12 110 23 102 36 57 0

13 115 0 99 32 57 0

14 120 0 98 32 57 0

15 93 21 143 43 56 0

16 107 20 138 40 54 1

17 99 20 142 39 52 1

18 59 23 189 44 47 2

19 47 22 214 41 38 4

20 48 20 253 50 3 10

21 44 21 265 42 0 0

22 90 24 205 47 0 0

23 83 22 186 48 0 0

24 50 24 165 39 0 0

The maximum amount of purchased power from the upstream grid is 265 kW at hour 21 and at
a price of 8.4 $/kWh. At this time, the micro-turbine generation is reduced to 44 kW. The output of
PV unit is zero and the station’s generation is reduced to 21 kW because the market price is low and
most of EVs will be discharged to the MG. So, the MG’s manager increases its DA power procurement
from the main grid in this situation. The minimum amount of purchased power from the upstream
grid is 98 kW at hour 14 and at a price of 21.31 $/kWh. However, the MG’s demand is high at this
time (329.28 kW). The PV output is 57 kW and also the station sells 54 kW to the MG. Therefore, with
increasing consumption and market prices, the MG manager will reduce its cost by operating more
than internal power sources such as micro-turbines and PV units. The EVs charging station will be
operated as an internal power source by engaging the EVs in the demand response program. The total
cost of the operation in this simulation case study is $717.

In order to realize the effectiveness of the proposed MCS based algorithm for estimating of
charging station load, a sensitivity analysis is performed. Table 9 shows the results of this sensitivity
analysis on the uncertain parameters of EVs. i.e., each time the simulation of the proposed algorithm
is performed, one of the uncertainty parameters is not considered. As it appears, the uncertainty of
EVs type has not had much impact on the curve. In contrast, other parameters have changed the
curve. If the uncertainty of the charger type is not taken into account (that means all EVs are charged
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or discharged by a level 2 charger), then the amount of energy level exchanged with the MG will be
decreased because charging or discharging duration will be increased, so the fewer of EVs will be used
in a 24 h operation period. On the other hand, if the uncertainties of SoC and battery capacity are not
considered, the load curve will change more. In this case, the energy interaction of the station with the
MG will change completely because according to (3) and (4), these parameters have direct effect on
the station load curve. The station’s load curve in the case of ignoring the EVs price sensitivity has a
different shape. In this case, the EVs do not discharge their stored energy despite the price increase.
Table 8 is presented in order to understand how these curves effect on the optimal DA solutions.

Table 9. The effects of the uncertain parameters on the amount of charging station load.

Time (h) Proposed
Model

Remove
Uncertainty
of Type of

EVs

Remove
Uncertainty
of Type of
Chargers

Remove
Uncertainty

of SoC

Remove
Uncertainty
of Battery
Capacity

Remove
Price

Sensitivity

1 48.45 48.402 26.349 150.672 150.504 49.76

2 50.085 48.264 44.76 138.042 141.735 50.01

3 52.545 54.744 53.427 130.332 128.253 56.16

4 50.52 49.923 46.494 106.83 134.043 51.95

5 48.945 47.757 41.022 55.686 116.157 54.15

6 38.61 39.588 40.548 37.824 69.042 87.48

7 5.46 4.629 50.442 18.738 30.756 118.37

8 −11.31 −9.966 51.999 11.388 31.743 128.29

9 −31.905 −28.707 32.109 3.756 17.214 137.31

10 −48.99 −48.303 5.625 0.33 16.041 141.63

11 −63.705 −63.024 −16.509 2.961 5.04 145.02

12 −65.34 −67.908 −33 12.432 9.789 147.02

13 −63.24 −63.486 −43.323 16.797 15.636 147.81

14 −54.345 −54.501 −49.53 9.714 24.975 148.34

15 −49.305 −49.521 −53.328 −6.147 31.551 147.74

16 −47.295 −43.47 −54.807 −25.311 38.55 147.68

17 −38.505 −39.483 −54.459 −34.821 40.785 147.44

18 −33.39 −33.591 −54.348 −41.964 39.513 147.55

19 −28.47 −31.629 −54.864 −41.496 −47.427 147.77

20 −25.995 −25.725 −55.014 −39.846 −42.72 147.74

21 −26.745 −21.678 −55.356 −36.879 −30.567 136.89

22 −23.895 −22.845 −55.332 −37.116 −34.782 120.57

23 −23.37 −21.504 −55.188 −32.853 −34.728 109.2

24 −23.91 −23.307 −55.518 −34.515 −28.164 79.08

As previously mentioned, the total cost of the operation is $717. The total energy produced by the
micro-turbines and the upstream grid is 1040 kWh and 5131.8 kWh in a period of 24 h, respectively.
These values are calculated by applying the proposed method for the charging station load. This state is
considered as the base case and the results of sensitivity analysis are compared with this case. Table 10
shows the results of sensitivity analysis on the EVs uncertainty parameters. According to this table,
ignoring any of these parameters in the calculation of the EVs charging station load leads to higher
operating costs. For example, if the uncertainty of the type of chargers is not taken into account, the
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total amount of micro-turbine generation will decrease by 2.7% (1012 kWh) and the purchasing power
will increase by 0.1% (5182 kWh). Furthermore, the total operating cost will increase by 0.55% ($721).

Table 10. The impact of ignoring the EVs uncertain parameters in the charging station load.

Removed Parameter Micro-Turbines
Generation (kWh) Main Grid (kWh) Cost ($)

Type of EVs 998 (−4%) 5177 (0.8%) 717.6 (0.08%)

Type of chargers 1012 (−2.7%) 5182 (0.1%) 721 (0.55%)

SoC 1028 (−1.15%) 5387 (4.97%) 752 (4.88%)

Batteries capacity 1034 (−0.6%) 5533 (7.8%) 771 (7.5%)

Price sensitivity 995 (−4.32%) 6230 (21%) 869 (21.2%)

The type of EVs uncertainty has the least impact on the operation cost. It increases cost only 0.08%.
In contrast, ignoring the uncertainty of the EVs price sensitivity has the largest impact on the optimal
solutions. It increases the operating cost by 21.2%. This result shows the importance of uncertainty in
EVs price sensitivity. Uncertainties in SoC and uncertainty in battery capacity have also increased the
cost by 4.8% and 7.5%, respectively, which uncertainty of EVs battery capacity has a fairly large impact
on cost and optimal solutions. Overall, uncertainties in SoC, battery capacity and price sensitivity have
a higher impact on the load profile and operating cost compared to uncertainties in the type of EVs
and type of chargers.

8. Conclusions

In this paper, a model based on the MCS was presented to estimate the load of the EVs charging
station and was used in an optimal operation problem of a smart MG. This model covered the
uncertainty parameters of EVs including type of EVs, type of chargers, SoC, battery capacity and
price sensitivity. Ignoring any of these parameters changed the optimal solutions. The results of the
sensitivity analysis on these parameters indicated that the uncertainty in price sensitivity, battery
capacity and SoC of EVs have a higher influence on the operating cost. Therefore, ignoring them can
lead to higher costs. The uncertainty of the types of chargers and types of EVs had not a significant
impact on the cost because it did not increase the station’s demand and the MG’s manager prevents
cost increases with a slight change in the dispatch of micro-turbine and buying from the upstream
grid. The proposed MCS-based model takes into account the decisive factor on the EV’s load profile
concurrently. It has also an easy implementation process through the proposed MCS method and
efficient simulation time. Therefore, the manager of MGs can estimate the load profile of EVs one day
before of operation. Although the proposed model covers the uncertainty of EVs behaviors but there is
a possibility of deviation of considered parameters for PDFs and therefore for estimated load profile.
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Nomenclature

Indices

(.)t,s In scenario s at time t
cl Charger level index
g Charger index
i Micro-turbine unit index
j EVs index
p PV unit index

t Time index

Parameters and Constants

ai, bi, ci Generation cost coefficients of micro-turbine i.
CCo2 Externality cost of generation CO2 ($/kg)
CO2,i,t Carbon dioxide pollutant of micro-turbines i (kg/kW)
Co&m

p,t,s Operation and maintenance cost of PV unit p($)
CFp Capacity factor of PV unit p
Inp Capital cost of PV unit p ($)
int Interest rate
kstart Startup constant cost of microturbines ($)
MUTi Minimum up time of microturbine i (h).
MDTi Minimum down time of micro-turbine i (h).
NT Number of time slots
NDG Number of micro-turbines
NP Number of PV unit
Ng Number of chargers
NEV Number of EVs
np Loan repayment term (yr)
Pload

t,s Loads (kW)
Pmax

i Maximum power limits of micro-turbine i (kW).
Pmin

i Minimum power limits of micro-turbine i (kW).

Pgrid
t,s Maximum exchangeable power (kW)

Pstation
t EVs charging station load

Pp,t,s Available output power of PV unit p (kW)
Pr

p Rated power of PV unit p (kW)
RUi Ramp up rate of micro-turbine i (kW/h)
RDi Ramp down rate of micro-turbine i (kW/h).
rcl

c,g Charging rates of charger level cl (kW) and charger g
rcl

d,g Discharging rates of charger level cl (kW) and charger g
SoCmax Maximum SoC of EVs
SoCmin Minimum SoC of EVs
SoC j State of charge EV j
tcl
c,g, j Charging time of EV j with charger level cl (h) using charger g

tcl
d,g, j Discharging time of EV j with charger level cl (h) using charger g

∆T Duration of time slot (h)
λda

t,s Day-ahead market prices ($/kWh)
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Variables

Cope
i,t,s Operation cost of micro-turbine i ($)

Cgen
p,t,s Generation cost of PV unit p ($/h)

Cgen
i,t,s Generation cost of micro-turbine i ($)

Cstart
i,t,s Startup cost of micro-turbine i ($)

Cem
i,t,s Emission cost of micro-turbine i ($)

oni,t,s Startup indicators of micro-turbine i
o f fi,t,s Shutdown indicators of micro-turbine i
Pda

t,s DA electricity market transactions (bids) (kW)
Pi,t Output power of micro-turbine i (kW)

Vi,t,s
Commitment status of micro-turbine i

Abbreviations

DA Day-ahead
EVs Electric vehicles
MG Micro-grid
PEVs Plug-in electric vehicles
PHEVs Plug-in hybrid electric vehicles
PV Photovoltaic
PDF Probability density function
SoC State of charge
V2G Vehicle-to-grid
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