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Abstract: Building a new type of power system is an important guarantee to support China’s “dual
carbon” goal. Due to the inseparable relationship between industrial and agricultural production
and electric energy utilization, there must be interdisciplinary integration to achieve the goal of “dual
carbon”. The disciplines of horticulture and electric power are taken as examples in this paper to
analyze the feasibility of carbon emission reduction through coordinating agricultural photovoltaic
(PV) greenhouse and electric vehicle (EV) energy storage. Firstly, the mechanism of carbon emission
difference caused by electric energy supplementing during EV charging is analyzed. Secondly,
in the context of the contradiction between the reduction of battery life caused by discharging
(increasing carbon emission) and the increase in PV output consumption by orderly charging and
discharging (reducing carbon emission), an optimization model for the synergistic operation of
EV clusters and greenhouse PVs (with the objective of minimizing carbon emissions) is proposed.
Finally, the effectiveness of the proposed model is verified through simulation cases. The energy
storage characteristics of EVs is capable of realizing the transfer of PV power generation in the time
dimension, and the coordinated operation of greenhouse PVs and EVs’ charging and discharging can
effectively reduce carbon emission during the EV operation period. In a typical summer scenario
of PV output, the carbon emission of EVs in V2G (vehicle to grid) mode was reduced by 69.13%
compared to disorderly charging. It is shown that the adequacy of PV generation and the orderly
dispatching of the charging and discharging of EVs are the key factors in reducing carbon emission
throughout the life cycle of EVs.

Keywords: carbon emission; electric vehicle; photovoltaic greenhouse; battery life; interdisciplinary
integration

1. Introduction

In response to climate change and to meet the Paris Agreement’s goal of keeping
temperatures within 2 ◦C, many countries have set clear timelines for carbon peaking
and carbon neutrality [1,2]. China has proposed a national strategic goal of “carbon
peaking by 2030 and carbon neutrality by 2060” (“dual carbon” goal). In the energy field,
the use of fossil fuels is the main source of global carbon emission [3,4]. As a relatively
mature technology that can replace oil-fueled vehicles, the potential of electric vehicles
(EVs) in reducing carbon emission and exhaust pollution has gradually emerged [5–7]. In
the agricultural field, as a basic industry to ensure national food security and ecological
security, its high-quality development is also of great significance to the realization of
the “dual carbon” goal. Agriculture is a typical artificial ecosystem that involves energy
consumption in many of its links, such as production, storage and transportation. Therefore,
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it is necessary to coordinate the development of the energy field and agriculture field under
the “dual carbon” goal.

Compared with coal-fired power units and gas turbine units, photovoltaic (PV) power
generation has significant carbon emission reduction benefits. PV is also of great signifi-
cance to agricultural development. The governance mode of the combination of PV and
water harvesting irrigation has not only the function of ecological restoration but also
the economic benefits of agricultural production [8–10]. Greenhouse planting is a typical
method for the intensive production of agricultural products [11]. Greenhouse PV can not
only save land resources, but also increase the output efficiency per unit area of land [12].
If greenhouse PV power generation is used as the power source during the EV operation, it
will play a positive role in the carbon reduction throughout the life cycle of the EV.

In the existing research regarding the orderly dispatching of EVs, revenue is generally
taken as the optimization objective [13]. An optimization strategy for EVs’ participation
in the frequency management market, with the goal of maximizing the revenue of EVs,
was proposed in [14]. Research on the day-ahead scheduling optimization of the microgrid
with the goal of minimizing the operating cost of the microgrid was carried out in [15]. A
multi-objective EV-charging optimization model considering power purchase costs and
battery cycle capacity was constructed in [16]. However, the studies on EV charging and
discharging scheduling strategies for life cycle carbon emission and multi-field coordination
between EV and other industry fields are rarely involved [17]. There is a random and
fluctuating nature in greenhouse PV output, and although the time mismatch between PVs
and EVs in terms of power replenishment can be resolved by deploying energy storage
plants, it also faces the problem of high cost [18,19]. EVs are purchased by individual
users without additional energy storage purchase costs. The high cost of energy storage
power plants can be addressed by using EVs to participate in V2G (vehicle to grid) [20,21].
However, V2G will increase the losses to the battery and shorten its life [22]; thus, it is
necessary to sign compensation contracts between EV users and EV aggregators to solve
the problem of EV users’ willingness to accept orderly charging and discharging [23,24].

Based on the above analysis, the energy supply synergy between EVs and agricultural
greenhouse PV power plants in reducing the carbon emission of EVs throughout its life
cycle is taken as the research object in this paper. The remainder of the paper is organized
as follows. In Section 2, the sources of carbon emission in the EV life cycle are analyzed. In
Section 3, based on the dynamic battery life decay model considering internal resistance
growth and capacity decay, a coordinated scheduling optimization model of EVs and PV
power plants aimed at minimizing carbon emission is constructed. Section 4 proposes a
solution method for the scheduling optimization model. In Section 5, the effectiveness of
the proposed model is verified by using simulation cases. The significance of this study
and some conclusions are concluded in Section 6.

2. The Carbon Emission throughout the EV Life Cycle

Life cycle assessment refers to the technical method of compiling and evaluating the
relevant inputs, outputs and their potential impacts throughout the whole life cycle of a
product system [25]. Among them, Life Cycle Inventory Analysis (LCIA) is a process of
quantifying waste emission and resource consumption throughout the entire life cycle, and
it is one of the most critical segments in product life cycle evaluation. The accuracy of the
data will directly affect the final evaluation result.

Therefore, under the vision of “dual carbon”, countries around the world are promot-
ing the large-scale application of EVs. The full life cycle of an EV is divided into three
stages: production, operation and recycling. Among them, the production stage is sub-
divided into raw material manufacturing and assembly; the operation stage includes the
use of electrical energy, operation and maintenance; the recycling stage is the recycling of
recyclable materials and the processing of non-recyclable materials. The system boundaries
of the three stages and their life cycle lists are shown in Figure 1.
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Figure 1. Boundary graph of the whole life system of EVs.

During the entire life cycle of an EV, carbon emission mainly comes from the manu-
facturing of power batteries in the production stage and the use of electric power in the
operation stage. It is pointed out in [26] that the variability of the power supply structure
has a great impact on the life-cycle carbon reduction of EVs, wherein the higher the propor-
tion of clean energy generation, the lower the life-cycle carbon emission of EVs compared
to oil-fueled vehicles.

EVs and oil-fueled vehicles of the same quality were selected to calculate the carbon
emission of the whole life cycle (as shown in Table 1) [27], and the analysis showed that
the source of electricity during the EV operation stage was the major factor triggering the
difference in EV carbon emission.

Table 1. Calculation of carbon emission during the entire life cycle of different types of vehicles.

Type of Vehicle Production Stage
/kg

Operation Stage
/kg

Recycling Stage
/kg

Total
/kg

EV (supplied with coal
electricity) 12,525.8 66,232.4 −1495.8 77,262.4

EV (supplied with clean
energy) 12,525.8 6832.4 −1495.8 17,862.4

Oil-fueled vehicle 13,800.3 50,342.3 −2604.1 61,538.5

3. Co-Optimization Model of EVs and PVs

A photovoltaic greenhouse is a typical “photovoltaic + agriculture” mode. It is a
cover installed on the roof of a greenhouse, and although the photovoltaic panels can
block sunlight and affect the normal growth of crops to a certain extent, they are arranged
in a chessboard shape (as shown in Figure 2). This is more suitable for the growth of
crops compared to a linear shape arrangement, and it can realize a good combination of
photovoltaic power generation and greenhouse crop growth [28].
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Figure 2. Schematic diagram of cooperative operation of EVs and greenhouse PVs.

In the process of coordinated operation of EVs and agricultural greenhouse PV power
plants, it is necessary to increase the consumption of PV power generation as much as
possible in order to reduce carbon emission (Figure 2). Due to the uncertainty of PV output,
it is inevitably required to charge and discharge EVs cyclically, but this further increases the
loss of battery life. Therefore, both the reduction in carbon emission due to the increased
PV consumption and the increase in carbon emission due to battery life loss caused by
discharge need to be quantitatively analyzed during the collaborative optimization.

3.1. Objective Function

Ignoring the carbon emissions caused by the loss of fluids (oil, coolant, and lubricating
oil) for operation and maintenance when the EV runs, we take a scheduling cycle T as an
example and construct an optimization model with the objective of minimizing carbon
emission, which is shown in Equation (1).

minC =
N

∑
i=1

ci
ev.li f eloss + cev.grid (1)

where C is the total carbon emission during the charging process; N is the total number of
EVs; ci

ev.li f eloss is the carbon emission equivalent to the battery life loss during the charging
and discharging process of the ith EV; and cev.grid is the carbon emission when the EV cluster
is charged directly from the power grid.

By discretizing the time axis, dividing a scheduling cycle into n periods of length ∆t
(∆t = T/n), and freezing the time-varying EV charging and discharging power in the period
of ∆t, Equation (1) can be decomposed into Equation (2).

minC =
N

∑
i=1

T/∆t

∑
k=1

ci
ev.li f eloss(k) +

T/∆t

∑
k=1

cev.grid(k) (2)

Thereinto,

cev.gird(k) = λgrid

(
N

∑
i=1

Pi
ev(k)− Pev.pv(k)

)
∆t (3)

ci
ev.li f eloss(k) = λbattery/Mi

(
Di(k), SOCi(k)

)
(4)

where λgrid is the carbon emission factor of grid power generation; Pi
ev(k) is the charging

and discharging power of the EV in the k period, which is greater than 0 when charging
and less than 0 when discharging (when Pi

ev(k) < 0, Pi
ev(k) = Pi

ev.discharge(k)); Pev.pv(k) is
the total power supplied to EVs from PV power plants in period k; λbattery is the carbon
emission coefficient of the EV power battery life cycle; and M is the battery cycle life (the
total number of battery cycles), which is related to the discharge depth D and the SOC
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(state of charge) of the battery during discharge, i.e., 1/Mi is the life loss of the battery in a
single discharge cycle.

3.2. Battery Life Loss Model

The aging mechanism of the battery itself is mainly the formation of a Solid Electrolyte
Interphase (SEI) on the contact surface of the battery’s negative electrode and the electrolyte,
which consumes the active material and reduces the battery capacity. Generally, when the
battery capacity decays to 80% of the initial capacity, it is considered that the battery life
has reached the end of its battery life cycle. Additionally, the battery cathode will also
structurally age under the action of various mechanisms. In addition to its own physical
characteristics, the aging process of the battery is affected by environmental factors such as
state of charge, depth of discharge, temperature and humidity.

The battery life model is mainly divided into the mechanism model and the external
characteristic model. The mechanism model is modeled according to the physical and
chemical reactions inside the battery. It has high accuracy but is complex, which is not
conducive to the calculation of the simulation model. The external characteristic model
is based on a data-driven method, using experimental data to model the battery life by
observing the capacity fade and internal resistance growth exhibited during cycling [29,30].

Differentiating from the battery loss model that only combines the depth of discharge,
a half-empirical and half-mechanical dynamic battery life decay model that combines the
internal resistance growth model with the capacity decay model was used, as shown in
Equation (5), which takes into account environmental factors such as the depth of discharge,
battery SOC and temperature [31].

Mi(k) =
Qsite

cre f Tacc

(
Di(k)
Dre f

)−β

e−
αF
R (SOCi(k)−SOCre f ) (5)

The depth of discharge D is defined as the difference between the load state at the
beginning of the discharge and the load state at the end of the discharge. The formalization
of the depth of discharge of the ith EV is shown in Equation (6); the initial state of SOCi of
the ith EV is formalized, as shown in Equation (7).

Di(k) =

∣∣∣∣∑ki
discharge.end

ki
discharge.start

Pi
ev.discharge(k)∆t

∣∣∣∣
Emax

(6)

SOCi(k) =
Ei(k)
Emax

(7)

Ei(k) = Ei
start +

k

∑
ki

start

Pi
ev(k)∆t (8)

In Equations (5)–(8), Qsite is the capacity decay rate; Tacc is the temperature acceleration
coefficient; Dref is the standard depth of discharge; SOCref is the standard value of the
state of charge at the beginning of the discharge cycle; F is the Faraday constant; R is the
molar gas constant; α, β, and cref are fitting constants, which can be obtained by fitting the
experimental data of the battery; Emax is the battery capacity; Ei is the current capacity of
the ith EV battery; ki

discharge.start is the start time of a period of discharge; and ki
discharge.end is

the end time of a period of discharge.

3.3. Constraints

(1) Battery power constraints

In order to meet the uncertain travel needs of EV users, the electric quantity of an
EV shall not be lower than the minimum electric quantity Ems at all times, in addition to
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reaching the expected electric quantity of users when off grid. If the electric quantity of
an EV is lower than Ems when connected to the power grid, it should be charged to the
minimum electric quantity at the maximum power immediately after being connected to
the power grid [32].

Therefore, according to the difference of the initial electric quantity Estart when the
EV is connected to the power grid, the formalization of the EV battery electric quantity
constraint is shown in Equations (9) and (10).
1©when Ei

start < Ei
ms

Ei
min(k) =


Ei

start + Pmax∆t(k− ki
start) , ki

start ≤ k < ki
ms

Ei
ms , ki

ms ≤ k <
[
ki

end − (Ei
exp − Ei

ms)/Pmax

]
Ei

exp − Pmax∆t(ki
end − k) ,

[
ki

end − (Ei
exp − Ei

ms)/Pmax

]
≤ k ≤ ki

end

(9)

2©when Ei
start ≥ Ei

ms

Ei
min(k) =

 Ei
ms , ki

start ≤ k <
[
ki

end − (Ei
exp − Ei

ms)/Pmax

]
Ei

exp − Pmax∆t(ki
end − k) ,

[
ki

end − (Ei
exp − Ei

ms)/Pmax

]
≤ k ≤ ki

end

(10)

where Ei
min(k) is the minimum electric quantity required to be satisfied by the ith EV in

time period k; Ei
ms is the guaranteed minimum electric quantity of the ith EV; Ei

expis the
expected electric quantity when the ith EV user is off the power grid; Pmax is the maximum
charge and discharge power of the EV; ki

start is the time when the ith EV is connected to the
power grid; ki

ms is the time when the ith EV is charged to the guaranteed minimum electric
quantity; and ki

end is the time when the ith EV is off grid.

(2) Charge-discharge power constraints of a single EV

The upper and lower limit constraints of the charge and discharge power of the EV
are shown in Equation (11). The values of the minimum charging power, the maximum
charging power and the maximum discharging power in each time period are shown in
Equations (12) and (13).

− Pi
ev.min(k) ≤ Pi

ev(k) ≤ Pi
ev.max(k) (11)

Pi
ev.max(k) =


Pmax(k) , Pmax(k) ≤ Emax − Ei(k)
Emax − Ei(k) , Emax − Ei(k) ≤ Pmax(k)
0 , Emax − Ei(k) ≤ 0

(12)

Pi
ev.min(k) =


Pmax(k) , Pmax(k) ≤ Ei(k)− Ei

min(k + 1)
Ei(k)− Ei

min(k + 1) , Pmax(k) > Ei(k)− Ei
min(k + 1)

0 , Ei(k)− Ei
min(k + 1) ≤ 0

(13)

(3) Total power constraints

The power supplied by the PV power plant to the EV cluster should be less than the
total power generated by the PV power plant (as shown in Equation (14)). The charging
power supplied by the power grid to the EV should not be less than 0 (as shown in
Equation (15)).

Ppv.sum(k) ≥ Pev.pv(k) (14)

Pev.grid(k) ≥ 0 (15)

where Ppv.sum(k) is the output of the PV power station in period k.
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3.4. Optimization Model with EV Not Participating in Discharge

An EV not participating in discharge is a special case of the objective function in
Section 3.1, in which Equation (2) can be rewritten as Equation (16). The constraints are
Equations (9), (10), (12), (14), (15) and (17).

minC =
T/∆t

∑
k=1

λgrid

(
N

∑
i=1

Pi
ev(k)− Pev.pv(k)

)
∆t (16)

Pi
ev(k) ≥ 0 (17)

4. Solution Process

In order to minimize the overall carbon emissions, it is necessary to increase the
consumption of PV power generation as much as possible and use the stored PV power
generation in EVs by discharging. Under this circumstance, it is required to compare
the carbon emissions caused by the battery life loss when discharging with the carbon
emissions when directly supplied by the distribution network. Through the simulation in
MATLAB, it was found that for a given EV model, when the same amount of electricity is
supplied, the carbon emission with a direct power supply from the distribution network is
always greater than the carbon emission of the EV battery life loss. The comparison results
of the simulation are shown in Figure 3.
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Figure 3. Comparison of battery discharging carbon emissions and distribution network carbon
emissions.

Therefore, the optimization model can be linearized, and the objective function Equa-
tion (1) is simplified to the solution of Equation (18). The EV’s charging and discharging
strategies are the same when they are optimal. After the solution is completed, the car-
bon emissions equivalent to battery life loss are calculated according to the optimization
results. The optimization flow is shown in Figure 4. The optimization solution process is
implemented in the MATLAB simulation environment with the help of Yalmip and Gurobi
optimization toolkits.

minC′ = cev.grid (18)
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5. Case Analysis
5.1. Simulation Parameter Settings

For parameters related to battery life decay, take the capacity decay rate Qsite = −0.2;
temperature acceleration coefficient Tacc = 1; standard depth of discharge Dref = 60%; stan-
dard value of state of charge at the beginning of discharge cycle SOCref = 80%;
cref = −2.395 × 10−5, α = 2.4106 × 10−6, β = 2.2227; Faraday constant F = 96,485.3383;
and molar gas constant R = 8.3145 J/(mol·K).

The carbon emission factor of the power generation of grid is λgrid = 0.69 kg/k·Wh; the
number of EVs is N = 100; the maximum battery power is Emax = 50 kW·h; the maximum
charging and discharging power is Pmax = 6 kW; the guaranteed minimum power is
Ems = 50% Emax; the user’s expected power is Eexp = 95% Emax when off grid; ∆t = 1 h; the
SOC of the EV when it is connected to the power grid obeys the uniform distribution
of [0.2, 0.8], and the starting time of the grid connection obeys the uniform distribution;
the grid connection duration is 12 h. Suppose the module area of the PV power station
is 3000 m2, the module parameters are 300 WP, and the output of the PV power station
Ppv.sum(k) is given by the Pvsyst 7.2 simulation software [33,34].

The main source of life-cycle carbon emission of an EV battery is raw material manu-
facturing, which is 2093.43 kg in total; the emission reduction benefit of battery recycling is
50%; therefore, the total carbon emissions in the battery life cycle is 1046.72 kg, which is
used as the basis for estimating the carbon emissions caused by the reduction of battery
life [27,35].

5.2. Simulation Case Settings

The output data of agricultural greenhouse PV power plants (as shown in Figure 5)
were selected for comparison and analysis under the typical winter scenario (daily average
output in January) and the typical summer scenario (daily average output in July). The
specific simulation case settings are shown in Table 2, in which “disorderly charging”
means that EVs are charged to the users’ expected power immediately after connected to
the power gird, “G2V” means orderly charging (discharging is not supported), and “V2G”
means orderly charging (discharging is supported).

Table 2. Simulation cases.

Case Number Authority of EV Scheduling Scenario of PV Output

1 Disorderly charging
Typical scenario in winter2 G2V

3 V2G
4 Disorderly charging

Typical scenario in summer5 G2V
6 V2G
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5.3. Result Analysis

Combined with the above parameter settings, it is easy to know that the total power
demand of the EV cluster is 2194.00 kW·h.

5.3.1. Typical Scenario in Winter

The PV output curve under this scenario is shown in Figure 6, and the total PV power
generation is 1119.00 kW·h. It can be seen from the power curves of EV clusters in the
different cases that due to the low PV output in winter, all PV power generation is used for
EV charging in case 2 and 3 of orderly EV charging. The carbon emissions of EV charging
and discharging in each case are shown in Table 3.
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Table 3. Carbon emissions of EV charging and discharging in different cases.

Case Number PV Power Obtained
by EVs/k·Wh

EVs Carbon
Emissions/kg

Total PV Power
Generation/k·Wh

1 780.50 975.32
1119.002 1119.00 741.75

3 1119.00 741.75
4 1043.50 793.85

1945.005 1585.00 420.21
6 1839.50 245.06
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5.3.2. Typical Scenario in Summer

In this scenario, the total PV power generation is 1945.00 kW·h. From the power
curves of EV clusters in the different cases in Figure 7, it can be seen that when the PV
power generation is sufficient, the orderly charging of the EVs that support discharging
will significantly promote the consumption of PV power generation. In Table 3, compared
with the disorderly charging in case 4, the carbon emissions in case 5 and case 6 are reduced
by 47.03% and 69.13%, respectively.
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5.4. Uncertainty Analysis of PV Output

Affected by the random fluctuation of weather, the output of greenhouse PV is es-
sentially uncertain, and the risk optimization of the EV charging and discharging strategy
can be realized by the scenario analysis method [36]. Therefore, the objective function of
Equation (2) is transformed into Equation (19), where ρs is the probability of PV output
scenario s.

minC = ∑
s∈S

ρs

(
N

∑
i=1

T/∆t

∑
k=1

ci
ev.li f eloss(k) +

T/∆t

∑
k=1

cev.grid(k)

)
(19)

Taking [0, 1] as the interval, the occurrence probability of a typical winter scenario
is gradually perturbed with the step of 0.1, and the sum of the occurrence probabilities
of typical scenarios in winter and summer is 1. Figure 8 shows the carbon emissions of
EV clusters under different scenario occurrence probabilities. With the increase in the
probability of a typical winter scenario, the total PV power obtained by EV clusters will
gradually decrease, which leads to an increasing trend of carbon emissions of EV clusters.
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6. Conclusions

Carbon emission reduction is a systematic project involving many fields, and it is
extremely important to carry out cross-field interactive and collaborative research. This
paper explored the feasibility of combining the fields of agriculture and energy for emission
reduction. The carbon emission reduction benefits of EVs mainly depend on the power
supply structure during operation. The proportion of low-carbon power in the charging
process of EVs can be effectively increased by coordinating the EV clusters that have
energy storage characteristics and the greenhouse PV outputs which have high volatility
and randomness.

The mechanism of carbon emission changes caused by electric energy supplemen-
tation during EV operation was analyzed in this paper; battery life reduction caused by
discharging, which will increase carbon emissions, and orderly charging and discharging
can improve PV output consumption, which will reduce carbon emissions. An optimization
model for the coordinated operation of EV clusters and agricultural greenhouse PVs was
proposed with the goal of minimizing carbon emissions. The analysis of the simulation
cases shows that the proposed optimization model effectively reduces carbon emissions
during EV operation. The adequacy of PV output and the orderly charging and discharging
scheduling of EVs are the key factors for reducing the carbon emissions of the whole life
cycle of EVs. In the typical winter and summer scenarios of PV output, compared to
disorderly charging, the carbon emissions of EVs in the V2G mode were reduced by 23.95%
and 69.13%, respectively.

This study considered only the carbon emissions of EV operation, and did not integrate
the greenhouse energy consumption process. The next step of research will be based on the
coordinated operation of greenhouse PVs and EVs to further take into account the energy
consumption in the growth process of greenhouse agricultural crops to maximize the overall
benefit. Furthermore, in order to promote the practical application feasibility of the scheme
proposed in this paper, the top-level design and some promotion policies for improving
the interaction between EVs and distributed greenhouse PVs should be formulated. Some
innovative business models and market mechanisms should be designed to increase the
willingness of EV users and greenhouse PV users to participate in the interaction.
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Nomenclature

PV Photovoltaic
EV Electric vehicle
V2G Vehicle to grid
T Scheduling cycle
C Total carbon emission
N Total number of EVs
ci

ev.li f eloss Carbon emission equivalent to the battery life loss of the ith EV
cev.grid Carbon emission when the EV is charged directly from power grid
∆t Time length of each period
λgrid Carbon emission factor of grid power generation
Pi

ev(k) Charging and discharging power of the EV in period k
Pev.pv(k) Total power supplied to EVs from PV power plants in period k
λbattery Carbon emission coefficient of the EV power battery life cycle
M Total number of battery cycles
D Discharge depth
SOC State of charge
Qsite Capacity decay rate
Tacc Temperature acceleration coefficient
Dref Standard depth of discharge
SOCref Standard value of the state of charge at the beginning of the discharge cycle
F Faraday constant
R Molar gas constant
α, β, cref Battery fitting constants
Emax Battery capacity
Ei Current capacity of the ith EV battery
ki

discharge.start Start time of a period of discharge
ki

discharge.end End time of a period of discharge
Ei

min(k) Minimum electric quantity required to be satisfied by the ith EV in time period k
Ei

ms Guaranteed minimum electric quantity of the ith EV
Ei

exp Expected electric quantity when the ith EV user is off the power grid
Pmax Maximum charge and discharge power of EV
ki

start The time when the ith EV is connected to the power grid
ki

ms The time when the ith EV is charged to the guaranteed minimum electric quantity
ki

end The time when the ith EV is off grid
Ppv.sum(k) Output of the PV power station in period k
ρs Probability of PV output scenario s
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