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Abstract 
To account for differences in travel characteristics among different types of 
electric vehicles, a real-time pricing method for smart grid considering electric 
vehicle classification is proposed. According to characteristics such as grid-
connection time, grid-disconnection time, and daily driving mileage, electric 
vehicles are divided into private electric vehicles, electric taxis, and electric buses, 
and the Monte Carlo method is used to generate corresponding operation sce-
narios. On this basis, combined with the demand-side management mecha-
nism and with the goal of maximizing social welfare, a real-time pricing model 
is established that takes into account wind power and photovoltaic output, V2G 
charging and discharging of electric vehicles, and energy storage devices, and 
a distributed dual algorithm is used to solve for the real-time electricity price. 
Simulation results show that the proposed real-time pricing method can dynam-
ically adjust electricity prices according to the supply-demand relationship of 
the system, guide energy storage devices and electric vehicles to charge and dis-
charge reasonably, optimize resource allocation, and significantly improve to-
tal social welfare. 
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1. Introduction 

Against the backdrop of the “dual carbon” development strategy, the proportion 
of renewable energy generation continues to increase. Due to its volatility and in-
termittency, the difficulty of power grid system regulation has been exacerbated 
[1]. Meanwhile, with the large-scale popularization of electric vehicles, their con-
centrated and uncoordinated charging will aggravate load peaks, imposing higher 
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requirements on the safe and stable operation and supply-demand balance of the 
smart grid [2] [3]. It is worth noting that electric vehicles are not merely electricity 
loads; their batteries possess certain energy storage properties. With the help of 
V2G technology, they can participate in grid charging and discharging regulation, 
realize load transfer, and alleviate supply-demand contradictions to a certain ex-
tent [3] [4]. 

Demand-side management guides users to adjust their electricity consumption 
behavior through price or incentive signals, so as to optimize load distribution, al-
leviate system supply-demand contradictions, and enhance the stability of power 
grid operation [5]. As an important implementation approach of demand-side 
management, demand response mainly relies on electricity price mechanisms to 
encourage users to actively adjust their electricity consumption periods and levels 
[6]. Existing pricing methods mainly include fixed electricity price, time-of-use 
electricity price, critical peak pricing, and real-time pricing [7]. Compared with 
other pricing mechanisms, real-time pricing can change dynamically according to 
the supply-demand state of the system and reflect the electricity supply-demand 
relationship in a more timely manner, thus better meeting the development needs 
of flexible regulation in future smart grids [8]. 

At present, research methods for smart grid real-time pricing mainly include 
game theory, bilevel optimization, and social welfare maximization [9]. Game the-
ory regards the supply side and the demand side as decision-making entities, in 
which the supply side acts as the leader to formulate pricing strategies, and the 
demand side adjusts electricity consumption behavior according to price signals, 
thereby forming a master-slave game model [10]. Bilevel optimization constructs 
a hierarchical decision-making model of upper and lower levels to characterize the 
interaction between supply and demand parties, and accordingly achieves elec-
tricity price optimization [11]. Social welfare maximization starts from the per-
spective of the overall system benefit, takes total social welfare as the pricing ob-
jective, and promotes optimal resource allocation and fair distribution [12]. The 
social welfare maximization method was first introduced into the electric power 
field in the 1960s and solved by the Lagrangian duality method, in which the mul-
tiplier can serve as the electricity price [13]. With the continuous deepening of 
research, social welfare maximization-based real-time pricing has gradually been 
oriented toward more complex practical application scenarios, such as consider-
ing day-ahead and real-time coordination [14], demand-side appliance classifica-
tion [15] [16], multiple types of users [17], privacy protection [18], and multi-en-
ergy demand coupling [19]. 

In power grids, the potential of electric vehicles to participate in grid charging 
and discharging regulation through V2G technology has attracted increasing at-
tention. A reasonable price mechanism can guide electric vehicles to adjust their 
charging and discharging behavior and improve the operational flexibility of the 
power grid [20]. With the development of V2G technology, related studies have 
further incorporated bidirectional charging and discharging into pricing mecha-
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nisms, incentivizing electric vehicles through price compensation to discharge to 
the grid during high-load periods, thereby achieving coordination between user 
benefits and system operation benefits [21] [22]. In recent years, research on elec-
tric vehicle pricing has gradually considered factors such as distribution network 
constraints, user preferences, and individual differences, and has achieved collab-
orative optimization between electric vehicle charging behavior and power grid 
operation states through differentiated pricing [23]. 

In summary, previous studies have mostly focused on the price response of elec-
tric vehicles as a whole, without fully combining the differences among different 
types of electric vehicles with smart grid real-time pricing. To this end, under the 
premise of considering different types of electric vehicles and energy storage de-
vices on the demand side, this paper establishes a smart grid real-time pricing 
model with the goal of maximizing social welfare and solves it using a distributed 
dual method. Finally, the effectiveness of the model is verified through simulation 
experiments. 

2. System Framework 

Consider a smart grid system composed of a supply side and a demand side. The 
supply side includes thermal power units (TPUs), photovoltaic (PV) systems, and 
wind turbines (WTs). The demand side consists of electric vehicles (EVs) that can 
be charged and discharged, as well as N  users equipped with energy storage sys-
tems (ESSs). The supply and demand parties exchange information through a 
power market scheduling center (PMSC) to achieve coordinated scheduling, 
thereby determining the optimal real-time electricity price. Users’ electricity de-
mand is preferentially met by renewable energy to improve the level of renewable 
energy accommodation. Let { }1,2, , N=   denote the set of users,  

{ }1,2,3, , M=   denote the set of private electric vehicles, { }1,2,3, ,V=   
denote the set of electric taxis, and { }1,2,3, ,W=   denote the set of electric 
buses. A scheduling cycle is divided into K  time slots, and { }1,2, , K=   de-
notes the set of time slots. 

3. System Model 

A modular modeling method is employed in this section to build operational mod-
els of different distribution-network market participants. By incorporating phys-
ical network constraints, we formulate a global optimization model targeting max-
imum social welfare. 

3.1. Wind Turbines and Photovoltaic Systems 

The power output of a wind turbine is closely related to the actual wind speed. 
When the wind speed is below the cut-in wind speed, the available wind energy is 
insufficient to drive the turbine for normal power generation. When the wind speed 
lies between the cut-in wind speed and the rated wind speed, the turbine output 
gradually increases with wind speed. Once the wind speed reaches the rated value, 
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the turbine operates at its rated power. When the wind speed exceeds the cut-out 
wind speed, the turbine is shut down to ensure operational safety. Therefore, the 
output of the wind turbine during time period k  can be expressed as follows 
[24]: 

 ,

,

,

0, ,

r r k co

k ci
k WT r ci k r

r ci

k ci k co

P v v v
v v

P P v v v
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where rP  is the rated output power; kv  is the actual wind speed in time slot k ; 

rv  is the rated wind speed; civ  is the cut-in wind speed; and cov  is the cut-out 
wind speed. 

The wind speed approximately follows a Weibull distribution, and its probabil-
ity density function is as follows [25]: 
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 (2) 

where sk  and c  are the shape parameter and scale parameter. 
The photovoltaic power generation capacity is related to solar irradiance, con-

version efficiency, and radiation area, and its output model is as follows [26]: 
 ,k PV k k kP Sη θ=  (3) 

where kη  is the solar radiation efficiency, kS  is the solar radiation area, and kθ  
is the solar irradiance in time slot k . 

Renewable energy generation includes wind power generation and photovoltaic 
power generation. Let ,k rL  denote the total renewable energy generation in time 
slot k , which is expressed as follows: 
 , , , ,k r k WT k PVL P P k K= + ∀ ∈  (4) 

Since wind power and photovoltaic power generation mainly rely on natural 
resources, their power generation cost is assumed to be negligible, and only the 
operation and maintenance cost is considered, which is expressed by the following 
quadratic function [1]: 

 ( ) ( )2
, , , , , ,k r k r k r k r k r k rC L L Lδ σ= +  (5) 

where , 0k rδ >  and , 0k rσ ≥  are preset parameters. 

3.2. Thermal Power Unit 

Conventional generation has strong controllability and regulation capability in 
power systems and can provide stable power support when renewable generation 
is insufficient or system load is high. In this study, thermal power units are used 
to represent conventional generation, and kL  denotes the conventional genera-
tion output during time period k . Due to unit capacity and operating constraints, 
the generation output must satisfy the upper and lower limit constraints: 

 , , ,k min k k maxL L L k K≤ ≤ ∀ ∈  (6) 
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The cost of traditional thermal power generation mainly comes from fossil energy 
consumption, and is usually expressed by a quadratic convex function [9]: 

 ( ) ( )2
k k k k k k kC L a L b L c= + +  (7) 

where 0ka ≥  and , 0k kb c ≥  are the power generation cost coefficients. 

3.3. Utility Function 

The utility function is a concept in microeconomics, used to describe the relation-
ship between the satisfaction obtained by consumers and the quantity of goods 
consumed. The utility function is non-decreasing and exhibits diminishing mar-
ginal utility. In existing pricing models, the utility function of users is usually ex-
pressed in the following quadratic form [7]: 

 ( )
2

2

, 0
2,

,
2

x x x
U x

x

α ωω
αω

ω ω
α α

 − ≤ ≤= 
 ≥

 (8) 

where x  is the electricity consumption; 0ω >  is the electricity elasticity coef-
ficient, which varies among different users and at different time slots; and 0α >  
is a predetermined parameter. Let ( ), , ,,i k i k i kU x ω  denote the utility function of 
user i  in time slot k . 

3.4. Energy Storage System 

Let ,
s
i kx  denote the charging and discharging quantity of energy storage device 

i  in time slot k , where , 0s
i kx >  indicates that the energy storage device is charg-

ing, , 0s
i kx <  indicates that the energy storage device is discharging, and , 0s

i kx =  
indicates that the energy storage device is idle. The charging/discharging quantity 
of the energy storage device should satisfy the capacity constraint [27]: 

 ,
1

0 ,
K

s
i k i

k
x B i

=

≤ ≤ ∀ ∈∑   (9) 

where iB  is the maximum capacity of the energy storage device. Energy storage 
systems also incur degradation-related costs, as repeated charging and discharg-
ing can cause fatigue damage and reduce the durability of the storage device. There-
fore, the operating cost of the ESS is modeled using the following quadratic func-
tion: 

 ( ) ( )2

, , , , , ,
s s s s s s
i k i k i k i k i k i kC x x xδ σ= +  (10) 

where , 0s
i kδ >  and , 0s

i kσ ≥  are the relevant coefficients. 

3.5. Electric Vehicles 
3.5.1. Charging and Discharging Model 
The charging and discharging behavior of electric vehicles is mainly related to the 
grid-connection time, grid-disconnection time, daily driving mileage, SOC, and 
battery performance. Studies [3] have shown that the grid-connection and grid-dis-
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connection times of electric vehicles follow a normal distribution, and their prob-
ability density functions are as follows: 

 ( )
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where st  and et  are the grid-connection charging start time and the grid-dis-
connection charging end time of electric vehicles; sµ  and eµ  are the expected 
values of the grid-connection and grid-disconnection times; sσ  and eσ  are the 
variances of the grid-connection and grid-disconnection times. 

The probability density function of the daily driving mileage of electric vehicles 
is 

 ( ) ( )2

2

1 exp
22

d

dd

x
f x

µ
σσ

 −
 = −
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where dσ  is the daily driving mileage of electric vehicles; dµ  is the expected 
value; and dσ  is the variance. 

According to the daily driving mileage, the SOC of each electric vehicle at the 
charging start time can be obtained as 

 max1in jS d D= −  (14) 

where maxD  is the maximum cruising range of electric vehicle j . 

3.5.2. Classification of Electric Vehicles 
Considering the differences in travel patterns and charging demands among dif-
ferent types of electric vehicles, this paper classifies electric vehicles into private 
electric vehicles, electric taxis, and electric buses based on the parameter settings 
reported in [28], and establishes probability distribution models for their grid con-
nection times, departure times, and daily travel distances, respectively. 

The travel region and driving behavior of private electric vehicles exhibit a cer-
tain degree of regularity [28], mainly manifested as driving out in the morning for 
commuting and returning to the residence in the evening. Their grid-connection 
periods are highly concentrated in the nighttime hours at home. ( )19.55,2.06N  
and ( )8.32,0.85N  are used as the distributions of their grid-connection and grid-
disconnection times. Considering that the daily mileage of private cars is relatively 
short and a single charge per day can satisfy their travel demand, ( )46.3,15.3N  
is adopted as the distribution of their daily driving mileage. 
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Electric taxis are an important component of urban transportation, with rel-
atively long operating hours, and charging once a day cannot meet their demand. 
It is assumed that the charging behavior of electric taxis is mainly concentrated 
at noon and at night, with the corresponding distributions being ( )16,2.5N  
and ( )16.72,2.51N , ( )2,2.5N  and ( )4.89,2.54N . The average daily driving 
mileage of electric taxis ranges from 40 to 450 km, and its distribution conforms 
to ( )186,85N . 

Electric buses have fixed operating schedules, running according to route sched-
ules during the daytime, and are connected to the grid for charging after returning 
to the bus station at night. Their grid-connection and grid-disconnection times fol-
low normal distributions ( )22.1,1.42N  and ( )5.8,0.96N . The average daily driv-
ing mileage of buses ranges from 50 to 300 km, and its daily driving mileage dis-
tribution conforms to ( )151,55N . 

It should be noted that the probability distribution parameters for the grid con-
nection times, departure times, and daily travel distances of the three types of elec-
tric vehicles are all determined with reference to Reference [28], primarily to char-
acterize their typical travel patterns. These parameters are used as simulation in-
puts rather than being independently estimated through statistical fitting of actual 
vehicle operation data in this study. Based on these parameters, the Monte Carlo 
method is employed to generate operating scenarios for different types of electric 
vehicles, providing the necessary input data for subsequent charging and discharg-
ing optimization and real-time pricing analysis. 

3.5.3. Constraints and Cost Functions 
When electric vehicles participate in grid charging and discharging regulation, their 
charging and discharging energy is constrained by factors such as battery capacity, 
charging/discharging power limits, and grid-connection status. To ensure that 
different types of EVs participate in scheduling within feasible operating ranges, 
constraints should be imposed separately on the net charging/discharging energy 
of private electric vehicles, electric taxis, and electric buses. These constraints are 
expressed as follows [3]: 

 ,
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0 ,
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≤ ≤ ∀ ∈∑  (15) 
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where ,m kx  is the net charging and discharging quantity of electric private car 
m  in time slot k ; ,v kx  is the net charging and discharging quantity of electric 
taxi v  in time slot k ; ,w kx  is the net charging and discharging quantity of elec-
tric bus w  in time slot k ; and mB , vB  and wB  denote the maximum allow-
able charging and discharging quantities for the corresponding vehicle types. 

To ensure that electric vehicles can meet their travel requirements after leaving 
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the grid, the state of charge (SOC) needs to reach a preset minimum level [3]: 

 ,min ,
1

K
m
out in m m m

k
S S B E

=

≤ +∑  (18) 

 ,min ,
1

K
v
out in v v v

k
S S B E
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≤ +∑  (19) 

 ,min ,
1

K
v
out in v v v

k
S S B E

=

≤ +∑  (20) 

where ,in mS , ,in vS  and ,in wS  are the corresponding initial SOC states. mE , vE  
and wE  are the corresponding rated battery capacities. 

Let ,ev kx  denote the total net charging and discharging quantity of all electric 
vehicles in time slot k , where , 0ev kx >  indicates that electric vehicles are gen-
erally in a charging state, , 0ev kx <  indicates that electric vehicles are generally in 
a discharging state, and , 0ev kx =  indicates that electric vehicles are generally in 
an idle state. The details are as follows: 

 , , , ,
1 1 1

M V W

ev k m k v k w k
m v w

x x x x
= = =

= + +∑ ∑ ∑  (21) 

The operation and maintenance cost of electric vehicles can be expressed by the 
following quadratic function [29]: 

 ( ) ( )2
, , , , , ,ev k ev k ev k ev k ev k ev kC x x xδ σ= +  (22) 

where , 0ev kδ >  and , 0ev kσ ≥  are preset parameters. 

4. Real-Time Pricing Model and Solution 
4.1. Social Welfare Maximization Model 

The core objective of the classic social welfare maximization model is to maximize 
the difference between total user utility and power generation cost. When energy 
storage systems and electric vehicles are deployed on the user side, the calculation 
of social welfare needs to further deduct the total operation and maintenance costs 
of all users’ energy storage systems and electric vehicles on the basis of the classic 
model. The specific form is as follows: 

( ) ( ) ( ) ( ) ( )
, ,,

, , , , , , , ,
, , , 1 1
max ,
s

i k k ev ki k

K N
s s

i k i k i k i k ev k ev k k k k r k r
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∑ ∑  

 ( ), , , ,
1

s.t. ,
N

s
i k i k ev k k k r

i
x x x L L k K

=

+ + ≤ + ∀ ∈∑   (23) 

where Equation (23) is the supply-demand balance constraint, which is used to 
ensure that the total electricity demand in each time slot does not exceed the total 
power generation available from the system. The optimization problem is subject to 
the constraints in Equations (6), (9), (15), (16), (17), (18), (19), (20) and (23). In the 
model, the costs of TPU, PV, WT, ESS and EV are all convex functions, and the 
utility function is concave; therefore, the model is a convex optimization problem. 
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4.2. Dual Problem Solution 

To solve the optimal real-time electricity price, the Lagrangian multiplier is intro-
duced to construct the Lagrangian dual problem of the model: 

 ( )
0

min D
λ

λ
≥

 (24) 
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According to the variable separability property, the problem can be decomposed 
into supply-side and demand-side subproblems: 

 ( ) ( ) ( )D B Sλ λ λ= +  (26) 

where 
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Since the model is a convex optimization problem, the subgradient projection 
method is employed to solve problem (24) and update the Lagrange multiplier 
λ , which represents the optimal real-time electricity price. The iterative formula 
is given as follows: 
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∑

 (29) 

where [ ] { }max 0,z z+ = , > 0tv  is the iterative step size; ( )
,
t

i kx , ( ),
,
s t
i kx , ( )

,
t

ev kx  and 
( )t
kL  are the optimal solutions of subproblems (27) and (28), respectively. After 

the PMSC announces the current electricity price, the supply side and the demand 
side respectively solve their own subproblems to maximize their own welfare. 
When the electricity demand is higher than the supply, the electricity price rises, 
prompting users to reduce demand and power generators to increase supply; con-
versely, when the supply is greater than the demand, the electricity price falls, in-
centivizing users to increase demand and power generators to reduce supply, until 
supply and demand are balanced. When the electricity price fluctuation satisfies 
the preset convergence condition ( ) ( )1max t t

k kk K λλ λ ξ+

∈
− ≤ , the iteration terminates. 

At this point, the prices of both supply and demand parties in this time slot reach 
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equilibrium, and social welfare maximization is achieved.  
It should be noted that this study adopts a 24-hour scheduling horizon, using 

the forecasted wind and photovoltaic power generation and user electricity de-
mand for each time period as optimization inputs. The available charging and dis-
charging time windows of electric vehicles are determined based on their grid con-
nection and departure times generated by the Monte Carlo method. During each 
optimization process, the forecasted information and EV availability are assumed 
to remain unchanged throughout the current scheduling horizon. The supply and 
demand sides iteratively update electricity prices through the distributed dual al-
gorithm until the convergence criterion is satisfied, thereby obtaining the optimal 
real-time electricity prices for each time period. When the forecasted information 
or actual operating conditions change in subsequent scheduling periods, the op-
timization model can be solved again using the updated data to adjust the corre-
sponding electricity prices. This study primarily focuses on the real-time pricing 
mechanism under a given forecast scenario, while rolling-horizon optimization 
considering forecast errors is beyond the scope of the present work. The specific 
iterative steps are as follows: 

Algorithm 1: Demand-side execution steps 
Step 1. Receive the current electricity price ( )t

kλ  from the PMSC, and set the it-
erative step size and termination condition. 

Step 2. Solve problem (27) to obtain the optimal electricity consumption ( )
,
t

i kx , 
the charging and discharging quantity of energy storage ( ),

,
s t
i kx , and the charging 

and discharging quantity of electric vehicles ( )
,

t
ev kx . 

Step 3. Report the electricity consumption information to the PMSC. 
Algorithm 2: PMSC and supply-side execution steps 
Step 1. Set the initial electricity price ( )0

kλ , and select an appropriate step size 
0tv >  and convergence accuracy 0λξ > . 

Step 2. Broadcast the current electricity price ( )t
kλ  to all supply-side and de-

mand-side entities. 
Step 3. Solve problem (28) to obtain the optimal power generation ( )t

kL . 
Step 4. The PMSC receives the total electricity consumption information reported 

by the demand side and the total power generation information reported by the 
supply side, and solves problem (29) to update the electricity price ( )1t

kλ
+ . 

Step 5. Determine whether the electricity price satisfies the convergence condi-
tion. If so, the algorithm terminates and outputs the optimal electricity price; oth-
erwise, let 1t t= +  and proceed to the next iteration. 

During the above iterative process, the supply side and demand side exchange 
information and make optimization decisions through real-time price signals un-
der the coordination of the PMSC. On the demand side, after receiving the current 
electricity price, users optimize their electricity consumption and charging/dis-
charging behaviors to maximize their own utility. On the supply side, generation 
output is adjusted according to the current electricity price and the generation costs 
of different energy sources to maximize supply-side profit. 
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As the information coordination center between the supply and demand sides, 
the PMSC receives electricity consumption information reported by the demand 
side and generation information reported by the supply side, and dynamically up-
dates the real-time electricity price according to the current supply-demand im-
balance. When total system demand exceeds total supply, the PMSC increases the 
electricity price to encourage users to reduce their electricity consumption while 
motivating the supply side to increase generation output. Conversely, when total 
supply exceeds demand, the electricity price is reduced to encourage additional 
electricity consumption or charging of ESSs and EVs, while the supply side ap-
propriately reduces its generation output. By repeatedly performing this process, 
the supply-demand imbalance is gradually reduced until the predefined conver-
gence criterion is satisfied. At this point, the system reaches supply-demand equi-
librium and the corresponding optimal real-time electricity price is obtained. 

During the distributed solution process, each participant only needs to exchange 
essential information, such as electricity prices and power quantities, with the 
PMSC, without disclosing its private data. Therefore, the privacy of individual par-
ticipants can be protected to a certain extent. In addition, the supply-side and de-
mand-side subproblems can be solved independently and in parallel, thereby re-
ducing computational complexity and improving computational efficiency. 

5. Simulation Experiments 
5.1. Monte Carlo Simulation 

EV travel behavior is affected by various stochastic factors, including users’ travel 
demands. Consequently, daily driving distances, initial states of charge (SOC), 
grid-connection times, and departure times may vary across vehicles. Therefore, 
based on the probabilistic EV travel models established in Section 3.5, the Monte 
Carlo method is employed to randomly sample the travel parameters of different 
types of EVs and generate corresponding operating scenarios. 

In the simulation, 12 private electric vehicles, 5 electric taxis, and 3 electric buses 
are considered. The random seed is fixed at 2026, and 1000 random operating 
scenarios are independently generated according to the probability distributions 
of different EV types. Each scenario contains the grid connection times, departure 
times, and daily travel distances of 20 EVs, and the initial SOC of each vehicle is 
calculated based on its daily travel distance. For travel distance samples that fall out-
side the predefined reasonable ranges, resampling is performed. For vehicle connec-
tion intervals spanning midnight, a cyclic 24-hour scheduling approach is adopted, 
in which the connection intervals are divided into the evening period of the cur-
rent day and the early morning period of the following day to determine the actual 
charging and discharging availability of each vehicle. 

Based on these sampled parameters, the operating scenarios of different types 
of EVs are constructed by considering their battery capacities, SOC constraints, 
and charging and discharging power limits, thereby providing the necessary input 
data for subsequent EV charging and discharging optimization and real-time pric-
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ing analysis. 

5.2. Parameter Settings 

The effectiveness of the proposed real-time pricing method is verified through 
simulation experiments. A total of 30 users are set up in the system, each equipped 
with an energy storage device, and 12 private electric vehicles, 5 electric taxis, and 
3 electric buses are considered. A complete scheduling cycle is set to 24 h and 
divided into 24 scheduling time slots, with each time slot lasting 1 h. For each user, 
the utility function parameter ,i kω  in the first time slot is independently and ran-
domly generated within the interval [ ]1,5 , and randomly fluctuates in subsequent 
time slots. To reflect the typical intraday photovoltaic output pattern, the simula-
tion sets the solar irradiance to 0 at night, gradually increases with solar radiation 
during the daytime, reaches its maximum value around noon, and then gradually 
decreases. Wind and photovoltaic power generation are shown in Figure 1. The pa-
rameter settings are shown in the following table (Table 1). 

 
Table 1. Main parameters of the simulation system. 

Parameter Value Parameter Value 

/ / /r ci r coP v v v  60/3/12/25 / /m v wE E E  60/75/250 

/ / /s k kk c S η  2/7.5/250/0.18 max max max/ /m v wD D D  350/450/300 

, ,/k r k rδ σ  0.0005/0.02 ,min
m
outS  0.9 

/ /k k ka b c  0.004/0.2/0 ,min
v
outS  0.8 

, ,/ /s s
i i k i kB δ σ  8/0.01/0 ,min

w
outS  0.8 

, ,/ev k ev kδ σ  0.05/0.01 / /m v wB B B  7/15/40 

 

 
Figure 1. Wind and PV generation. 
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The simulation experiments are conducted using MATLAB R2024b. The pro-
posed real-time pricing model is solved using a distributed dual algorithm, in 
which the quadratic optimization subproblems on the supply and demand sides 
are solved using the quadprog solver, and the Lagrange multipliers are updated 
using the projected subgradient method. The maximum number of iterations is 
set to 1000, and the convergence tolerance for electricity price changes is set to 
10−4 CNY/kWh. 

5.3. Simulation Results and Analysis 

Figure 2 presents the optimal real-time electricity price obtained from the proposed 
model, which varies dynamically across different time periods. Figure 3 shows the 
system supply-demand balance. The system load exhibits clear intraday fluctu-
ations, while thermal power and renewable energy jointly meet the electricity de-
mand. ESSs and EVs participate in demand-side regulation in response to the real-
time electricity price. Through coordinated adjustments of supply-side generation 
and flexible demand-side resources, the supply-demand balance is maintained 
throughout the scheduling horizon, demonstrating that the proposed real-time pric-
ing mechanism can effectively facilitate interactions between the supply and de-
mand sides. 
 

 
Figure 2. Optimal real-time electricity price. 

 
Figure 4 presents the optimal electricity consumption schedule of user 18, who 

is equipped with the first private electric vehicle. The user’s baseline electricity con-
sumption varies to some extent in response to the real-time electricity price. The 
ESS shifts load across different time periods through charging and discharging, 
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thereby reducing electricity purchases from the grid during high-price periods. 
These results indicate that the ESS and EV can respond to real-time price signals 
while satisfying their respective operational constraints, thereby enhancing the de-
mand-side load regulation capability. 

 

 
Figure 3. Supply and demand balance. 

 

 
Figure 4. Optimal electricity consumption schedule of user 18. 

 
As can be seen from Figures 2-4, during 0:00-6:00, the system load remains at 
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a relatively low level, while the real-time electricity price stays at a moderate level 
overall. The ESS and EV participate in load shifting through charging and discharg-
ing. During 7:00-10:00, system electricity demand increases, and the real-time price 
adjusts accordingly. The ESS and EV on the demand side gradually change their 
charging and discharging states in response to the price signal. From 11:00 to 17:00, 
PV generation increases significantly, enhancing the renewable energy supply ca-
pability. Consequently, thermal power generation decreases, while the real-time 
electricity price remains relatively low, and flexible demand-side resources show 
a stronger tendency to charge during this period. After 18:00, renewable genera-
tion gradually declines while the system load remains at a relatively high level, re-
sulting in a tighter supply-demand balance and a corresponding increase in the 
real-time electricity price, which reaches a relatively high level around the evening 
load peak. During this period, the ESS reduces grid electricity purchases on the 
demand side through discharging, while EVs participate in V2G regulation subject 
to their grid-connection status and SOC constraints. Meanwhile, thermal power 
units increase their output to compensate for the supply shortfall caused by the de-
cline in renewable generation. 

5.4. Comparison of Different Pricing Mechanisms 

To verify the effectiveness of the proposed real-time pricing mechanism in improv-
ing social welfare, social welfare under real-time pricing and fixed pricing is com-
pared. To ensure a fair comparison, both pricing mechanisms use identical system 
parameters, wind and photovoltaic power generation profiles, user electricity de-
mand, and electric vehicle travel scenarios. In addition, the operating constraints 
of energy storage systems and electric vehicles remain unchanged, with only the 
electricity pricing mechanism being modified. The fixed electricity price is calcu-
lated as follows [27]: 

 fixed max
k k kL

N
α

λ ω= −  (30) 

where max
kω  denotes the maximum elasticity coefficient among all users at time 

period k . The fixed electricity price is determined based on the given parameters 
before the beginning of the scheduling period and remains constant throughout 
the 24-hour scheduling horizon, whereas the real-time electricity price is dynam-
ically adjusted according to the system’s supply-demand conditions using the dis-
tributed dual algorithm. As shown in Figure 5, the social welfare under the real-
time pricing mechanism is higher than that under the fixed pricing mechanism in 
all time periods, with relatively small overall fluctuations, indicating that the sys-
tem can maintain a relatively stable welfare level. In contrast to fixed pricing, real-
time pricing can dynamically adjust electricity prices according to the supply-de-
mand relationship, thereby guiding users, ESSs, and EVs to optimize their electric-
ity consumption and charging/discharging behaviors. Meanwhile, it coordinates 
supply-side generation, which helps reduce system operating costs and improve 
user utility. 
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Figure 5. Comparison of social welfare across different time periods. 

6. Conclusions 

This study proposes a real-time pricing model for smart grids considering multi-
ple supply- and demand-side resources, including thermal power, wind power, PV 
generation, ESSs, and different types of EVs. According to their travel and charg-
ing characteristics, EVs are classified into private electric vehicles, electric taxis, 
and electric buses, and Monte Carlo simulation is used to generate their operating 
scenarios. The model is formulated with social welfare maximization as the objec-
tive and solved through Lagrangian dual decomposition and a distributed iterative 
method. The main conclusions are summarized as follows: 

1) EV classification can better reflect the differences in demand-side flexibility. 
Different types of EVs have distinct grid-connection times, departure times, travel 
distances, and charging/discharging characteristics, which directly affect their abil-
ity to participate in demand response and V2G regulation. 

2) The proposed real-time pricing mechanism can effectively coordinate supply- 
and demand-side resources. The electricity price changes dynamically with the sys-
tem supply-demand relationship and guides users, ESSs, and EVs to adjust their 
electricity consumption and charging/discharging behaviors, thereby improving the 
coordination between generation and demand response. 

3) The proposed method can improve system economic performance and social 
welfare. Simulation results show that ESSs can achieve load shifting through inter-
temporal charging and discharging, while EVs can provide V2G regulation under 
grid-connection and SOC constraints. Compared with fixed pricing, real-time pric-
ing achieves higher social welfare and better resource allocation performance. 

4) The model still has room for further improvement. The current study simpli-
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fies EV user behavior, source-load uncertainty, and distribution-network operating 
constraints. Future research can further consider user participation willingness, re-
newable generation and load forecast errors, network power-flow constraints, and 
actual operating data to improve the robustness, scalability, and practical applica-
bility of the proposed method. 
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