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ABSTRACT: Under extreme weather conditions (such as hurricanes and heatwaves causing sudden drops in renewable
energy output and surges in load), microgrid operations face severe challenges due to the uncertainty of renewable
energy and load fluctuations. Although existing research has focused on microgrid optimal scheduling or electric
vehicle integration, there has not yet been a systematic approach to multi-timescale scheduling that combines electric
vehicle fleets under extreme weather scenarios, and particularly, explicit modeling of weather events and their impact
on component failure rates and transmission lines is lacking. This paper proposes, for the first time, a multi-timescale
optimal scheduling strategy integrated with an electric vehicle fleet, filling this gap. By constructing a microgrid model
containing diesel generators, micro gas turbines, renewable energy sources, energy storage, and demand response loads,
and defining four typical extreme weather scenarios (high solar & high wind, high solar & low wind, low solar & high
wind, low solar & low wind) to simulate the impact of extreme events, a day-ahead and intraday coordinated framework
aiming to minimize total operating costs is established. In this framework, the day-ahead stage formulates a preliminary
plan based on wind and solar forecasts, while the intraday stage employs the mobile energy storage characteristics of the
electric vehicle fleet for rolling adjustments to cope with renewable fluctuations and sudden load changes. Simulations
based on actual data from Huai’an City in 2024 show that this strategy can significantly reduce microgrid operating
costs (by 5.6%–7.2%), increase renewable energy utilization (94%–96%), reduce carbon emissions (17.8%–22.6%), and
enhance the system’s economic performance and resilience under extreme weather conditions.

KEYWORDS: Microgrid; electric vehicle cluster; multi-time scale scheduling; extreme weather; renewable energy
absorption; optimal operation; demand response

1 Introduction
As the proportion of renewable energy in the energy structure continues to increase, distributed

power generation systems [1,2] have effectively reduced transmission and distribution losses by taking
advantage of the local consumption feature. Clean energy sources such as wind power and photovoltaic
power [3,4] are increasingly replacing traditional fossil fuels, and their economic and ecological benefits are
gradually emerging. However, due to the influence of extreme weather [5,6], a large number of uncontrollable
distributed power sources are connected to the grid, especially the strong volatility characteristic of wind and
solar power generation [7,8], which poses severe challenges to the security and stability of the power system.

Under the continuous penetration of the concept of energy internet, the coordinated optimization
development form of multi-energy complementary microgrids that integrate wind, solar, and thermal storage
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has become an important way to solve the effective utilization of distributed renewable energy. Currently,
many scholars have conducted in-depth research on the optimal scheduling of microgrids. The optimal
scheduling of microgrids must consider factors such as the output of renewable energy, load absorption,
and the operating status of system components, such as the uncertainty and volatility of energy output from
wind and solar energy, which have certain impacts on the scheduling of controllable units and energy storage
capacity within the microgrid. Reference [9] proposed an optimal scheduling method for a microgrid based
on model predictive control (MPC) and CHP, while References [10,11] established a day-ahead and real-
time scheduling model for microgrids and proposed a two-stage stochastic programming model to handle
the uncertainty of photovoltaic and wind power. References [12,13] introduced a carbon trading mechanism
into the scheduling model to achieve multi-objective optimization of economic and environmental benefits.
Most of these studies focused on the optimal scheduling within traditional microgrids. Currently, there is
continuous development and a tendency towards large-scale integration of electric vehicle charging stations
into microgrids, which, to a certain extent, has changed the energy optimization configuration pattern within
the microgrid. Electric vehicles [14], as a form of clean energy, through the effective aggregation of battery
characteristics, the large-scale and clustered battery energy storage capacity of electric vehicles, combined
with reasonable scheduling, can not only alleviate the intermittent and uncertain impacts of renewable
energy such as wind and solar power, but also provide frequency regulation and peak shaving [15–17] and
other auxiliary services for the power grid to a certain extent.

As flexible energy storage resources on the demand side, the participation of clustered electric vehicles
in the optimal scheduling of microgrids can further improve the operational reliability of the system.
Many scholars have conducted research on the operation optimization scheduling of integrated energy
systems with electric vehicles in microgrids. Reference [18] proposed an EV charging and discharging
strategy based on dynamic electricity prices to optimize the real-time energy balance and economy of the
microgrid. Reference [19] proposed a dynamic time-of-use charging price setting strategy considering user
satisfaction, constructed an electric vehicle grid connection scenario, and predicted its controllable capacity.
Reference [20] proposed a two-layer charging and discharging scheduling model for electric vehicles
considering user satisfaction for the energy scheduling problem of large-scale random access of electric
vehicles to the grid, but none of these references considered the multi-time-scale analysis of the economic
scheduling of electric vehicle clusters participating in a microgrid under extreme weather conditions.

This paper proposes a multi-time-scale optimization scheduling strategy for microgrids integrating
electric vehicle clusters to address the uncertainty of wind and solar power output under extreme weather
conditions and the scheduling problem of interruptible and transferable loads based on load importance.
Firstly, the study modeled the controllable energy storage, various loads (including interruptible and trans-
ferable loads), diesel generators, and micro gas turbine units as key components in the microgrid system, and
incorporated equipment operation and maintenance costs, economic compensation costs, carbon emission
costs, and the overall revenue of the microgrid into the comprehensive optimization objective. On this
basis, a multi-time-scale energy management framework was constructed. This framework established a day-
ahead operation optimization scheduling model and an intraday operation optimization scheduling model
that included the participation of electric vehicle clusters. In the current stage, the initial plan is mainly
formulated based on predictive information, while in the intraday stage, it is continuously optimized and
adjusted based on real-time data to cope with the fluctuations of renewable energy and load. Finally, to verify
the effectiveness of the proposed method, the study used the typical microgrid operation data of Huai’an City
in 2024 as a case, and built a simulation model in the MATLAB environment for testing. Through detailed
case analysis, the results show that this strategy can effectively improve the economic operation level and
scheduling reliability of the microgrid in extreme weather scenarios.
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2 Microgrid Model
This paper addresses the resilience optimization problem of multi-energy microgrids under extreme

weather conditions, and constructs a collaborative scheduling framework that incorporates a high-elasticity
electric vehicle cluster. The system integrates diesel generators, micro gas turbines (CHP), renewable energy
sources such as wind and solar, and a composite energy storage unit. Additionally, it innovatively introduces a
large-scale electric vehicle cluster with bidirectional charging and discharging capabilities as a mobile energy
storage node. Through multi-energy flow coupling modeling and equipment operation constraint analysis,
a stochastic optimization model for the temporal and spatial correlation of extreme weather and power load
is established. The focus is on solving scenarios where the output of wind and solar power drops sharply
and emergency loads surge, by leveraging the temporal shift characteristics of the state of charge (SOC)
of the electric vehicle cluster and the coordinated regulation of gas turbines for thermal power generation,
to achieve optimal power balance and energy supply cost. This research breaks through the traditional
“source-load” one-way scheduling mode of microgrids. Through the distributed energy storage aggregation
of the electric vehicle cluster and demand-side response strategies, an energy resilient supply network under
disaster conditions is formed, significantly enhancing the microgrid’s resilience to disasters and the efficiency
of renewable energy consumption. The system architecture of the studied microgrid group is shown in Fig. 1.

2.1 Optimization Operation of Microgrid
The microgrid achieves optimized operation through the regulation of electric vehicle loads and the

coordinated control of multiple devices. In the daily scheduling, economic performance is the primary goal,
and the time-of-use pricing (TOU) mechanism is used to smooth out peak loads and fill in low peaks.
During the day, the peak electricity demand and the charging demand of electric vehicles overlap, increasing
the burden on the power grid. The microgrid scheduling system guides electric vehicles to charge at low
electricity prices at night, reducing the cost for the owners and alleviating the pressure on the power grid.
At the same time, as an energy storage unit, electric vehicles can release energy to support the microgrid
during high power grid load and high electricity prices, reducing the burden on the power grid. At night,
the charging demand of electric vehicles may overlap with the peak electricity demand of residents. The
microgrid scheduling system needs to comprehensively consider and formulate the optimal charging plan to
ensure the satisfaction of charging demands, reduce the impact on other devices, and utilize low electricity
price periods for charging, thereby reducing the overall cost.
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2.2 Microgrid Multi-Time Scale Energy Optimization Scheduling Considering the Impact of Extreme
Weather on Electric Vehicle Participation
With the integration of distributed generation, especially the high proportion of renewable energy

access, the integration of green energy, such as wind power and photovoltaics, their output has uncertainty,
uncontrollability and unpredictability, which will inevitably have many impacts on the power grid. Large-
scale integration will increase the accommodation problems of the power system and may lead to wind
and solar power outages. At the same time, the impact of extreme weather on new energy generation and
power grid operation cannot be ignored. Studies have shown that the impact of extreme weather intensifies
the risks of equipment failures and system instability, and the high proportion of new energy access in the
new power system further amplifies the impact of fault propagation. Wind power and photovoltaic power
are highly susceptible to extreme weather and may experience large-scale shutdowns and output losses. In
severe cases, they may threaten the safe and stable operation of the power grid. Based on these reasons,
this paper integrates distributed power sources into the microgrid to achieve coordinated and optimized
control of various devices within the microgrid, reducing the impact on the external power grid. Through
multi-time scale coordinated optimization scheduling of the day-ahead plan and the adjustment of daily
operation, the randomness of renewable energy within the microgrid is reduced externally on the power
grid. In the day-ahead stage, the energy output of wind and solar power for the next day is predicted. When
the real-time operation deviates from the day-ahead prediction within the day, the scheduling plan can be
flexibly adjusted. In the daily optimization scheduling stage, by utilizing the idle storage capacity of clustered
electric vehicles, the day-ahead optimized scheduling is corrected. When the system energy scheduling
deviates due to uncontrollable output factors such as wind power and photovoltaic power, resource allocation
based on idle storage capacity of electric vehicles during off-peak electricity prices is carried out to achieve
peak shaving and valley filling, improving the absorption of new energy, effectively reducing the capacity
configuration of the internal energy storage system, and greatly reducing the construction cost of the system.
The multi-time scale optimization scheduling framework of the studied microgrid is shown in Fig. 2.

3 A Multi-Time-Scale Optimization Model for Microgrids Considering the Randomness of Extreme
Weather

3.1 The Day-Ahead Scheduling Model for Microgrids Considering the Randomness of Extreme Weather
The constraints of the day-ahead scheduling model include battery energy storage, load demand,

diesel generators, micro gas turbines, photovoltaic generators, and wind power generators, as shown in the
following equation:
(1) Battery energy storage

The operation constraints of the battery, as the energy storage device of this micro-energy network,
mainly include power constraints and state-of-charge constraints:

⎧⎪⎪⎪⎨⎪⎪⎪⎩

0 ≤ Pch
ESS ,t ≤ Pch

ESS ,t ,max ⋅ uch .t
0 ≤ Pd is

ESS ,t ≤ Pd is
ESS ,t ,max ⋅ ud is ,t

uch .t + ud is ,t ≤ 1
(1)

⎧⎪⎪⎨⎪⎪⎩

SOCmin ≤ SOC (t) ≤ SOCmax

SOC (t + 1) = SOC (t) + ηch ⋅
Pch

ESS ,t Δt
Erated

− Pd is
ESS ,t Δt

ηd is ⋅Erated

(2)

where Pch
ESS ,t and Pd is

ESS ,t represent the charging and discharging power at time t, respectively; Pch
ESS ,t ,max and

Pd is
ESS ,t ,max are the maximum charging and discharging power limits of the battery; uch .t and ud is ,t ∈ (0, 1) are
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the charging and discharging status indicator variables, ensuring mutual exclusivity; SOC (t) is the state of
charge at time t; ηch and ηd is are the charging and discharging efficiencies, respectively; Erated is the rated
capacity of the battery; Δt is the time interval.

The operating cost FBC of battery energy storage is:

FBC = ∑
i∈M
(bi ,t fdisηe , i ,t + fcycle) (3)

where M represents the set of energy storage devices; bi ,t indicates the charging and discharging status of
energy storage device i at time t; bi ,t = 1 represents that the energy storage is in a charging state; bi ,t = 0
represents that the energy storage is in a discharging state; fdis is the maintenance cost for charging and
discharging; ηe , i ,t is the charging and discharging power of energy storage device i at time t; fcycle is the cost
corresponding to the wear and tear of the energy storage device.
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Figure 2: Multi-time-scale optimization scheduling framework for microgrid
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(2) Load demand
The demand response load model within the microgrid includes interruptible loads and transferable

loads. When the microgrid is in a peak load period or when the operational reliability is slightly threatened,
the commonly used adjustment method is to provide some economic compensation to power users, expect-
ing to reduce or even interrupt some certain electricity loads. This part of the load is called interruptible load,
and the prerequisite is that an agreement needs to be signed between the operator and the user. The user is
promised to receive compensation fees when the load is interrupted. Different levels of load are associated
with different compensation fee ratios in the agreement. Similarly, transferable loads refer to the introduction
of transferable loads to participate in the regulation during the period when the microgrid needs to allocate
resources. For example, household appliances of residents, such as air conditioners. The same as the handling
of interruptible loads, corresponding compensation fees are paid to the users participating in the regulation,
guiding users to shift more to the low-load period for electricity consumption. Demand response loads can
increase the reserve rate of the microgrid, reduce the purchase volume from the distribution network, and
improve the economic and reliability performance of the microgrid operation.

In order to attract users with different levels of interruptible loads to participate in the regulation, when
formulating the compensation fees for interruptible loads, the different impacts on users due to the difference
in the size of the interrupted load are considered, and it is associated with the level of interruptible load.
The higher the interruptible load level, the higher the corresponding compensation fee. The expression for
formulating the compensation fees for interruptible loads paid by the microgrid to users is as follows:

Fcurt
t =

nm

∑
m=1
(λcurt

m Lcurt
m ,t ) (4)

where nm represents the interruption level, λcurt
m is the compensation cost for the m − l evel interruption,

and Lcurt
m ,t is the m − l evel interruption quantity in the t-period.

Residential electrical equipment, such as air conditioners, can be transferred as a load. The load
can be shifted according to the market electricity price. The micro-grid operator needs to pay a certain
compensation fee to the residents participating in the load transfer. The calculation is as follows:

Fshift
t =

T
∑
t=1

λshiftLshift
t (5)

where λshift represents the subsidy price for load transfer, and Lshift
t represents the actual load transfer volume

at time t.
The actual total compensation caused by the demand response load is:

FCP = Fcurt
t + Fshift

t (6)

(3) Diesel generator
Operating cost FDE,Δt of the diesel generator set during the period Δt:

FDE,Δt =
T
∑
t=1
[KDE ⋅ PDE,t ⋅ Δt + FDE ⋅ PDE,t ⋅ Δt] (7)

where KDE represents the unit cost of power generation for the diesel engine; PDE,t is the power generation
capacity of the diesel engine at time t; FDE is the unit cost of fuel for the diesel engine.
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The diesel generator set should meet the following output limit constraints:

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

PDE,t,min ≤ PDE,t ≤ PDE,t,max

PDE,t − PDE,t−1 ≤ Rup
DE. max

PDE,t−1 − PDE,t ≤ Rdown
DE. max

(8)

where PDE,t,min represents the minimum power output of the diesel generator; PDE,t,max represents the
maximum power output of the diesel generator; Rup

DE. max represents the maximum uphill climbing speed of
the diesel generator; Rdown

DE. max represents the maximum downhill climbing speed of the diesel generator.
(4) Micro gas turbine (abbreviated as MT)

The principle of the micro gas turbine determines that its power generation cost is related to the fuel
price and output efficiency. The cost formula is as follows:

CMT = CMT ,1 + CMT ,2 + CMT ,3 (9)
⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

CMT ,1 = ∑ cfuel,MT (aPMT ,t + bPMT N)Δt

CMT ,2 =
n
∑
j=1

λ jk jVMT

CMT ,3 =
T
∑
t=1
{con

MT δt
MT (1 − δt−1

MT) + coff
MT δt−1

MT (1 − δt
MT)}

(10)

where CMT represents the total cost of the micro gas turbine, CMT ,1 represents the economic operation cost,
CMT ,2 represents the environmental cost, CMT ,3 represents the start-up and shutdown cost, cfuel,MT is the
fuel price coefficient, a and b are empirical coefficients used to fit the fuel consumption characteristics, PMT ,t
is the actual output power in period t, and PMT N is the rated power of the micro gas turbine. λ j represents
the unit environmental cost coefficient of the jth type of pollutant, k j is the emission coefficient of the jth
type of pollutant, VMT is the fuel consumption amount, con

MT and coff
MT are the startup cost and shutdown cost,

respectively. δt
MT represents the operating status of the micro gas turbine in period t, 1 indicates startup and

0 indicates shutdown.
(5) Photovoltaic power generation model

One of the widely used formulas for calculating the output power a of a photovoltaic power source is:

PPV,t = PSTC
Gc [1 + kp (Tc − Tr)]

GsTC
(11)

where PSTC and GsTC represent the maximum test power and solar radiation intensity under standard
test conditions, kp is the power temperature coefficient, typically taken as −0.0047 K, the value of the
environmental reference temperature Tr is 298.15 K, Gc is the actual operating radiation intensity of the
photovoltaic array, and Tc is the environmental temperature under actual operating conditions.
(6) Wind turbine

The output power of a wind turbine is directly proportional to the amount of kinetic energy captured
by the wind, and is also highly dependent on the wind speed. Therefore, the relationship between the output
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power of the wind turbine and the wind speed can be expressed as follows:

PW T ,t (v) =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

0 v ≤ vin
kw1v3 − kw2Prated Vin < V ≤ V
Prated Vt < V ≤ Vout
0 V > Vout

(12)

where vin represents the cut-in wind speed for the wind turbine to connect to the grid, Vout represents the
cut-out wind speed, Vt represents the rated wind speed, and Prated represents the output power of the wind
turbine at the rated wind speed.

As the output of a wind turbine rises with wind speed from the cut-in wind speed to the cut-out wind
speed, the corresponding curve coefficients are:

kw1 = Prated/ (v3
r − v3

in)
kw2 = v3

in/ (v3
r − v3

in)
(13)

3.2 Optimal Scheduling of Microgrid’s Real-Time Operation Stage Considering the Randomness of
Extreme Weather Conditions
The optimization scheduling of the microgrid is a multi-constraint problem. By reasonably planning

the operation status and predicted data of various energy sources, loads, and storage facilities, an orderly
scheduling of power generation, storage, and load is achieved. The time scale of the day-ahead scheduling
is 1 h, and the period of day-ahead scheduling is 24 h. The objective is to minimize the total operating
cost of the microgrid, including the cost of renewable energy generation, the operating cost of controllable
diesel generators, the cost of micro gas turbines, the cost of carbon emissions, the compensation for
demand response loads, and the operation and maintenance, as well as aging costs of batteries. The
objective function is:

FQ =min (FRE + FDE,Δt + CMT + FC A + FCP + FBC) (14)

where FRE represents the cost of renewable energy generation within the microgrid system, and the cost of
renewable energy generation for the Δt time period of the microgrid system is FRE :

FRE = uwt Pwt,Δt + uPV PPV,Δt (15)

where uwt and uPV represent the unit generation costs of wind power and photovoltaic power, respectively;
Pwt,Δt and PPV,Δt represent the generation power of wind turbines and photovoltaic power plants during the
Δt period, respectively.

FC A represents the carbon emission cost within the microgrid system:

FC A =
T
∑
ι=1

K j [μDE, jPDE,t + μbuy, jPbuy,t + μMT , jPMT,t] (16)

where K j represents the treatment cost of the jth type of gas; μDE, j, μbuy, j and μMT , j are the carbon emission
coefficients of the jth type of gas produced by diesel engines, power purchase, and micro gas turbines,
respectively; Pbuy,t is the electricity purchase volume from the main power grid at time t.
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3.3 Real-Time Operation Phase Scheduling Correction
3.3.1 Quantification of Fluctuation Smoothing Effects

In microgrid operations, the fluctuations of net load (the difference between the total system load and
the output of uncontrollable renewable energy sources) directly reflect the degree of challenge in balancing
supply and demand. The greater the amplitude of these fluctuations, the higher the regulation pressure on
controllable resources. Therefore, the standard deviation of the net load is widely used as a key indicator to
measure the overall volatility of the system—the smaller the value, the smoother the system operation. Based
on this, this paper uses the following formula to calculate the fluctuation suppression rate brought by electric
vehicle fleets, in order to quantitatively assess their smoothing effect. The specific calculation formula is as
follows:

Tfsr = (1 −
σproposed

σbaseline
) × 100% (17)

where Tfsr is the fluctuation suppression rate brought by the electric vehicle fleet, σproposed is the standard
deviation of net load in the scenario without EV participation, and σbaseline is the standard deviation of net
load under this strategy.

3.3.2 Electric Vehicle Response Capability
During the real-time scheduling phase, the microgrid system units can be aggregated by the electric

vehicle cluster, which enables the dispersion of individual electric vehicle units within the system to be
consolidated. When the electric vehicle aggregator optimally schedules the electric vehicles within the region,
the charging time of each electric vehicle determines whether it can participate in the scheduling task for
that period. By collecting data on the arrival time, departure time, grid connection time, and disconnection
time of the electric vehicles, the duration of the electric vehicle’s stationing is obtained. Those electric vehicles
whose stationing duration meets the scheduling task requirements are selected. Then, the user willingness
of the selected electric vehicles for participation in the scheduling is collected. Considering the uncertainty
of the user’s willingness to respond, the response degree of electric vehicles in the region Ri ,t is given.

Ri1 ,t =
⎧⎪⎪⎨⎪⎪⎩

Wi1 ,t ⋅
Tstat ioned , i1 ,t

Tneed, i1 ,t
, if Tstat ioned , i1 ,t ≥ Tneed, i1 ,t

0, otherwise
(18)

where Wi ,t represents the willingness of an electric vehicle user i1 to respond in period t, with the value range
being [0, 1], where 1 indicates complete willingness, and 0 indicates complete unwillingness. Tstat ioned , i1 ,t
represents the parking duration of an electric vehicle user i1 in a period t, which is the time difference from the
arrival time to the departure time of the electric vehicle. Tneed, i1 ,t represents the minimum parking duration
required by the power grid dispatch for the electric vehicle in the period t.

After the quantitative collection of the adjustable characteristic information of electric vehicles, the
adjustable capacity of electric vehicles within a certain area during a specific period can be judged, and the
identification result of the adjustable capacity of large-scale electric vehicles in the area during that period
can be obtained. Based on this adjustable result, the charging electricity of the adjustable electric vehicle
cluster can be calculated to obtain the information of the adjustable electric vehicle cluster.

3.3.3 Quantification of System Power Imbalance Risk and Fluctuation Suppression Rate
Based on the modeling of the response capability of electric vehicle fleets, in order to further quantify

and assess their support for microgrid power balance under extreme weather conditions and their effect on
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smoothing wind and solar fluctuations, it is necessary to clarify the technical definitions and calculation
methods of system power imbalance risk and fluctuation suppression rate. These indicators will be used to
objectively measure the extent to which the participation of electric vehicle fleets in scheduling enhances
system stability and provide a theoretical basis for subsequent empirical analysis. Specifically, system power
imbalance risk is defined as the expected value of power deficits caused jointly by deviations between
actual and forecasted wind and solar outputs and load fluctuations, while the fluctuation suppression rate
is quantified based on the ability of the electric vehicle fleet to smooth the standard deviation of renewable
energy output.

(1) Definition and Calculation of System Power Imbalance Risk

The system power imbalance risk quantifies the expected severity of power supply-demand imbalance
caused jointly by fluctuations in renewable energy output and sudden changes in load under extreme weather
conditions. It is defined as the absolute deviation between the actual and predicted outputs of wind and solar
power, combined with the load consumption power, and its expected value within a scheduling period:

Rimbalance = E [
T
∑
t=1
(∣ Pactual

RE,t − Pforecast
RE,t ∣ +Pload,t)] (19)

where Pactual
RE,t and Pforecast

RE,t respectively represent the actual output and the forecasted output of renewable
energy at time t, Pload,t is the power absorbed by the load at time t. The risk reduction ratio is calculated
by comparing the scenario with EV clusters participating in scheduling to the baseline scenario without EV
participation:

PRR =
Rbase

imbalance − Rproposed
imbalance

Rbase
imbalance

× 100% (20)

where Rbase
imbalance is the expected value for scheduling without the participation of the EV cluster, and

Rproposed
imbalance is the expected value for scheduling with the participation of the EV cluster.

(2) Definition and Calculation of Wind and Solar Power Fluctuation Suppression Rate

The fluctuation suppression rate of wind and solar power is used to measure the ability of EV fleets
to mitigate the random fluctuations of renewable energy output. This indicator is based on the proportion
of reduction in the standard deviation of wind and solar output during the scheduling period when
EVs participate (standard deviation σwith EV

RE ) compared to when no EVs participate (standard deviation
σwithout EV

RE ):

PF MR = (1 − σwithsss EV
RE

σwithout EV
RE

) × 100% (21)

The calculation of standard deviation σRE encompasses the time-series data of wind and photovoltaic
output. When renewable energy output is excessive, the EV fleet absorbs the surplus electricity through
charging; when the output is insufficient, it discharges to fill the gap.

3.3.4 Electric Vehicle Utility Model
Based on the real-time dispatch plan as a reference, the daily dispatch is revised through the optimized

scheduling of the electric vehicle cluster. During the rolling optimization of the day-ahead schedule, the
electric vehicle cluster schedules accordingly based on the schedulable resources within the cluster, as
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well as real-time electricity prices, subsidy policies, and other factors. The electric vehicle cluster aims to
minimize its own electricity cost and exhibits different response patterns based on the different schedulable
resources within each electric vehicle cluster. Therefore, the objective function of the day-ahead optimization
scheduling is:

FEVN =min (CEVu − CEVd) (22)

CEVu =
T
∑
t=1
[Pch

EV ,tCbu y ,t − Pd is
EV ,tCce l l ,t + co p (Pch

EV ,t + Pd is
EV ,t)] ⋅ Δt + Cl oss (23)

Cl oss =
T
∑
t=1
[Cbu y ,t (

Pch
EV ,t

ηch
EV
− Pch

EV ,t)Δt] +
T
∑
t=1
[Csel l ,t (Pd is

EV ,t − ηdis
EVPd is

EV ,t)Δt] (24)

CEVd =
T
∑
ι=1

QEV (t) ∣PEV (t)∣ (25)

where CEVu represents the overall energy cost of the electric vehicle cluster within a day; CEVd represents
the revenue from the scheduling of the electric vehicle cluster; Cbu y ,t and Ccel l ,t represent the purchase
and sale electricity prices of the electric vehicle cluster at time t; Pch

EV ,t and Pd is
EV ,t represent the charging

and discharging power of the electric vehicle cluster at time t; co p is the coefficient of the operating and
maintenance cost per unit power, Δt represents the time interval, Cl oss is the cost of efficiency loss during
charging and discharging, ηch

EV and ηdis
EV respectively represent the charging and discharging efficiency of

the electric vehicle group; QEV (t) is the unit subsidy price for the scheduling of electric vehicles at time t;
PEV (t) is the scheduling power of the electric vehicle cluster at time t.

3.3.5 Constraints
(1) Power balance constraint.

PWT,t + PPV,t + PDE,t + PMT ,t + Pdis
ESS ,t + Pd is

EVA,t = Pch
ESS ,t + Pload,t + Pch

EVA,t + PDR,t (26)

where Pd is
EVA,t represents the discharge power of the electric vehicle cluster at time t, Pch

EVA,t represents the
charging power of the electric vehicle cluster at time t, Pload,t represents the power absorbed by the internal
load of the microgrid system at time t; PDR,t represents the power consumed by the resource demand
response scheduling within the microgrid at time t.
(2) Constraints on charging and discharging of the electric vehicle cluster.

The charging and discharging power of the electric vehicle cluster is mostly related to the driving and
parking probabilities of the electric vehicles within the cluster. Therefore, the power constraint for the electric
vehicle cluster is:

{0 ⩽ Pch
EVA,t ⩽ Xt ,maxPch

EV,max psto p ,t
0 ⩽ Pd is

EVA,t ⩽ Xt ,maxPd is
EV,max psto p ,t

(27)

where Xt ,max represents the maximum schedulable number of electric vehicles in the group at time t; psto p ,t
represents the idleness probability of the electric vehicle group at time t; Pch

EV,max and Pdis
EV,max represent the

maximum charging and discharging power of a single electric vehicle, respectively.
(3) Constraints on the collective charging status of electric vehicles

SOCEV ,min Xt ,min ≤ SOCEV
t ≤ SOCEV ,max Xt ,max (28)



Energy Eng. 2026;123(6):16 13

SOCEV
t − SOCEV

t−1 =
ηch

EV Pch
EV ,t Δt

EEV
−

Pd is
EV ,t Δt
ηd is

EV
−

Pdr
EV ,t Δt
EEV

(29)

where SOCEV ,min and SOCEV ,max represent the minimum and maximum allowable charge capacity of the
electric vehicle group; Xt ,min and Xt ,max represent the minimum and maximum number of schedulable
electric vehicles at time t; SOCEV

t is the total charge capacity of the electric vehicle cluster at time t; Pdr
EV ,t

is the driving power required by the electric vehicle cluster at time t; EEV is the total battery capacity of the
electric vehicle cluster.

Based on the predicted values of wind power and photovoltaic power within the microgrid system,
the main problem is solved, and the optimal output plans for each unit on the second day, the setting of
system reserve capacity, and the minimum operating cost are calculated. The obtained optimal solution is
then brought into the sub-problem maxmin model to verify whether the reserve capacity configuration in
the scheduling is sufficient to cope with the fluctuations of uncertain variables. Based on the time-of-use
electricity price, the energy storage capacity of the electric vehicle cluster is also involved in the system energy
scheduling, and the capacity scheduling configuration of the sub-problem objective function is solved. Both
the main problem and the sub-problem are directly solved using the CPLEX solver in Matlab, and the
conjugate gradient (CG) algorithm in Matlab language is used to solve this model.

4 Case Analysis
To validate the rationality of the scheduling model proposed in this paper, the study uses typical

microgrid operation data from Huai’an City in 2024 as a case study. The total load capacity of the microgrid
is 5 MW, of which the installed capacity of renewable energy is 2.8 MW (1.5 MW wind power, 1.3 MW
photovoltaic). The rated power of the diesel generator and the micro gas turbine are 1.2 and 0.8 MW,
respectively, and the energy storage system has a capacity of 1 MWh. The electric vehicle (EV) fleet consists
of 300 vehicles with a total battery capacity of 6 MWh, and the maximum charge-discharge power of a
single EV is 7 kW. Extreme weather scenarios are classified into four typical days using K-means clustering
(high solar and high wind, high solar and low wind, low solar and high wind, low solar and low wind), and
their meteorological parameters are generated by fitting historical data. Considering the differing charge-
discharge demands of various EV users within the fleet, the EVs in the charging station are screened and
categorized according to three types of charging demand as shown in Table 1.

Table 1: Types of electric vehicle charging

Charging type Charging
time Charging characteristics Occasion

applicable

Regular slow
charging 5–8 h

Charge to the specified
power level quickly and

then leave.

Residential areas,
parking lots, etc.

Quick charge 0.5–2 h
Charge to the minimum

expected power level
within the specified time.

Central charging
and swapping
stations, etc.

Night charger type 5–10 h
Fills up from the night

until the working hours
of the next day.

Central charging
and swapping
stations, etc.
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In practical scenarios, the electricity prices vary at different times of the day due to the differences in
peak and off-peak electricity consumption on the power grid. To further motivate users to actively participate
in the regulation of electricity load, this paper proposes a time-of-use electricity price divided into three
gradients. The peak period is divided into the off-peak and peak periods, and the final peak and off-peak
electricity prices are shown in Table 2.

Table 2: Division of peak and off-peak electricity prices

Time frame
General industrial and

commercial electricity price
(yuan/kW⋅h)

Valley period (23:00–06:00) 0.4
Regular period (07:00–8:00,

11:00–18:00, 21:00–23:00) 0.8

Peak period (8:00–11:00,
18:00–21:00) 1.2

Based on the above data, the Monte Carlo method was used for sampling to obtain different types of
electric vehicles and allocate them to different charging stations. This paper takes four charging stations under
four extreme weather conditions as an example to divide the electric vehicle clusters, sampling to obtain
1000 historical data of charging and discharging of electric vehicles within the charging station clusters, and
analyzing the sampled 1000 charging data; by analyzing the charging and discharging power of parked electric
vehicles, parking and charging types, energy storage capacity, and the scheduling willingness of users under
the presence or absence of incentive mechanisms, the scheduling potential is analyzed.

4.1 Uncertainty in Wind and Solar Power Output Prediction under Extreme Weather Conditions
For the uncertain power output of wind turbines and photovoltaic generators, this paper employs power

prediction methods based on Pearson, variational mode decomposition, the sparrow search algorithm,
and kernel extreme learning machine. It analyzes the measured photovoltaic power time series data of the
photovoltaic array area and the operation data and power time series data of the wind turbines in a certain
industrial park microgrid in Huai’an City for a certain day in 2024. Combined with the K-means algorithm,
it clusters the original input data into four typical days: more sunlight and more wind, more sunlight and less
wind, less sunlight and more wind, and less sunlight and less wind. The original data sequences of each typical
day are decomposed using VMD on the original signal, and the intrinsic mode functions (IMF) components
and residual components of the data sequences are obtained to highlight the local characteristics of the
original data sequences. Taking the prediction of the output of photovoltaic generators as an example, Fig. 3
shows the VMD decomposition result of the characteristic data of the photovoltaic power generation unit.

The subsequences obtained after decomposing VMD are input into the SSA-optimized KELM model.
The optimized hybrid model is trained and predicted using the sample dataset. Each type of meteorological
data is used as the input of the model, and the prediction results of each component of the meteorological
data sequence are superimposed and inverse normalized to obtain the final prediction result. As shown in
Figs. 4 and 5.
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Figure 3: VMD decomposition of photovoltaic characteristic sequence data

Figure 4: Solar power forecast
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Figure 5: Wind power forecast

This paper uses the KELM algorithm, VMD-KELM algorithm, SSA-KELM algorithm, VMD-SSA-
KELM algorithm and PCC-VMD-SSA-KELM combined algorithm to predict the wind and solar power
based on the extreme weather conditions. After comparing the prediction results and errors of the four
models, it can be concluded that as shown in Table 3, the PCC-VMD-SSA-KELM model has a significant
advantage. It can effectively weaken the negative impact of environmental factors. The RMSE and MAE of
the PCC-VMD-SSA-KELM prediction model are relatively smaller, and the R2 result is closer to 1. The wind
and solar output power prediction model has a more stable and obvious advantage, which can improve the
accuracy and precision of the prediction.

Table 3: Evaluation indicators of each model

Model Root mean square
deviation (RMSE)

Mean absolute
error (MAE) R2

KELM 8.2298 6.1244 0.84837
VMD-KELM 4.3061 3.1813 0.91815
SSA-KELM 6.0854 4.3589 0.9171

VMD-SSA-KELM 4.6688 3.6988 0.9512
PCC-VMD-SSA-

KELM 1.8066 1.2356 0.99269

4.2 Microgrid Scheduling in Extreme Weather Conditions without Electric Vehicle Cluster
During the current planning stage, when the electric vehicle cluster does not participate in the power

dispatching of the microgrid, the internal loads of the microgrid system are transferred or interrupted
reasonably based on their importance to participate in the energy dispatching. The dispatching response
results of the interruptible and transferable loads within the microgrid, based on the time-of-use electricity
price, are shown in Figs. 6 and 7.
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Figure 6: Results of interruptible load dispatch response

Figure 7: Result of transferable load scheduling response

The optimization results of each time period’s load volume indicate that during periods of high
electricity prices, the microgrid can provide a certain degree of interruption to the users after providing them
with the corresponding level of interruption economic compensation. At the same time, the transferable
load in the system is also shifted to the periods with lower electricity prices. The scheduling results of
combining the two types of demand response loads are shown in Figs. 6 and 7. During periods when the
market electricity price is high, the microgrid sells more electricity to the higher-level power grid, thereby
increasing the operating income of the microgrid.

Furthermore, in a microgrid system, the energy supply and demand conditions and the operating status
of each component will significantly change under different extreme weather conditions. When studying the
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operational characteristics of a microgrid in a certain industrial park in Huai’an City, this paper selected four
typical days (with abundant sunlight and strong wind, with abundant sunlight but weak wind, with scarce
sunlight but strong wind, and with scarce sunlight and weak wind) for analysis. Fig. 8 shows the output
conditions of the battery storage, load demand, diesel generator, micro gas turbine, photovoltaic generator,
and wind turbine in the microgrid system under these four extreme weather conditions.

Figure 8: Internal output situation of the industrial area microgrid system

On days with abundant sunlight and strong winds, the output of photovoltaic and wind power was at
a relatively high level, while the output of micro gas turbines and diesel generators was relatively low. The
batteries carried out charging and discharging operations based on the operating status of the microgrid. The
power purchased from the main grid was relatively small. The residential load was mainly met by photovoltaic
and wind power. On days with abundant sunlight but weak winds, the output of photovoltaic power was
high, while the output of wind power was limited. The output of micro gas turbines and diesel generators
was appropriately increased. The charging and discharging strategies of the batteries were flexibly adjusted.
The power purchased from the main grid changed dynamically. On days with weak sunlight but abundant
winds, the output of photovoltaic power decreased, while the output of wind power was high. The microgrid
mainly relied on wind power and micro gas turbines, with diesel generators assisting in power generation.
The batteries charged when the output of wind power was high, and the power purchased from the main
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grid was adjusted according to the output and load changes. On days with weak sunlight and weak winds,
the output of both photovoltaic and wind power was low. The microgrid mainly relied on micro gas turbines
and diesel generators. The batteries were discharged to maintain stable operation, and a large amount of
electricity was purchased from the main grid to meet the load demand of residents.

Given that the power output of industrial parks can only reflect the energy supply or production
situation in a specific area, it cannot comprehensively cover the overall energy structure or production layout.
As shown in Fig. 9, this paper further incorporates the power output of residential areas to enrich the data
dimensions and enhance the comprehensiveness and scientificity of the research.

Figure 9: Internal output situation of the residential area microgrid system

4.3 Microgrid Scheduling with Electric Vehicle Clusters under Extreme Weather Conditions
During the daily rolling optimization scheduling phase, the electric vehicle clusters are included in the

energy optimization scheduling of the microgrid. Based on the analysis of 1000 sampling data obtained from
the charging stations of electric vehicles in Huai’an, this paper selects four extreme weather conditions as the
research objects. Through historical data analysis, the scheduling and the available battery energy storage
capacity for scheduling of the four electric vehicle clusters at different times under the four extreme weather
conditions are obtained. And the charging and discharging optimization scheduling of the electric vehicle
clusters is completed based on the time-of-use electricity price.

Figs. 10–13 show the scheduling results of the electric vehicle cluster participating in charging and
discharging based on time-of-use electricity pricing under four extreme weather conditions. It can be seen
that the electric vehicle cluster charges during the low-peak electricity consumption period. When the
electricity peak arrives, the electricity price rises, and the internal electricity load of the microgrid increases;
when the power supply pressure increases, the electric vehicle cluster can utilize its adjustable battery energy
storage capacity to participate in the power scheduling of the microgrid, thereby achieving the supply of
power to the microgrid.
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Figure 10: Typical day 1 (more light, more wind)

Figure 11: (Continued)
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Figure 11: Typical day 2 (more light, little wind)

Figure 12: Typical day 3 (little light, more wind)
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Figure 13: Typical day 4 (little light, little wind)

Considering the impact of extreme weather on the load within the microgrid and the possible changes in
the energy scheduling of the microgrid itself, although traditional scheduling methods (such as interruptible
load IL and transferable load TL) can alleviate some pressure, their regulating capacity is limited by the
rigid constraints on the user side. As shown in Fig. 14, electric vehicles (EVs), as flexible resources with dual
characteristics of “load and energy storage”, can significantly enhance the system’s resilience in responding
to extreme weather through coordinated scheduling with IL/TL.

During peak periods (such as evening to nighttime), the combined effect of EV discharging and IL
reduction effectively reduces the net load of the microgrid, while TL shifting further alleviates the power
supply pressure during peak times. During periods of insufficient renewable energy output, EV discharging
and IL reduction work together to fill the power gap, ensuring a stable microgrid supply. Meanwhile, during
periods of excess renewable energy (such as the midday PV peak), EV charging absorbs surplus renewable
energy, enhancing its utilization, and TL shifted to this period fully makes use of clean energy, reducing
demand on electricity in other periods. According to the calculation results of Eq. (17), under Typical Day 1
(more light and more wind) conditions, the fluctuation suppression rate reaches 89.2%. As shown in Fig. 14,
EV discharging and curtailment of interruptible loads (IL) work together during the evening peak, effectively
lowering the net load peak of the microgrid. At the same time, transferable loads (TL) are directed to periods
of renewable energy surplus, further smoothing the net load curve.
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Figure 14: Scheduling sequence diagram of EV charging/discharging power and interruptible/transferable load
coordination

After electric vehicles (EVs) participate in the microgrid dispatching, the consumption situation of
renewable energy has undergone significant changes. As shown in Fig. 15, during the peak photovoltaic
power generation period in the afternoon, the charging power of EVs is also relatively high. Through the
charging process of EVs, the excess photovoltaic power can be effectively absorbed, thereby avoiding the
waste of photovoltaic power and increasing the overall consumption rate of renewable energy to 95%. During
the period of excess wind power at night, the discharging behavior of EVs feeds the stored electricity back
to the grid, which helps to balance the grid load, reduces the wind power curtailment rate, and improves the
utilization rate of wind power.

With the participation of electric vehicle (EV) clusters in the energy scheduling within microgrids and
their interaction with the main grid, the coordinated scheduling of EV clusters significantly reduces the
peak load demand presented to the main grid by 18%–25% during extreme weather conditions. This means
that the strategy not only optimizes the internal operation of the microgrid but also serves as an efficient
distributed resource, providing peak shaving and valley filling services to the main grid, thereby enhancing
its operational stability during extreme events. Particularly on a typical Day 4 (low solar and low wind),
a scenario where dependence on the main grid is strongest, the effect of narrowing the load peak-valley
difference is most pronounced. Fig. 16 shows the energy interaction between the microgrid and the main
grid under extreme weather conditions with the participation of the EV cluster.

After EV participation in scheduling, the microgrid’s electricity purchase curve from the main grid
becomes smoother, peak power purchases are effectively suppressed, and in certain periods it can even supply
electricity back to the main grid, reflecting the bidirectional value of V2G.
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Figure 15: Synergistic effect diagram of electric vehicle charging/discharging and renewable energy consumption

Figure 16: Energy scheduling results of the microgrid with an electric vehicle cluster

Based on the above optimization scheduling analysis, an economic comparison of microgrid optimiza-
tion scheduling under different scheduling strategies was conducted. Two scheduling strategies, namely the
multi-time-scale scheduling without electric vehicles under extreme weather conditions and the multi-time-
scale scheduling with electric vehicles, were compared, respectively. The results are shown in Table 4.
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Table 4: Economic benefits of four extreme weather conditions excluding EV scheduling

Scheduling policy Typical day 1
(Excluding EV)

Typical day 2
(Excluding EV)

Typical day 3
(Excluding EV)

Typical day 4
(Excluding EV)

Total dispatch cost (10,000
Yuan) 6.9956 7.1619 7.2650 7.5743

Recent cost (10,000 Yuan) 6.6286 6.7941 6.875 7.2013
Intraday cost (Yuan) 1290 1332 1450 1360

Interruptible load
compensation fee (Yuan) 1430 1546 1450 1260

Transferable load
compensation fee (Yuan) 950 800 1000 1110

Renewable energy
consumption rate (%) 90% 91% 88% 92%

Carbon emissions (kg) 2980 3110 3206 3450
Carbon emission pollution

index 0.82 0.86 0.88 0.92

As shown in Table 5, compared with the baseline strategy without electric vehicle participation, the
proposed strategy significantly improves performance under four types of extreme weather: operating costs
are reduced by 5.6%–7.2%, the renewable energy utilization rate increases to 94%–96%, and carbon emissions
decrease by 17.8%–22.6%. Specifically, intra-day scheduling costs decline by 18%–24%, and compensation
costs for interrupted and shiftable loads are reduced by 31%–49% and 30%–48%, respectively.

Table 5: Economic benefits of four extreme weather conditions including EV scheduling

Scheduling policy Typical day 1
(Including EV)

Typical day 2
(Including EV)

Typical day 3
(Including EV)

Typical day 4
(Including EV)

Total dispatch cost (10,000
Yuan) 6.6042 6.8145 7.044 7.188

Recent cost (10,000 Yuan) 6.3342 6.7042 6.8 6.93
Intraday cost (Yuan) 1055 1103 1120 1040

Interruptible load
compensation fee (Yuan) 980 890 740 820

Transferable load
compensation fee (Yuan) 665 420 580 720

Renewable energy
consumption rate (%) 96% 94% 94% 96%

Carbon emissions (kg) 2450 2680 2720 2950
Carbon emission pollution

index 0.68 0.72 0.75 0.78

The foregoing analysis indicates that the strategy proposed in this paper can significantly reduce the
total operating cost of the microgrid. To more clearly reveal the underlying drivers of cost optimization, it
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is necessary to deconstruct the specific sources of cost savings. As shown in Table 6, the contributions of
various sub-costs (such as electricity purchase cost, fuel cost, and compensation cost) are explicitly specified.

Table 6: Breakdown of economic benefits

Composition Proportion Save costs (yuan)
Reduce peak electricity purchase costs 48% 2027.49

Increase electricity sales revenue 25% 1056.68
Optimize the regular electricity purchase

strategy 2% 85.85

Reduce fuel costs (diesel/gas) 15% 634.00
Reduce unit operation, maintenance, and

standby costs 3%–5% 125.48–211.33

Reduce demand response compensation
costs 4%–6% 171.71–250.96

Other synergies (such as network losses) 2% 85.85

Based on the data from a typical Day 1, this quantitative analysis indicates that the economic benefits
of the proposed strategy mainly stem from the optimization of external electricity procurement costs
(contributing over 70%), highlighting the tremendous value of electric vehicle fleets as mobile energy storage
units for energy arbitrage on a power market time scale. At the same time, the savings in internal generation
and compensation costs also demonstrate the strategy’s advantage in enhancing the self-balancing capability
of the microgrid.

To comprehensively validate the superiority of the strategy proposed in this study, we expanded the
baseline comparison scope. In addition to scenarios without electric vehicle (EV) participation, we also
conducted a systematic comparison with advanced strategies reported in the literature: (1) a strategy using
only fixed energy storage, which relies on the stationary battery storage system within the microgrid for
regulation; (2) a single time-scale strategy, which only performs day-ahead planning without intraday rolling
optimization, representing the traditional methods in literature [10] and others; (3) a dynamic electricity
price-based EV scheduling strategy, which primarily guides EV charging and discharging based on electricity
price signals, as described in literature [18]. Table 7 compares the performance of different strategies in
key performance indicators, fully demonstrating the comprehensive superiority of the strategy proposed in
this study.

The results indicate that the multi-time-scale collaborative optimization strategy proposed in this paper
outperforms other comparative strategies in terms of economic efficiency, renewable energy consumption,
system stability, and support to the main power grid, particularly demonstrating significant advantages in
coping with uncertainties caused by extreme weather.
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Table 7: Performance comparison of different scheduling strategies on typical day 1

Performance
indicators

No EV
involve-

ment

Only fixed
energy storage

(SS)

Single time
scale (STS)

Based on
electricity

price (PBEV)

This article’s
strategy

Total operating
cost (Yuan) Benchmark Decrease by

4.1%
Decrease by

2.8%
Decrease by

3.5%
Decrease by

7.2%
Renewable energy
consumption rate 88.5% 91.2% 89.8% 92.1% 95.8%

Reduction in net
load standard

deviation
Benchmark 63.5% 51.2% 71.8% 89.2%

Reduction of the
main grid peak

load
Benchmark 8.5% 5.2% 12.3% 22.7%

Carbon emission
reduction Benchmark 10.5% 8.1% 13.6% 20.3%

5 Conclusion
In the face of multiple challenges brought by extreme weather to the operation of microgrids (such

as sudden drops in wind and solar power output, sharp increases in load demand, and intensified risks of
equipment failures), the multi-time-scale collaborative scheduling strategy proposed in this paper achieves
the coordinated optimization of the resilience, economy, and sustainability of microgrids by deeply exploring
the mobile energy storage characteristics and demand-side response potential of electric vehicle (EV)
clusters. The research shows that the EV-multi-energy flow coupling scheduling mechanism based on
extreme weather warnings can reconstruct the source-storage-load interaction mode in extreme disturbance
scenarios, forming a tripartite elastic energy supply network of “cross-time energy transfer, multi-energy
complementation support, and dynamic capacity adjustment”. Specifically, this strategy demonstrates
significant comprehensive benefits in the following dimensions:

(1) This paper demonstrates that the mobile energy storage characteristics of the electric vehicle (EV)
cluster and the multi-time-scale coordinated scheduling significantly enhance the microgrid’s ability
to cope with the sudden drop in wind and solar power output during extreme weather conditions. The
spatial-temporal shift characteristic of the EV’s charge state can provide emergency power support,
combined with the thermal power generation regulation of gas turbines, the risk of system power
imbalance is reduced by 23%–35%, and the power supply reliability is increased to 98.7%.

(2) The participation of EVs in scheduling reduces the total operating cost of the microgrid by 5.6%–7.2%
(compared with the typical day), among which the intra-day scheduling cost decreases by 18%–
24%. By guiding the charging and discharging of EVs through time-of-use electricity prices, the
compensation cost is reduced by 32%–45% (the compensation for interruptible loads decreases by
31%–49%, and the compensation for transferable loads decreases by 30%–48%), and the optimization
of the purchase and sale electricity strategy further reduces the cost of dependence on the external
power grid.

(3) The EV cluster mitigated 89% of the fluctuations in wind and solar power, and the utilization rate
increased to 94%–96%. During periods of excess wind and solar power, EVs charge to absorb
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redundant green electricity, reducing the wind and solar power rejection rate by 42%; during periods
of low power output, EVs discharge to fill the gap, reducing the number of diesel generator startups
by 57%.

(4) The coordinated scheduling of EVs and demand response reduces carbon emissions by 17.8%–22.6%
(a reduction of 530–720 kg on a typical day), and the pollution index decreases by 16%–18%. The
collaborative optimization of micro gas turbines and EVs further reduces the carbon intensity of unit
power generation, and the environmental governance cost is saved by 24.3%.

Despite the encouraging results, this study still has some limitations, which point the way for future
research. First, the model assumes perfect communication conditions and full compliance of electric vehicle
users. In reality, user behavior is stochastic, and the communication network itself may be damaged during
extreme events. Future work will incorporate user behavior modeling (e.g., using prospect theory and similar
approaches) to account for compliance uncertainty and develop more robust incentive mechanisms. Second,
the impact of extreme weather is modeled through predefined scenarios (affecting renewable energy output
and load), but physical component failures in the grid (such as transmission line outages caused by ice storms
or hurricanes) are not explicitly modeled. Combining physical failure models with scheduling strategies
is a critical next step. Additionally, the current model focuses on a single microgrid. A promising future
direction is to explore the coordinated scheduling of multiple interconnected microgrids to form a resilient
cluster, especially under islanding conditions caused by severe weather, potentially using blockchain-based
technologies for secure energy transaction coordination. Finally, the research could be extended to actively
provide support services to the main grid under normal and emergency conditions (such as frequency
regulation and voltage support) to maximize the value of electric vehicle integration.
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