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Abstract

As new energy vehicles continue to advance rapidly, a large number of
charging stations and new energy generation systems have been established
in various regions based on marketing goals. This study proposes an energy
network consumption model based on energy integration strategy to address
the effective consumption of intermittent and fluctuating energy in the power
grid. By integrating different types of charging stations and intelligently
adjusting prices at different time periods based on actual electricity consump-
tion, the model accelerates energy consumption. The experiment outcomes
indicate that the new model increases electricity consumption from 7208 kWh
to 11240 kWh, reduces abandoned electricity from 4059 kWh to 27 kWh,
and increases the profit of charging stations from 3604 yuan to 5620 yuan.
In practical applications in a certain area, user consumption has decreased by
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33.52%. From this, he new model can absorb energy networks and reduce
resource waste. The research not only enhances the steadiness and economy
of the energy network, but also reduces the charging cost for users, providing
a new technology for promoting the development of new energy vehicles and
improving the grid’s ability to absorb renewable energy.

Keywords: New energy vehicles, energy network, energy storage, consump-
tion, battery, charging station, marketing.

1 Introduction

With the increasing worldwide awareness of preserving the natural environ-
ment and escalating energy shortage situation, the new energy vehicle market
has brought about unprecedented chances for growth, and the marketing
goals of new energy vehicles are growing year by year [1, 2]. Correspond-
ingly, renewable energy sources such as solar and wind power are becoming
increasingly crucial components of the power system as clean and sustainable
forms of energy [3]. Solar energy, as a clean and renewable energy source,
has experienced rapid technological development [4, 5]. The development
of wind energy storage technologies, such as lithium-ion batteries, flywheel
energy storage, and compressed air energy storage, effectively balances the
supply and demand of wind energy and improves its utilization [6]. To
achieve sustainable energy supply and reduce carbon emissions, power plan-
ning needs to be combined with the integration of renewable energy to meet
the growing new energy marketing goals and electricity demand [7, 8]. New
energy consumption refers to the process of effectively integrating the elec-
tricity generated by power plants into the grid and consuming it. It is of great
significance for achieving power supply and demand balance, improving grid
operation stability, and promoting green energy transformation.

Many scholars have investigated the utilization of renewable energy.
Wang K et al. proposed a microgrid optimization scheduling method that
considered the consumption of new energy to address the issue of a low
percentage of renewable energy usage in microgrids and decrease operational
expenses of the system. The experiment results showed that the improved
algorithm was in line with the prompt scheduling of individual microgrid
components discussed herein, and promoted the integration of new energy
while ensuring system economy [9]. Garcia AVM et al. proposed a hybrid
renewable energy system to foster the sustainable growth of renewable
energy. Experiment results showed that the hybrid renewable energy system
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could reduce 2838 tons of carbon dioxide emissions annually and generate
553 kWh of electricity using non-renewable energy sources [10]. Alzoubi
proposed an energy prediction scheme based on data fusion technology
to enhance the efficiency of renewable energy utilization. The experiment
outcomes indicated that this scheme had a prediction accuracy of 92% and
could effectively allocate new energy [11]. Shi B et al. raised a routing
protocol grounded on ant colony optimization algorithm to reduce the energy
consumption of sensors in IoT networks. The experiment results showed that
compared with existing methods, the proposed method could retain more
than 40% of energy [12]. Wu W et al. proposed a parameter optimized
adaptive fractional order grey Bernoulli model to study the total energy
consumption of a certain area in response to energy policies. The experiment
outcomes indicated that the mean absolute validation percentage errors of
the new model in total energy consumption, coal consumption, and natural
gas consumption were smaller than those of the comparative model, which
were 1.31%, 1.43%, and 2.41%, respectively [13]. Liu E et al. proposed
a method that introduced soft frost search strategy, hard frost penetration
mechanism, and positive greedy selection mechanism to minimize energy
consumption and carbon emissions of compression stations. The experiment
results demonstrated that the new method reduced the total carbon emis-
sions by 10.68%, providing a new method for operational guidance in this
field [14]. Nagarajan M K et al. raised a hybrid metaheuristic algorithm to
achieve optimal energy consumption selection in order to enhance the power
effectiveness of wireless sensor networks. The simulation results showed
that the protocol outperformed the benchmark protocol in terms of energy
efficiency and load balancing, and could effectively absorb new energy [15].

Although these methods have achieved certain results in new energy
consumption, system operation cost reduction, energy prediction accuracy,
and network energy consumption reduction. They generally have limita-
tions in generalization ability, dependence on specific conditions, high initial
cost, strong dependence on data quality, insufficient adaptability, complex
parameter determination, high computational cost, and slow algorithm con-
vergence speed. These limitations limit their widespread promotion and
continuous optimization in practical applications. In order to enhance the
energy network’s ability to absorb intermittent and fluctuating energy under
the marketing objectives of new energy vehicles, while optimizing the opera-
tional efficiency of charging stations and user charging costs, a Consumption
Model of Energy Network (CMOEN) based on Energy Integration Strategy
(EIS) is proposed. The CMOEN model optimizes the allocation of power
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resources through intelligent scheduling and demand response mechanisms
to cope with changes in charging demand at different time periods, ensuring
efficient and stable operation of charging stations. The innovation of the
CMOEN model lies in its comprehensive consideration of the charging user
demand and the reuse of retired batteries under marketing objectives, achiev-
ing optimized scheduling and consumption of distributed generation energy
networks. The CMOEN model provides strong support for the promotion and
sales of new energy vehicles by analyzing consumer behavior and market
trends in depth. It improves energy efficiency, reduces energy waste, enhances
the economic benefits of charging stations, and reduces user charging costs.
The CMOEN model can be directly applied to the operation and management
of charging stations in practical scenarios, such as guiding users to charge
off peak by adjusting the peak valley difference of electricity prices, or
constructing distributed energy storage systems using retired batteries. It can
not only enhance the power grid’s ability to absorb renewable energy, but
also reduce the loss of abandoned electricity at charging stations. At the
same time, the CMOEN model can also reduce charging costs through user
participation in demand response, forming a win-win situation of “power
grid – charging station – user”.

2 Method and Materials

2.1 Design of EIS

With the speedy prosperity of renewable energy, the large-scale grid con-
nection of Distributed Power Generation Energy Network (DPGEN) in the
distribution network has brought unprecedented challenges [16]. Especially
in the case of limited grid regulation capacity, how to effectively absorb these
intermittent and fluctuating energy sources has become a challenge [17]. In
response to this issue, a new EIS has been proposed to integrate resources of
various types of electric vehicle charging stations, providing a foundation
for the consumption of DPGEN. The EIS also considers the integration
of marketing objectives. By analyzing the load characteristics of different
types of electric vehicle charging stations, demand response strategies are
formulated to promote the achievement of marketing goals for new energy
vehicles. The overall structure of EIS is in Figure 1.

As shown in Figure 1, the core of EIS lies in utilizing the flexibility
and schedulability of electric vehicle charging stations, and achieving unified
management and regulation of loads for different types of charging stations
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Figure 1 Overall EIS structure.

through electric vehicle charging station operators. Firstly, collect data from
different types of electric vehicle charging stations. The basic data of charging
stations includes static parameters such as the number, power level, and
geographical distribution of charging piles for different types of charging
stations (residential areas, taxis, buses). User behavior data includes dynamic
behavioral characteristics such as charging time distribution, charging dura-
tion, and charging frequency of electric vehicle users. Then, based on their
respective load characteristics and consumption capacity, combined with
the characteristics of distributed power sources, adjust the charging priority
and formulate corresponding demand response strategies. Before integrating
power resources, it is necessary to first analyze the load situation of each
charging station. The load of charging stations is primarily influenced by
various factors such as time, user behavior, and battery configuration. The
load analysis process of the charging station is shown in Figure 2.

In Figure 2, the load analysis process of the charging station involves
collecting and preprocessing data on the charging behavior of electric vehi-
cles, analyzing charging characteristics, and establishing a probability model.
Monte Carlo simulation is used to simulate the load curve of the charging
station, verify the accuracy of the model, and predict future load trends
based on the analysis results. Finally, strategies for operating the charging
station and interacting with the power grid are formulated. In the process of
data collection and preprocessing, the calculation for data standardization is
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Figure 2 Load analysis process of charging station.

shown in Equation (1) [18].

z =
x− µ

σ
(1)

In Equation (1), z is the standardized data, x is the raw data, µ is the mean
of the data, and σ is the standard deviation of the data. The normalization
process is calculated as shown in Equation (2) [19].

x′ =
x− xmin

xmax − xmin
(2)

In Equation (2), x′ means the normalized data, xmin represents the mini-
mum value of the data, and xmax represents the maximum value of the data.
The Cook distance is used to evaluate the impact of data points on the model,
and the calculation is shown in Equation (3) [20].

Di =
(yi − ŷi)

2

(p ·MSE ) · [hi(1− hi)2]
(3)

In Equation (3), Di represents the Cook distance, yi is the residual of the
i th data point, ŷi is the fitted value of the i th data point, p is the number of
parameters in the regression model, MSE is the mean square error, and hi is
the leverage ratio of the i th data point. The charging load prediction model
adopts the machine learning method of selecting Random Forest (RF) as the
charging load prediction [21]. The RF algorithm can calculate the importance
of each feature, which is usually achieved by observing the impact of each
feature on the model performance when constructing the decision tree. The
calculation for feature importance is shown in Equation (4).

IRFz =
1

T

T∑
z′=1

(E′
obz′z − Eobz′z) (4)
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In Equation (4), Eobz′z is the out of bag error value of the out of bag data
containing feature xz on each decision tree, E′

obz′z is the out of bag error
value calculated by re substituting the out of bag data containing feature a
into the model after noise interference, and T is the total number of decision
trees. The prediction results of the RF model are determined by the average
of the prediction results of all decision trees. For classification problems, the
calculation method is shown in Equation (5) [22].

Gf (x) = mode

(
M∑

m=1

hm(x)

)
(5)

In Equation (5), M is the total number of trees, and hm(x) is the
prediction function for the m th tree. Gf (x) represents the predicted value
of the classification problem. For regression problems, the predicted value
is the average of the predicted values of all trees, calculated as shown in
Equation (6) [23].

Gh(x) =
1

M

M∑
m=1

hm(x) (6)

In Equation (6), Gh(x) represents the predicted value of the classification
problem. When training RF models, the performance of the model can be
optimized by adjusting its parameters. The arrival charging time and initial
State of Charge (SOC) of electric vehicles are usually assumed to follow
a normal probability distribution, and the corresponding probability density
calculation method is shown in Equation (7) [24].

g(τ) =
1

τσ
√
2π

e
− (τ−τµ)2

2τ2σ (7)

In Equation (7), g(τ) represents the probability density of charging
time, τ represents the time when the electric vehicle arrives at the charging
station, τµ represents the mean of the electric vehicle arrival time, and τσ
represents the standard deviation of the electric vehicle arrival time. The
calculation method for the normal distribution of the initial SOC is shown
in Equation (8) [25].

h(Q) =
1

Qσ

√
2π

e
− (Q−Qµ)2

2Q2
σ (8)

In Equation (8), h(Q) means the probability density of the initial SOC, Q
represents the SOC of the electric vehicle, Qµ represents the mean SOC, and
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Figure 3 Charging distribution time of different vehicles in new energy driven charging
stations.

Qσ means the standard deviation of the SOC. The calculation for charging
duration is shown in Equation (9) [26].

∆t =
γ(Qend −Qstart)

P
(9)

In Equation (9), ∆t represents the required charging time, Qend repre-
sents the target SOC, Qstart represents the initial SOC, P represents charging
power, ϵ represents charging efficiency, and γ represents constants related
to battery characteristics. The formula for calculating the probability of the
cumulative distribution function is shown in Equation (10).

G(τ) =
1

2

[
1 + erf

(
τ − τµ

τσ
√
2

)]
(10)

In Equation (10), G(τ) represents the probability that the charging start
time is less than or equal to τ , and erf represents the error function. The
power sources of some charging stations are photovoltaic and wind power,
which have unstable conditions. For example, photovoltaic power often gen-
erates electricity better during the day, while wind power often generates
electricity better in the evening and at night. The allocation of different cars
at such charging stations is shown in Figure 3.

From Figure 3, it can be seen that in the entire power supply system, wind
power mainly has a high power generation during the time period from 18:00
to 4:00 the next day, while solar power mainly works during the time period
from 9:00 to 17:00. The charging time of vehicles is mainly concentrated in
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the nighttime period, while family new energy vehicles have relatively fewer
kilometers traveled during the day and have higher charging power. There-
fore, the charging time is mainly concentrated between 21:00 and 24:00.
During the day, solar power is mainly stored and supplied to vehicles for
nighttime charging, in order to balance energy supply and demand. Intelligent
scheduling and demand response mechanisms will optimize power distribu-
tion, adapt to fluctuations in charging demand, ensure efficient operation of
charging stations, and help achieve marketing goals for new energy vehicles.

2.2 Establishment of Energy Network Consumption Model

The above process demonstrates that there is a significant matching prob-
lem between the charging demand of electric vehicles and the supply of
renewable energy, especially in intermittent and fluctuating energy supply
systems such as photovoltaic and wind power. In order to solve this problem
and ensure effective energy consumption and stable operation of the power
grid, a CMOEN model based on EIS is established. The CMOEN model will
comprehensively consider the charging user demand and battery degradation
under marketing objectives to achieve optimized scheduling and consumption
of DPGEN. A demand response plan is a method used in the power system
to balance supply and demand, improve energy efficiency, and reduce costs.
In considering the DPGEN consumption strategy for the operation of electric
vehicle charging station clusters, the demand response strategy structure is in
Figure 4.

As shown in Figure 4, the demand response strategy occupies a crucial
position in the consumption of distributed generation resources in the opera-
tion of electric vehicle charging station clusters. It guides users to charge or
reduce charging during low load periods of the power grid through incentive
and price-based demand response mechanisms. This not only helps balance
the load of the power grid, but also serves as an important means to achieve
marketing goals. Among them, incentive-based demand response encourages
user participation through economic compensation such as subsidies or dis-
counts, while price-based demand response uses time of use electricity prices
and real-time electricity prices to guide users to adjust their charging behavior
according to changes in electricity prices. The incentive calculation is shown
in Equation (11).

I = α · Pshifted (11)

In Equation (11), I represents the incentive amount, α is the incentive
coefficient, and α represents the amount of electricity transferred during the
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Figure 4 Demand response policy structure diagram.

response period. The formula for calculating the total incentive cost is shown
in Equation (12).

Cincentive =

T∑
t=1

It (12)

In Equation (12), Cincentive represents the total incentive cost, and It
represents the incentive cost at time t. The formula for calculating price
elasticity in response to price-based demand is shown in Equation (13).

ϵ =
∆Q

∆P
· P
Q

(13)

In Equation (13), ϵ means the price elasticity value, ∆Q means the
change in demand, ∆P means the change in price, Q means demand, and
P represents price. The calculation method of the dynamic pricing model is
shown in Equation (14).

Pt = Pbase + β ·Dt (14)

In Equation (14), Pt is the electricity price at time t, Pbase is the base
electricity price, β is the price adjustment coefficient, and Dt represents the
demand deviation. The corresponding total cost calculation method is shown
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in Equation (15).

Ctotal =

T∑
t=1

Pt ·Qt (15)

In Equation (15), Ctotal represents the total cost and Ctotal represents
the demand for time t. Direct load control and interruptible load control
enable grid operators to adjust charging station power in emergency situ-
ations. Emergency demand response involves temporarily adjusting loads
during power grid tension to maintain grid stability. Demand side bidding
allows charging stations to participate in market peak shaving, while the
ancillary service market provides support such as frequency regulation. Intel-
ligent technology and user behavior analysis optimize charging plans, and
transparent communication enhances user engagement. Transparent commu-
nication of information can enhance users’ understanding of grid operation
and encourage their participation in demand response. These strategies aim to
improve the charging station’s ability to consume DPGEN and promote new
energy marketing goals. While reducing costs, enhance the flexibility and
reliability of the system. The CMOEN model also needs to consider battery
attenuation, which is an uncontrollable factor. The principle of attenuation is
shown in Figure 5.

It can be seen from Figure 5 that the attenuation of lithium ion battery
is mainly caused by anode aging, including the formation and growth of
Solid Electrolyte Interface membrane (SEI), lithium deposition and dendritic
formation, and structural changes of active materials. The SEI film protects
the electrode but is unstable, leading to lithium consumption and electrolyte
decomposition, increasing impedance and causing attenuation. Lithium den-
drites may puncture the membrane, leading to short circuits and failure.

Carbon
anode

SEl decomposition
and precipitation

Copper 
current 

collector

Separator

Lithium plating and 
dendrite formation

Aluminium 
current 

collector

Cathode

Binder
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Figure 5 Battery attenuation schematic.
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Figure 6 CMOEN model flow chart.

The structural changes of active materials affect their performance. These
factors interact with each other to affect battery life and reliability. From this,
the CMOEN model needs to consider the attenuation characteristics of the
battery in order to predict its service life and replacement cycle. For retired
batteries, the model will consider the possibility and economic benefits of
their cascading utilization, such as using retired batteries as energy storage
systems when there is surplus electricity and as energy supply systems during
periods of energy scarcity, further exploring the economic value of retired
batteries. The process of the CMOEN model is shown in Figure 6.

As shown in Figure 6, the CMOEN model first integrates the existing
new energy system, summarizes and organizes the data of various charging
stations, and obtains the basic data of system operation by predicting the
power generation of new energy and the load demand of the power grid.
Then the model adjusts the operation of the power grid based on the current
state of the energy storage system and the demand response strategy. Then
the model uses optimization scheduling models to develop power scheduling
plans and optimize resource allocation. Considering that energy has certain
marketing goals for each time period, relying solely on incentive plans to
encourage users to consume it has certain limitations. Although the capacity
of retired batteries has significantly decreased, affecting their endurance and
making them unsuitable as the main battery for new energy vehicles, they
can be used as energy storage devices to fully realize their value. Finally,
the stability and economy of the power grid are ensured through real-time
scheduling and control. Users can charge their vehicles at low electricity



Optimization Method for Energy Network Consumption 935

prices and discharge them at high electricity prices to earn the difference in
electricity bills, thereby achieving effective consumption of new energy and
efficient operation of the power grid, and achieving the marketing goals of
new energy.

3 Result

3.1 Analysis of Energy Consumption of Different Types of
Charging Stations Using CMOEN Model

To fully compare the energy consumption of various charging stations, a 24-
hour energy consumption simulation experiment was conducted on a standard
power system topology (Institute of Electrical and Electronics Engineers,
IEEE) multi-node distribution system. The experimental platform adopts a
power system simulation environment based on MATLAB and Simulink,
combined with Python machine learning library for load forecasting. The
hardware configuration includes an Intel i7 processor, 32 GB RAM, and
NVIDIA RTX 3080 GPU to support large-scale matrix operations. The power
grid model is based on the IEEE 33 node distribution system, consisting of
33 nodes and 37 branches, with a total length of 10.588 kilometers, a rated
voltage of 12.66 kV, and a reference capacity of 100 MVA. The maximum
load of the system is 3.79 MW and the minimum load is 1.23 MW, including
distributed photovoltaic and wind power sources. The total capacity of the
photovoltaic system is 4000 m2, with a conversion efficiency of 15%. It
is installed in a south facing direction with a tilt angle of 30◦. The wind
power system adopts a horizontal axis wind turbine with a rated power of
1000 kW, a cutting in wind speed of 3 m/s, a cutting out wind speed of
25 m/s, and a rated wind speed of 12 m/s. The battery energy storage system
adopts lithium iron phosphate batteries with a total capacity of 500 kWh, a
maximum charging and discharging power of 100 kW, and a charging and
discharging efficiency of 90%. In terms of demand response parameters,
the price elasticity coefficient is set to 0.5, the incentive coefficient is 0.8,
and the time of use electricity price is divided into three periods: peak, off
peak, and off peak. The price adjustment coefficients are 1.5, 1, and 0.5,
respectively. The power generation of photovoltaic and wind turbines was
maintained within a certain range during power generation, while having a
minimum power generation to maintain the basic operation of the system. The
wind power utilization under different minimum power generation is shown
in Figure 7.
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Figure 7 Wind power utilization under different minimum generating power.

As shown in Figure 7(a), when the minimum power generation was
1000 kW, there was also a severe shortage of energy at night. As shown
in Figure 7(b), when the minimum power generation was 1000 kW, some
energy was wasted during the early morning hours. The energy supply and
demand situation during the day was basically balanced, and the energy
supply from 17:00 to 22:00 could not fully meet the required energy. As
shown in Figure 7(c), when the minimum power generation was 2000kW,
there was also a certain degree of energy waste during the noon period. As
shown in Figure 7(d), when the minimum power generation was 2500 kW, a
large amount of energy was wasted, and the wasted energy was much higher
than the energy shortage from 17:00 to 21:00. In summary, when the min-
imum power generation of the corresponding photovoltaic and wind power
systems in the node was 2000 kW, the overall energy could be fully utilized.
The CMOEN model encouraged users to store energy during periods of low
energy demand through incentive mechanisms and other means, avoiding
waste caused by excessive energy consumption. At the same time, retired
batteries were also used for energy storage, and users were encouraged to
release energy during the high energy demand period from 17:00 to 22:00, in
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Table 1 Various types of energy surplus at different times
Time 0:00–1:00 1:00–2:00 1:00–2:00 3:00–4:00 4:00–5:00 5:00–6:00

Wind power
margin(Kw·h)

0 0 0 0 0 0

Photovoltaic
margin(Kw·h)

503 501 509 508 441 116

Time 11:00–12:00 11:00–12:00 13:00–14:00 14:00–15:00 15:00–16:00 /

Wind power
margin(Kw·h)

61 10 12 17 0 /

Photovoltaic
margin (Kw·h)

267 291 278 287 258 /

order to achieve full energy absorption. When the minimum power generation
of the power generation system was 2000 kW, there was surplus energy in the
entire power generation system during the periods of 0:00 to 6:00 and 11:00
to 16:00. The surplus amounts of different types of energy at different times
are shown in Table 1.

According to Table 1, when the minimum power generation of the power
generation system was 2000 kW, the surplus energy during the nighttime
period from 0:00 to 6:00 was mainly wind energy, and photovoltaics did not
participate in power generation. During the daytime from 11:00 to 16:00,
photovoltaic power generation was at its maximum, and there were fewer
vehicles charging at this time, resulting in a large amount of surplus pho-
tovoltaic energy. The wind energy during the day was relatively low and
unstable, so the fluctuation of wind energy was relatively large. From this,
there was a significant surplus of wind power and photovoltaic power during
this period, which could be effectively absorbed using the CMOEN model.
When the minimum power generation of the power generation system was
2000 kW, the consumption capacity of surplus energy by various charging
stations using the CMOEN model is shown in Figure 8.

As shown in Figure 8(a), during the time period from 0:00 to 6:00, the cell
charging stations were the main force for the consumption of surplus energy.
Due to the fact that vehicles in residential areas are usually parked inside the
community all night and can be charged at scheduled times, users will be
more willing to charge during this time period, influenced by the CMOEN
model incentive strategy. Taxi charging stations and bus charging stations
usually stop when fully charged and then leave their positions, without setting
automatic charging times. From Figure 8(b), it can be seen that between 11:00
and 16:00, the cell charging stations and bus charging stations consumed very
little surplus energy. At this time, it was mainly the taxi charging stations that
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Figure 9 A synthesis of charging station price adjustment and load under different models.

consumed it, because only taxi drivers have free time to charge during this
period. It can be seen that the total energy consumption capacity of all types
of charging stations under the CMOEN model was just enough to consume
all surplus energy.

3.2 Performance Comparison of CMOEN Models

The use of CMOEN model for energy integration of various charging stations
can help effectively absorb surplus energy. To further analyze the perfor-
mance of the CMOEN model, a Mixed Integer Linear Programming (MILP)
model and a Dynamic Programming (DP) model were used as comparative
models. The comprehensive situation of charging station price adjustment
and load under different models is shown in Figure 9.
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Table 2 Profit and user consumption of charging stations after applying various models
Electricity Discharge Charging User

Consumption Capacity Station Consumption
Model (Kw·h) (Kw·h) Profit (Yuan) (Yuan)
Before 7208 4059 3604 8766
CMOEN 11240 27 5620 6182
MILP 8074 3193 4037 6459
DP 10217 1050 5109 7152

From Figure 9(a), the original charging price of the charging station was
a 24-hour uniform price. After adjustment by the CMOEN model, the price
changes at different time periods were more obvious. However, although the
charging prices adjusted by the MILP and DP models changed, the price dif-
ference was not significant. As shown in Figure 9(b), the load of the charging
station before adjustment was mainly concentrated in the afternoon period,
and a large amount of electricity was wasted. After adjusting the CMOEN
model, users’ willingness to use charging stations significantly increased.
During periods of lower prices, users were more willing to consume energy
and then charge for discharging energy during periods of higher prices.
The energy consumption effect of CMOEN model was directly reflected
in the load of charging stations. The effects of MILP and DP models after
adjustment were generally average. From this, the CMOEN model was more
capable of mobilizing users to consume energy during periods of surplus
energy, reducing energy waste. The daily profit and user consumption of
the charging station before and after applying various models are shown in
Table 2.

According to Table 2, after applying various models, there were signifi-
cant changes in the operation of the charging station. Due to the significant
adjustment of charging station prices by the CMOEN model, the total elec-
tricity consumption of charging stations significantly increased, resulting in
a significant increase in their profits. Specifically, compared to the original
situation, the CMOEN model increased its electricity consumption from
7208 kWh to 11240 kWh, with an increase of 55.9%. This indicated that
the CMOEN model could more effectively utilize electricity resources. At
the same time, the abandoned electricity was reduced from 4059 kWh to
27 kWh, which may mean that the CMOEN model reduced unnecessary
energy waste through optimized scheduling, thereby improving energy uti-
lization efficiency. In terms of profit, the CMOEN model increased the profit
of charging stations from 3604 yuan to 5620 yuan, an increase of 55.9%,
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Figure 10 The actual effect of each model applied in a charging station.

which is the highest profit increase among all models, demonstrating the eco-
nomic advantage of the CMOEN model. The decrease in user consumption
from 8766 yuan to 6182 yuan indicated that the CMOEN model achieved
maximum profit while improving user satisfaction and service quality. The
use of various models at a charging station for a period of time is shown in
Figure 10.

From Figure 10(a), the CMOEN model exhibited good energy consump-
tion in the area, with a minimum abandoned power of 12 Kw·h, which
was superior to the MILP and DP models. According to Figure 10 (b), the
CMOEN model could stably reduce users’ charging costs, with an average
reduction of 33.52% compared to before using the CMOEN model, which
was better than the 26.06% of the second DP model. From this, the CMOEN
model had a positive effect on energy consumption, and lower charging costs
were also beneficial for the marketing of new energy vehicles as a whole.
In order to verify the progressiveness of CMOEN model, the research also
uses Particle Swarm Optimization (PSO) model, Fuzzy Logic Control (FLC)
model and Deep Reinforcement Learning (DRL) model as comparison. The
performance of each model is shown in Table 3.

According to Table 3, the CMOEN model has significant advantages
in energy consumption and economy. Its electricity consumption reached
11240.00 kWh, an increase of 1.88% compared to the DRL model and
14.04% compared to the PSO model. This is because CMOEN achieves pre-
cise matching between photovoltaic/wind power and charging loads through
the cascading utilization of retired batteries and the coordination of time of
use electricity prices. The abandoned electricity is only 27.00 kWh, signifi-
cantly lower than DRL’s 85.73 kWh and FLC’s 897.36 kWh, indicating that
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Table 3 Performance of each model
Electricity Abandoned Profit of User Calculation

Consumption Electricity Charging Consumption Time
Model (kWh) (kWh) Station (Yuan) (Yuan) (Min)
Original 7208 4059 3604 8766 /

situation
CMOEN 11240 27 5620 6182 12.45
PSO 9856.32 528.47 4892.15 6843.27 18.63
FLC 10123.58 897.36 5014.72 6985.43 15.21
DRL 11032.64 85.73 5516.89 6324.18 35.89

it is more efficient in scheduling intermittent energy. The charging station
has the highest profit of 5620.00 yuan, as the dynamic pricing mechanism
effectively guides users to charge during off peak hours, improving energy
utilization efficiency. The lowest user consumption was 6182.00 yuan, a
decrease of 29.48% compared to the original situation, reflecting the user
friendliness of the “low-cost charging+discharging profit” model. The cal-
culation time is 12.45 minutes, which is better than DRL’s 35.89 minutes,
indicating that CMOEN has both high efficiency and practicality in engi-
neering applications. To sum up, CMOEN has achieved a better balance
between consumption efficiency, economic benefits and calculation costs,
which verifies its progressiveness.

4 Conclusion

This study aims to effectively absorb new energy and ensure the stable oper-
ation of the power grid, promote the marketing of new energy vehicles, and
propose a CMOEN model based on EIS. The CMOEN model comprehen-
sively considers the charging user demand and energy distribution at different
time periods under marketing objectives to achieve optimized scheduling and
consumption of DPGEN. The research results indicated that the CMOEN
model performed well in simulating energy consumption over a 24-hour
period on a standard power system topology. Compared with not using model
optimization, the CMOEN model increased electricity consumption from
7208 kWh to 11240 kWh, reduced abandoned electricity from 4059 kWh to
27 kWh, and increased the profit of charging stations from 3604 yuan to 5620
yuan. In practical application in a certain place, it had the best effect, reducing
user consumption by 33.52%. In summary, the CMOEN model had signifi-
cant advantages in improving energy utilization efficiency, reducing energy
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waste, enhancing the economic benefits of charging stations, and reducing
user charging costs. However, the CMOEN model requires a large amount of
real-time data support during its implementation. If there are errors, missing
or delayed data, it may lead to inaccurate predictions and decision-making
errors; When integrating the CMOEN model with existing power systems and
charging station operation management systems, compatibility issues may
arise. In the future, more efficient data processing and prediction algorithms
will be developed to improve the real-time and accuracy of models; Simulta-
neously carry out additional interface development and system modification
work to enhance its compatibility.
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