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Abstract 

The widespread adoption of renewable energy generation and diversified end-user equip-

ment has significantly enhanced user benefits, a�racting sustained a�ention from the re-

search community. As energy systems become increasingly decentralized, traditional cen-

tralized optimization methods struggle to effectively capture the interactions among mul-

tiple agents. Achieving efficient interaction between diversified energy devices and load 

demands has emerged as a key challenge in current research. This study first outlines the 

system operation architecture and the involved game-theoretic agents, clarifying the roles 

of all participating entities. Subsequently, optimization models are established for the Vir-

tual Power Plant (VPP) and the user aggregator, respectively, incorporating an integrated 

electro-thermal demand response mechanism under multi-device scenarios. By analyzing 

the Stackelberg game between the VPP and end-users, the existence of a unique equilib-

rium solution for this game is demonstrated. Simulations are conducted on the MATLAB 

R2021b platform using the YALMIP 20210331 toolbox and the CPLEX solver, with heuris-

tic algorithms applied to further optimize the results. The proposed model effectively bal-

ances the interests of both parties while maintaining robust privacy protection for critical 

data. 
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1. Introduction 

The intensive exploitation of coal resources [1], alongside rapid strides in new energy 

technologies, is propelling the transformation of China’s energy landscape towards dis-

tributed renewable energy [2]. VPP technology offers a flexible and efficient novel ap-

proach for energy dispatch [3,4], enhancing the coupling utilization efficiency of energy 

sources. With the continuous advancement of renewable energy technologies [5], users 

are progressively installing photovoltaic generation systems [6], which facilitates the 

transformation of energy consumption pa�erns and increases the flexibility of power dis-

patch. 

Existing research indicates that current studies primarily focus on the internal archi-

tecture of VPP [7,8], while limited a�ention has been paid to scenarios where users are 

equipped with related devices such as photovoltaic generation systems or electric heating 

devices (EHD). Such scenarios allow for a more holistic consideration of flexible resources 

on the user side [9–11]. By deploying relevant equipment, users can achieve flexible en-

ergy conversion and enhance their own benefits. Moreover, in previous studies, the 
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impact of energy storage devices on the user side has seldom been taken into account 

[12,13]. The introduction of an energy storage mechanism can improve the utilization rate 

of renewable energy and regulate user-side response [14,15]. 

In summary, the current literature lacks a comprehensive solution to address issues 

such as the adjustment of the internal equipment portfolio within a VPP, the response to 

user demand, and the integration of photovoltaic (PV) generation devices and energy stor-

age mechanisms. Moreover, it is necessary to demonstrate how the model achieves a bal-

ance between the VPP and user aggregators, as well as the uniqueness of the results ob-

tained. Against this background, this paper employs a distributed collaborative optimiza-

tion strategy under a Stackelberg game framework to resolve the revenue conflict between 

the two parties [16]. The VPP acts as the leader, while the user aggregators and their in-

ternal devices serve as followers. This process optimizes the equipment output and pric-

ing strategy of the VPP as well as the energy demand of users [17]. A collaborative opti-

mization mathematical model based on Stackelberg game theory is established, and the 

proposed strategy is solved using a combined method of genetic algorithm and quadratic 

programming. Case study simulations verify the efficiency and advantages of the pro-

posed method. 

Based on the above analysis, given the increasing demand for user-side loads and the 

diversification of user energy supply methods, innovation and rational reduction of en-

ergy costs have become imperative. To this end, this paper aims to overcome the limita-

tions of traditional energy supply equipment and the single-source nature of user energy 

acquisition. It addresses the conflicting interests between parties and data privacy con-

cerns by proposing a novel regional integrated energy system and a solution for mutual 

benefit. The main contributions of this paper are as follows: 

(1) The deployment of PV units and electric heating systems on the user side not only 

facilitates energy conversion but also empowers end-users with self-supply capabil-

ity. This thereby broadens their options for energy sources, reduces reliance on ex-

ternal power supply, and enhances both operational flexibility and autonomy. 

(2) The integration of electrical and thermal energy storage within the system enhances 

its adaptability to fluctuations in renewable energy supply. This enables the spatio-

temporal transfer of energy, addressing the inherent limitations of renewable energy 

provision: low supply during peak demand periods and excess supply during off-

peak periods, which leads to waste. The introduced equipment improves both eco-

nomic efficiency and system stability. 

(3) A Stackelberg game equilibrium model balancing the interests of VPPs and users was 

established to derive the equilibrium solution for both parties, providing a theoretical 

foundation for the coordinated optimization of multi-agent energy systems. A dis-

tributed optimization architecture protecting data privacy was constructed using a 

distributed solution method combining genetic algorithms (upper layer) with the 

CPLEX solver (lower layer). This approach promotes the decentralized and intelli-

gent development of energy systems while balancing computational efficiency and 

accuracy, making it suitable for optimizing large-scale complex systems. 

2. Integrated Energy Microgrid System Framework 

This paper constructs a community-scale integrated energy system consisting of 

three components: a VPP, electrical and heat loads on the user side, and an electro-heat 

energy storage system. Given the large number and geographically dispersed nature of 

user groups, which complicates unified optimization and scheduling, these user groups 

are aggregated into equivalent user aggregators, and their response strategies are ana-

lyzed [18]. 
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As the initiator of energy transactions, the VPP engages in energy trading with user 

aggregators, supplying both heat and electricity to meet the energy demands on the user 

side [19]. From a market-transaction perspective, the VPP sets corresponding electricity 

and heat prices based on the energy consumption pa�erns of user aggregators to enhance 

its own profitability. From an asset-composition perspective, the VPP is equipped with a 

combined heat and power (CHP) unit (which includes a gas turbine (GT), a waste heat 

boiler (WHB), and an organic Rankine cycle (ORC)), a gas boiler (GB), electrical energy 

Storage (EES), and heat energy storage (HES) devices to provide the necessary heat and 

electrical energy for user aggregators [20]. The specific framework is illustrated in Figure 

1. 

 

Figure 1. VPP framework. 

Currently, we analyze energy consumption pa�erns to meet the primary energy de-

mands of end-users. Based on the types of electrical demand equipment, loads can be cat-

egorized into rigid loads and flexible loads. Flexible electrical loads allow users to adjust 

their energy demand, thereby enhancing the flexibility of electricity consumption. Cur-

rently, the installation of PV generation systems and EHD at the user end is feasible. Be-

sides expanding the sources of electricity, users can autonomously choose and adjust the 

sources of heat loads based on the cost of electric heating and the price of heat energy, 

thereby avoiding profit losses due to high prices. This structure addresses the issue of 

single-source energy supply for users and improves the flexibility of integrated demand 

response without compromising user experience. 

The system is equipped with electrical and heat energy storage devices, which en-

hance the utilization rate of renewable energy [21], reduce price fluctuations caused by 

photovoltaic curtailment, and strengthen bidirectional energy flow. Through energy stor-

age facilities, energy interaction is achieved, providing energy access services to the user 

side. This reflects the energy interaction response on the user side based on renewable 

energy integration and price-based mechanisms. 

The operational framework of entities within the integrated energy system is as fol-

lows: the VPP formulates appropriate pricing strategies for electricity and heat based on 

forecasted market prices for the following day. In response to these price signals and their 

own energy requirements, the user side adjusts the daily load distribution, optimizing the 

allocation of electrical and heat loads to maximize their own profit. A diagram of this 

game structure is presented in Figure 2. 
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Figure 2. Game structure. 

3. System Energy Output Model 

3.1. CHP Unit Model 

The CHP unit comprises three core components: a GT, an ORC, and a WHB. This 

integrated system enables the comprehensive utilization of energy resources: 

GT equipment model: 
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In the equation, ,
t

GT eP  denotes the electrical energy generated by GT burning natu-

ral gas at time t. ,
t

GT hP  denotes the thermal power output of the gas turbine at time t. 

,
t

g GTP  denote the natural gas power input to the GT during time period t. e
GT  symbol-

izes how effectively GT transforms natural gas input into electrical energy, h
GT  repre-

sents the gas-to-heat efficiency of GT, max
,g GTP  and min

,g GTP  represent the upper and lower 

limits of GT input power, respectively, max
, g GTP   and min

, g GTP   represent the upper and 

lower limits of GT ramping, respectively. 

The GT generates heat energy, part of which is utilized for waste heat power gener-

ation in the ORC, while the remainder is supplied to the heat load via the WHB. The gas 

turbine, organic Rankine cycle, and waste heat boiler collectively form the CHP system 

[22] 
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(2)

In the equation, ,
t

h WHBP   and ,
t

h ORCP   represent the relative heat power inputs to 

ORC and WHB; 
t
WHBH   and ,

t
ORC eP   symbolize the heat and electrical power output of 

WHB and ORC, respectively; ηORC represents the conversion efficiency of ORC; ηWHB rep-

resents the heat loss of WHB; max
,h ORCP  and min

,h ORCP  represent the upper and lower limits 



Energies 2026, 19, 1207 5 of 21 
 

https://doi.org/10.3390/en19051207 

of the input power of ORC; max
, h ORCP  and min

, h ORCP  represent the upper and lower limits 

of the ramp-up constraints of ORC. 

The final expressions for the heat and electrical output of the CHP are: 

2
, , , ,( ) ( )t t t t t

CHP GT e ORC e GT e ORC e

t t
CHP WHB

P a P P b P P c

H H

     


  

(3)

3.2. Gas Boiler Output Model 

The heat load required by the user side cannot be fully met by the heat output of the 

CHP unit. Therefore, a GB is incorporated into the virtual power plant as the primary 

heating unit to address the heat load demand. 

GB produces heat energy by burning natural gas. The conversion relationship be-

tween the output heat power 
t
GBH  and the input natural gas power 

t
GBG  is as follows: 

min max

t t
GB GB GB

t
GB GB GB

H G

H H H

 


   

(4)

In the formula, ηGB is the heat conversion ratio of GB; 
max
GBH  and 

min
GBH  represent 

the maximum and minimum values of the output heat power of GB. 

3.3. Electrical Energy Storage Systems 

Energy storage systems enable the temporary storage of electrical energy, allowing 

power to be shifted over time to accommodate the variability of renewable energy gener-

ation. To mitigate the adverse effects on ba�ery lifespan caused by operation at low 

charge/discharge rates and a low state of charge (SOC), the energy storage unit must com-

ply with charging/discharging power constraints and SOC limits. Within any given time 

period, the total charging or discharging power of all users must not exceed the rated 

power of the energy storage system. 

1
. . . .

min max
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min max
. . . . .

min max
. . . . .

t t t
bt chr bt chr bt chr bt chr bt chr

t t t
bt dis bt dis bt dis bt dis bt dis

U P P U P

U P P U P

  


   

(6)

In the formula, 
t
btSOC  is the state of charge of the ba�ery (kWh); .

t
bt chrP  and .

t
bt disP  

are the charging and discharging power of the ba�ery (kW), respectively; ηbt,chr and ηbt,dis 

are the charging and discharging efficiency of the ba�ery, respectively; .
t
bt chrU  and .

t
bt disU  

are the charging and discharging status bits of the ba�ery, where 0 means shutdown and 

1 means operation; and satisfy the mutual exclusion constraint and charging and dis-

charging frequency constraint. 

. .

24

. .
=1

1

  

t t
bt dis bt chr

t t
bt dis bt chr

t

U U

U U T

  


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


 

(7)

To prevent the energy storage system from entering an invalid state of simultaneous 

charging and discharging, the state variables must be controlled. Furthermore, to opti-

mize the full life-cycle cost of the ba�ery, the proposed operational strategy strictly limits 

frequent state-switching behaviors. This strategy aims to prevent excessive 
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electrochemical degradation caused by micro-cycles, thereby maximizing the service life 

of the ba�ery pack while maintaining system flexibility. It enforces a ba�ery operation 

pa�ern that is smooth, health-conscious, and aligned with its physical characteristics. 

During actual operation, the ba�ery must satisfy the charge and discharge ramp rate 

constraints shown in the following equation: 

1
. . . .

1
. . . .

down t t up
bt chr bt chr bt chr bt chr

down t t up
bt dis bt dis bt dis bt dis

P P P P

P P P P





   


    
(8)

In the formula, .
down

bt chrP  / .
up

bt chrP   and .
down

bt disP  / .
up

bt disP   represent the minimum/maximum 

charging and discharging power (kW) of the ba�ery in the charging and discharging states, 

respectively. 

Additionally, to maintain continuous service provision and compensate for energy 

conversion losses, the energy stor-age system must satisfy the energy balance constraint. 

This requires that the SOC at the end of the scheduling period equals the initial SOC, 

thereby ensuring the sustainability of the cycle. 

,

, ,
1 1 ,

( ) ( ) 0
tT T

bt dist
bt chr bt chr

t t bt dis

P
P t t

 

      
 

(9)

3.4. Heat Energy Storage 

HES device can store heat when there is a surplus and release it during periods of 

heat shortage or high heating costs, thereby enhancing system flexibility and economic 

efficiency. Their capacity limits as well as heat storage and release power constraints are 

as follows. 

1
. . . .

min max

(1 ) ( / )t t t t
tst tst h tst chr tst chr tst dis tst dis

t
tst tst tst

H H H H

H H H

      


   

(10)

min max
. . . . .

min max
. . . . .

t t t
tst chr tst chr tst chr tst chr tst chr

t t t
tst dis tst dis tst dis tst dis tst dis

U H H H U

U H H H U

  


   

(11)

In the equation, 
t
tstH   is the stored heat energy of the heat energy storage device 

(kWh); .
t
tst chrH  and .

t
tst disH  are the heat storage and heat release power of the HES device 

(kW), respectively; h  is the energy loss rate of the HES device; .tst chr  and .tst dis  are 

the heat storage efficiency and heat release efficiency, respectively; .
t
tst chrU   and .

t
tst disU  

are the charge and discharge status indicators of the HES device, where 0 indicates stop 

and 1 indicates operation; and they satisfy the mutual exclusion constraint: 

. . 1t t
tst dis tst chrU U 

 
(12)

The HES device must satisfy the following ramping rate constraints: 

1
. . . .

1
. . . .
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(13)

In the formula, .
down
tst chrH  / .

up
tst chrH   and .

down
tst disH  / .

up
tst disH   represent the minimum/maxi-

mum heat storage and heat release power (kW) of the HES device in the states of heat 

release and storage, respectively. 
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3.5. Virtual Power Plant Operation Revenue Model 

Acting as an energy hub with bidirectional energy flow, the VPP serves as the leader 

and coordinator in the system, performing functions related to energy production, trans-

mission, and supply. It acts as the manager, balancing energy interactions between gen-

eration, load, and storage to facilitate user interaction with integrated energy equipment 

via demand response. The pricing strategy is formulated based on the production plan of 

its own equipment and the load demand of the consumption side. The ultimate objective 

is to maximize revenue, which can be expressed as: 

1

max ( )
T

t t t t
VPP sell grid cchp h

t

E C C C C


     (14)

Among these, 
t
sellC  represents the revenue obtained from supplying power to users 

during time period t, t
gridC  denotes the grid interaction cost. A negative value indicates 

purchasing electricity from the grid, while a positive value indicates selling electricity to 

the grid, respectively. C
t 

cchp represents the fuel consumption cost of each unit within the 

virtual power plant, and C
t 

h represents the maintenance cost that each unit needs to con-

sider based on its output. The above equations can be expressed as: 

, ,( )t t t t t
sell el e s l h sC P c H c t  

 
(15)

, ,[ max( ) min( ) ]t t t t t t t
grid el es g b el es g sC P P c P P c t     

 
(16)

t t
h i iC K P  (17)

2 2
, ,( ) ( )t t t t t

cchp e GT e e GT e e h GB h GB hC a P b P c a H b H c     
 

(18)

In the equation, 
t
elP  and H

t 

l  represent the user’s electrical load and heat load, respec-

tively. ,
t
e sc  and ,

t
h sc  represent the operator’s electricity and heat sales prices to the user, 

respectively. 
,

t
g sc  and 

,
t
g bc  represent the operator’s electricity sales and purchase prices 

to the external grid, respectively. 
t
esP  represents the operator’s total electricity supply. iK  

represents the operation and maintenance cost coefficient of the equipment, ,
t

GT eP  and 

t
GBH  represent the gas turbine’s electrical power output and the heat power output of 

the gas boiler, respectively. Additionally, the parameters ae, be, ce and a
 

h, bh, ch denote the 

fuel cost coefficients for the gas turbine and gas boiler, respectively. Furthermore, to pre-

vent model degeneracy by avoiding direct transactions between consumers and the grid, 

it must be ensured that the prices offered by the operator are slightly lower than market 

prices. This requirement is enforced by the following constraint: 

, , ,
t t t
g b e s g sc c c 

 
(19)

,min , ,max
t t t
h h s hc c c 

 
(20)

4. User Aggregation Model 

4.1. User Aggregation Commercial Application Scenarios 

User aggregators contain a variety of complex load resources. This paper considers 

the main demand loads of users, namely the two energy usage scenarios on the user side: 

electrical load and heat load. 
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The electrical loads on the user side can be categorized into flexible electrical loads 

and rigid electrical loads: rigid loads have fixed usage times and quantities, making them 

difficult to adjust; flexible loads, on the other hand, possess flexibility, allowing their con-

sumption pa�erns to be adjusted based on real-time electricity prices. These flexible loads 

can be further subdivided into curtailable loads and shiftable loads. Building on this, the 

user aggregator achieves electricity demand response by coordinating these two types of 

loads. The electrically heated devices installed within the aggregator, while introducing 

additional electrical losses and increasing electricity demand, also provide users with di-

versified pathways for acquiring heat energy, helping to mitigate the risk of relying on a 

single heat source. Considering the above, the electricity consumed by the user aggregator 

during the t-th time interval of a day can be expressed as: 

t t t t
el fel sel dzrP P P P  

 
(21)

In the formula, 
t
elP  represents the total electricity consumption of the user aggrega-

tion service provider within a day, t
felP  represents the rigid electricity load in the elec-

tricity load, 
t

selP  and 
t

dzrP  represent the flexible electricity load and the additional elec-

tricity load generated by electric heating device, respectively. 

The adjustment of electricity consumption should consider practical applications to 

avoid affecting essential production and daily activities. Due to the complexity of actual 

conditions on the user side, it is difficult to determine specific amounts of electrical load 

curtailment. This paper temporarily excludes curtailable loads and thus only requires that 

the following condition be satisfied: 

max

1

0 t
sel sel

T
t

sel sel
t

P P

P t W


  



 



 

(22)

In the formula, 
max

selP   represents the maximum amount of load that the user can 

transfer, W
 

sel represents the total transferable load within T time periods, i.e., the total 

amount of shiftable load must be kept constant before and after demand response. 

The modeled heat loads encompass fixed and shiftable types. End-user access to heat 

energy has been diversified, moving beyond exclusive dependence on VPP-supplied heat 

to include on-site electro-heat conversion, which boosts operational flexibility. Therefore, 

electric heating systems are utilized when VPP electricity prices are strategically low or 

when their operational cost undercuts the VPP’s heat tariff. This operational strategy aug-

ments the user aggregator’s economic benefits. The aggregate heat load and its associated 

constraints for a typical day are formulated below: 

(1 )t t t
l n MGO n uH H H   

 
(23)

t t t
l sl flH H H 

 
(24)

max0 t
sl slH H 

 
(25)

In the equation, 
t
MGOH  represents the heat power supplied by the VPP, and t

flH  

represents the fixed heat load; 
t
slH  represents the transferable heat load, which can be 

transferred in a certain proportion based on user comfort and energy supply adequacy; 
max
slH  represents the upper limit of the transferable heat load. 

t
uH  represents the heat 

energy supplied by the user aggregator’s own electric heating device at the t-th time step; 

where is the heating scheme factor selected by the user aggregator at the t-th time step 
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within a day. When µ
 

h is 1, it indicates that the heat energy is supplied by the virtual power 

plant, and when is 0, it indicates that the heat energy comes from the user-side electric 

heating device. 

The response constraints for user-side electric heating device are as follows: 

t l t
dzr h dzrH P

 
(26)

max0 t
u uH H 

 
(27)

In the formula, 
t
dzrH  is the electric heating output of the user side during the t-th 

time period of the day; l
h  represents the operational efficiency of end-use electric heat-

ing devices; 
max
uH  denotes the maximum permissible operational output of end-use elec-

tric heating devices. 

By comparing the two energy consumption pa�erns using the following formula, the 

selection scheme for the user-side heating coefficient µ
 

h can be determined. 

,

,

,

,

0   

1   

t
e s t

h sl
h

h t
e s t

h sl
h

c
c

c
c






  
     

 
 

   
   

(28)

4.2. Simplified Treatment of Heat Load 

It is acknowledged that the proposed model treats heat load flexibility similarly to 

electrical load shifting, thereby neglecting the explicit thermodynamic processes of build-

ings. While incorporating a full dynamic thermal model would theoretically improve 

physical accuracy, it is omi�ed in this study for two critical reasons: 

Computational Tractability: The proposed bilevel framework employs a GA in the 

upper level, which requires iterative solving of the lower-level problem. Introducing state-

coupled differential equations for thermal dynamics would transform the lower-level 

model into a complex differential-algebraic system, rendering the bilevel optimization 

computationally intractable for practical dispatch horizons. 

Data Privacy and Availability: Accurate thermal modeling requires specific physical 

parameters of individual buildings. In a privacy-preserving VPP context, acquiring such 

sensitive physical data from heterogeneous users is unrealistic. 

To prevent the overestimation of flexibility resulting from this simplification, this pa-

per implements a dual-safeguard mechanism: 

The shiftable and reducible proportions of the heat load are strictly constrained 

within a narrow range. This ensures that the adjusted heat supply effectively respects the 

thermal retention limits of buildings without requiring explicit temperature calculations. 

The quadratic utility function serves as a soft constraint. The parameters ν and α are 

calibrated to impose a steep marginal utility loss on load shedding. This economic penalty 

mimics the physical discomfort caused by temperature deviations, forcing the optimizer 

to avoid unrealistic load cuts even in the absence of thermal inertia constraints. 

4.3. Photovoltaic Power Output Model 

Research in the field emphasizes the substantial capacity of photovoltaic power gen-

eration. Estimates suggest that the total available solar energy resource is many times 

larger than all other domestic energy resources combined. Moreover, if fully converted 

into electricity, it could potentially yield an output multiple times China’s present total 

energy production. Photovoltaic systems offer the key advantages of producing zero 
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carbon emissions and other wastes during operation, and are not subject to the limitations 

of regional resource distribution [23,24]. 

The power output of photovoltaic systems is characterized by significant variability, 

primarily driven by natural factors such as weather. Acknowledging this stochastic nature 

is critical for ensuring the credibility of the modeling data. The power of a PV unit is fun-

damentally dependent on local conditions, including solar irradiance and ambient tem-

perature. Its mathematical representation is given as follows: 

, 1 ( )t
PV t PV PVZ T stp

s

A
P P T T

A
     

 
(29)

In the equation, PV  denotes the derating factor of the unit, PPVZ represents the rated 

output power of the system, At. is the actual irradiance at time t, and As denotes the stand-

ard irradiance under fixed conditions (kW/m2). The coefficient αT represents the tempera-

ture coefficient, and Tstp signifies the standard temperature. Given that the value of αT is 

relatively very small, the temperature variation exerts a negligible impact on the output 

of the PV unit. Consequently, the PV generation power can be approximated as propor-

tional to the actual irradiance At. 

This paper employs the Latin Hypercube Sampling method to mitigate errors arising 

from PV uncertainty. By generating sample values that reflect the overall distribution of 

random variables, a large number of PV output scenarios are produced, ensuring com-

prehensive coverage of the sampling range and guaranteeing the reliability of the gener-

ated data. Concurrently, to avoid analytical complexity and computational redundancy 

caused by an excessive number of scenarios, a scenario reduction technique based on the 

Kantorovich distance is applied to process and reduce the scenarios, ultimately yielding 

a reduced set of scenarios with corresponding probabilities. 

4.4. User Aggregator Revenue 

Based on the announced energy selling prices, the user side adjusts its electrical and 

heat loads to maximize its own profit, which is defined as the difference between the end-

user’s utility function and the total energy cost. The specific formulation is as follows: 

, ,
1

( ( ) )
T

t t t t t
user u el e s l h s

t

F f P c H c t


   
 

(30)

In the formula, 
t

uf  represents user satisfaction, which indicates the level of satisfac-

tion users obtain from purchasing electricity and heat at different time periods [25]. It is 

typically non-decreasing and convex, with several forms such as quadratic and logarith-

mic. This paper uses a quadratic function to represent it: 

2 2( ) ( )
2 2

t t t t te h
u e el el h l lf P P H H

 
    

 
(31)

In the formula, the coefficients ve, αe, vh, αh represent the preference coefficients for 

consuming electricity and heat, respectively, reflecting the user’s demand preferences for 

different energy types and influencing the magnitude of demand. 

The above formulation, grounded in the “representative agent” theory of microeco-

nomics, rigorously captures the heterogeneity of the user population. The aggregated pa-

rameters are mapped from individual preferences as follows: α represents the collective 

elasticity of the entire group, derived from the harmonic sum of individual sensitivities, 

reflecting that the aggregator’s total demand flexibility is the accumulation of all individ-

ual flexibilities. v characterizes the group’s weighted average valuation of energy, ob-

tained by averaging individual preference coefficients with weights determined by their 
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respective price sensitivities. This formulation is a mathematically equivalent expression 

of the collective behavior of heterogeneous users, ensuring that the model preserves the 

diversity of individual demand responses at the macro level. These parameters are iden-

tified through curve fi�ing of historical aggregate load data, enabling the VPP to optimize 

its strategy without accessing individual preference data. 

4.5. System Constraints 

To ensure the secure, reliable, and stable operation of the VPP, once the objective 

function is established, the system constraints must be considered, including the power 

balance constraint, generator output limits, as well as generator ramping constraints. 

4.5.1. Constraint on Power Supply Balance 

During power transmission, the power balance of the grid must be maintained. When 

power generation exceeds load demand, the grid frequency rises; conversely, when gen-

eration decreases, the grid frequency drops. 

. , . ,
t t t t t t t t

CHP bt dis PV grid buy fel sel bt chr dzr grid sellP P P P P P P P P       
 

(32)

In the formula, 
t
PVP  and Pdzr represent the electrical power output of the photovol-

taic unit and electric heating device, respectively. 
,

t
grid buyP   and 

,
t

grid sellP   represent the 

power purchased from and sold to the utility grid, respectively. 

4.5.2. Limitations on Heating Balance 

In a heating system, the heat transfer balance must be maintained. This paper ignores 

the heat losses due to transmission. The heating balance constraint is expressed as follows: 

. .
t t t t t t t
dzr CHP GB tst dis fl sl tst chrH H H H H H H     

 
(33)

4.5.3. Power Exchange Constraints 

.min .max

1
. .

t
grid grid grid

t t
grid down grid grid grid up

P P P

P P P P

  


    

(34)

In the formula, P
max 

grid /P
min 

grid  and P
up 

grid/P
down 

grid  represent the maximum/minimum power pur-

chase capacity of the power grid and the upper/lower limits of the ramp rate, respectively. 

5. Stackelberg Game Model 

5.1. Microgrid Game Theory Framework 

The VPP determines its production schedule and formulates the energy selling strat-

egy for each time slot. Based on the published pricing scheme from the VPP, the user side 

adjusts its energy consumption distribution to achieve reasonable load planning and op-

timized energy utilization. 

The players are the VPP and the end-users. Their respective payoff functions are the 

VPP’s payoff function and the user-side payoff function mentioned earlier. For the two-

sided Stackelberg game comprising multiple investors, the Stackelberg game G can be 

represented as: 

, ,( );    ,     

,     ;     ;    

e s h s

sl sl VPP user

VPP l c c
G

P H E F

  
  
  

 ；

 

(35)
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Once a game equilibrium is reached, no participant can unilaterally alter their strat-

egy to achieve higher returns. In the equation, the VPP acts as the leader in the game pro-

cess, the user aggregator l as the follower, ce,s represents the set of electrical price strategies 

published by the virtual power plant, and ch,s denotes the set of heat price strategies issued 

by the VPP. Psl denotes the set of strategies available to the user aggregator for flexible 

load adjustment within a day; Hsl represents the set of heat load strategies that the user 

aggregator can transfer within a day. EVPP and Fuser respectively represent the revenue of 

the virtual power plant and the revenue of the user aggregator. 

The game a�ains a Stackelberg equilibrium when the followers select their best re-

sponses to the leader’s strategy, and the leader simultaneously achieves its optimal strat-

egy. 

5.2. Existence and Uniqueness of the Equilibrium Solution 

To theoretically prove the existence and uniqueness of the Stackelberg equilibrium 

solution, we perform a continuous relaxation of the discrete binary variables in the lower-

level model. Under this relaxation assumption, the strategy spaces of both the leader and 

the followers become compact and convex sets, thereby satisfying the following three con-

ditions: (1) the strategy spaces of both the leader and the followers are non-empty, com-

pact, and convex sets; (2) for any given strategy set of the leader, an optimal solution exists 

and is unique for all followers; and (3) for any given strategy set of the followers, an opti-

mal solution exists and is unique for the leader. 

(1). Based on the Stackelberg model, the payoff functions of both the VPP and the user 

aggregator are continuous with respect to their respective strategy sets. The optimal 

strategy for the leader (VPP) must satisfy constraints (19)–(20) and (32)–(34), while 

the optimal strategy for the follower (user aggregator) must satisfy constraints (21)–

(28). Consequently, the strategy set of each participant is non-empty, compact, and 

convex. 

(2). Taking the second partial derivatives of t
userF  with respect to t

slH  and t
slP  respec-

tively, we obtain: 

 

2

2

t
user

e
t

sl

F

P



 


 (36)

 

2

2

t
user

h
t
sl

F

H



 


 (37)

Under the parameter se�ings of this paper, αe > 0 and αh > 0. Therefore, it can be 

concluded that the function a�ains a maximum point with respect to each strategy varia-

ble. 

(3). Substituting the set of optimal solutions for the user aggregator, P
t 

el = (ve−
,

t
e sc )/ae and 

Q
t 

hl = (vh − 
,

t
h sc )/ah, into the energy sales revenue function, and then taking the second 

partial derivatives with respect to 
,

t
e sc  and 

,
t
h sc  respectively, yields: 

 

2

2

,

2t
VPP

t
ee s

E

c 


 


 (38)
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 
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2

,

2t
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t
hh s

E

c 


 


 (39)

Furthermore, the Hessian matrix for the microgrid operator is given by: 

     

     

2 2

2

, ,,

2 2

2

, , ,

2       0
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0    
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t tt
e s h se s e
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c cc
H

E E

c c c





  
       
   
             

(40)

Based on the above proof, the Stackelberg game model proposed in this paper pos-

sesses a unique equilibrium solution. 

5.3. Model Solving Methods and Processes 

For the Stackelberg game model, this study adopts a distributed optimization algo-

rithm to solve the payoff functions of each investment entity. While the existence and 

uniqueness of the equilibrium solution is theoretically established under relaxed condi-

tions, the actual engineering problem involves binary constraints associated with equip-

ment scheduling, as formulated in Equations (7) and (12). These constraints render the 

lower-level optimization a nonconvex mixed-integer nonlinear programming problem. 

Conventional gradient-based solvers are prone to becoming trapped in local optima or 

may fail entirely due to discontinuities in the decision variables. Moreover, gradient-

based methods typically require the VPP to have access to users’ private utility parameters. 

To address both nonconvexity and data privacy concerns, this paper adopts a distributed 

algorithm that integrates a GA with CPLEX. The GA enables the VPP to optimize its pric-

ing strategy using only user-side feedback, without needing to access sensitive internal 

parameters of the users. 

The use of a genetic algorithm in the upper-layer optimization eliminates the need 

for sharing sensitive lower-level parameters, ensuring strict data privacy. It also inher-

ently handles discrete variables and non-convex constraints, removing the requirement 

for strict convexity. The game-theoretic solution procedure is outlined below. 

The system is designed with upper and lower operational levels. The upper level 

optimizes VPP energy prices using a genetic algorithm; subsequently, the lower-level user 

aggregator employs CPLEX to determine optimal load and device scheduling in response 

to these prices. 

(1) The following parameters are configured for the initial iteration (k = 0) of the algo-

rithm applied to the VPP, Shared Energy Storage, and User Aggregator models: a 

population size (m) of 20, a maximum of 30 iterations, a mutation rate of 5%, a cross-

over rate of 80%, and an inter-generational convergence tolerance of ≤0.01. 

(2) Using the genetic algorithm, m sets of electricity and heat prices are randomly gen-

erated and are then passed to the user aggregator. The iteration counter is updated 

as k = k + 1. 

(3) Utilizing the acquired electricity and heat prices, the user aggregator leverages the 

CPLEX solver to determine the corresponding optimal power/heat load profiles and 

storage dispatch. It then calculates the resulting revenue across different user-side 

energy scenarios, and transmits the compiled consumption data to the VPP. 

(4) Based on the actual electricity and heat purchases from the user side, the VPP calcu-

lates its operational revenue. 

(5) The selection, crossover, and mutation operations of the genetic algorithm are em-

ployed to produce new electricity and heat prices. This iterative process, repeating 
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steps (3) through (4), facilitates the calculation of a new round of payoffs for all par-

ticipating entities. 

(6) The payoff results obtained from successive iterations are compared and analyzed. 

(7) If convergence is achieved, the procedure terminates; otherwise, it reverts to step (3). 

6. Case Simulation and Analysis 

The user side incorporates PV and electric heating systems; the VPP side consists of 

a CHP unit, a gas boiler, and wind turbines. The key parameters, energy storage parame-

ters, and economic parameters are listed in Tables 1, 2, and 3, respectively. With a 24-

interval daily scheduling period, the corresponding load forecasts are shown in Figure 3. 

 

Figure 3. Load forecasting curve for typical daily users. 

Flexible electrical loads on the user side account for 20% of the total electrical load. 

Due to the high sensitivity of users to thermal comfort, and to prevent excessive adjust-

ments of thermal loads—even if aimed at higher gains—from compromising satisfaction, 

the adjustable portion of the thermal load is typically capped at 10% of the total thermal 

demand. 

The user preferences for electricity and heat are represented by the coefficients νe, αe, 

νh, and αh which are 1.5, 0.0012, 1.4, and 0.001, respectively. The fuel cost coefficients for 

the integrated energy operator are ae, be, ce(ah, bh, ch), which are 0.0015, 0.16, and 0 (0.0008, 

0.13, 0), respectively. Energy storage equipment parameters are shown in Table 2. 

Table 1. Parameters of the new energy system unit. 

Parameters Capacity/kW Energy Conversion Efficiency/% Ramping Constraint/% 

  22(Gas to electricity conversion)  

GT 1000  20 

  72(Gas to heat conversion)  

ORC 600 80 20 

WHB 600 80 20 

GB 800 82 20 

EHD 400 85 20 

Table 2. Energy storage device equipment parameters. 

Parameter Numerical Value 

P
min 

bt.chr, P
max 

bt.chr 0.0, 350 

P
min 

bt.dis, P
max 

bt.dis 0.0,350 
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H
min 

tst.chr, H
max 

tst chr 0.0, 350 

H
min 

tst.dis, H
max 

tst dis 0.0, 300 

ηtst.chr, ηtst.dis 0.98, 0.98 

ηbt.chr, ηbt.dis 0.97, 0.97 

Table 3. Economic parameter. 

Parameter  Numerical Value/CNY/KWh 

 Peak 1.25 

TOU pricing Flat Rate 0.80 

 Off Peak 0.40 

Feed-in Tariff  0.35 

Heat Price Cap  0.50 

Heat Price Floor  0.20 

Average Electricity Selling Price  0.75 

Average Heat Selling Price  0.45 

A simulation framework was developed in MATLAB based on the model to compare 

five scenarios. The genetic algorithm used a population of 20, a 5% mutation rate, and an 

80% crossover rate. Scenario configurations are detailed in Table 4, with × and √ indicating 

whether the corresponding equipment is installed, and the computed optimal benefits are 

presented in Table 5. 

Table 4. Comparison of five scenarios. 

Scenario Energy Storage EHD PV 

Scenario 1 × × × 

Scenario 2 √ × × 

Scenario 3 √ √ × 

Scenario 4 √ × √ 

Scenario 5 √ √ √ 

Table 5. Virtual power plant, user aggregator revenue optimization value. 

Scenario Virtual Power Plant/CNY User Aggregator/CNY Calculation time/s 

Scenario 1 17,049.1 17,202.5 3714.06 

Scenario 2 16,243.4 18,502.9 3952.11 

Scenario 3 15,972.5 18,815.7 4086.15 

Scenario 4 15,026.7 19,849.4 4213.43 

Scenario 5 14,447.7 24,407.5 4478.97 

As presented in Table 2, integrating user-side PV, electric heating, and energy storage 

significantly enhances the end-users’ net profit compared to the baseline scenario where 

only the VPP supplies energy. Compared with Scenario 2, user profit increased substan-

tially by 1300.4 CNY, while VPP profit decreased by 805.7 CNY, owing to the improved 

load regulation capability enabled by energy storage and the reduced dependence on VPP 

generation. 

In Scenario 3, the users’ profits increased by 1613.2 CNY and VPP profit dropped by 

1076.6 CNY, reflecting the enhanced flexibility of demand response achieved through co-

ordinated electric heating and heat load management. From Scenario 4, PV generation 

reduced electricity purchased from the VPP and improved user economics, yielding an 

increase of 2646.9 CNY in user profit and a decrease of 2022.4 CNY in VPP profit, indicat-

ing optimized electrical load distribution and effective utilization of renewable energy. In 

Scenario 5, user profit increased notably by 7205 CNY, whereas VPP profit declined by 
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2601.4 CNY, as the combined operation of all devices maximized load flexibility and user 

autonomy. Furthermore, the computation time for all scenarios remained within 1 to 1.5 

h, meeting the requirements for practical applications. 

A two-step modeling approach is adopted for PV generation. A large set of stochastic 

output scenarios is generated via Latin Hypercube Sampling to reflect weather-induced 

fluctuations; subsequently, scenario reduction based on probability distance is applied to 

obtain ten typical scenarios, each weighted by its probability. This results in a set of prob-

abilistic PV output profiles. 

As shown in Figure 4, By forecasting ten sets of photovoltaic (PV) output scenarios, 

each scenario is represented by a different color, and the iterative results for each scenario 

are calculated separately. The final outcome is then derived through probability-weighted 

averaging based on the likelihood of each scenario, thereby mitigating the risk associated 

with PV generation uncertainty. 

  
(a) (b) 

Figure 4. PV Scenario Generation using Latin Hypercube Sampling: (a) Power output under each 

scenario; (b) Weighting percentage of each scenario. 

For brevity, the analysis focuses on contrasting Scenario 1 with Scenario 5. The con-

figuration in Scenario 5—integrating PV and electric heating—substantially improves op-

erational flexibility, which demonstrates the advantage of the presented model. 

Figures 5 and 6 demonstrate distinct electricity and heat prices across the scenarios. 

The variation stems from the user-side electric heating and heat energy storage in Scenario 

5, which enables flexible operational strategies and consequently leads to more optimal 

game-theoretic results for all parties. 

  
(a) (b) 
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Figure 5. VPP Heat Selling Price: (a) Scenario 1; (b) Scenario 5. 

  
(a) (b) 

Figure 6. VPP Electricity Selling Price: (a) Scenario 1; (b) Scenario 5. 

To validate the effectiveness of the game-theoretic pricing mechanism, a detailed 

analysis of the pricing constraints is conducted. As illustrated in Figure 5, the heat price 

constraint remains inactive during the vast majority of operating periods, with prices 

rarely reaching the upper or lower bounds. Throughout the day (including the period 

from 00:00 to 08:00), heat prices exhibit significant fluctuations and are not constrained by 

a single boundary. Furthermore, as shown in Figure 6, the optimized electricity prices do 

not consistently align with the grid price limits; instead, they demonstrate distinct strate-

gic adaptability. During the 00:00–08:00 period, electricity prices remain at the upper 

bound due to the absence of photovoltaic (PV) generation during nigh�ime hours. How-

ever, this does not imply model degradation: during daytime hours (09:00–17:00), PV gen-

eration provides room for price reductions, allowing prices to fluctuate between the upper 

and lower bounds for approximately 50% of the scheduling horizon, thereby confirming 

the VPP’s active game-playing capability. Prices are only constrained by the boundaries 

during a few extreme peak or valley periods. 

These results demonstrate that the VPP dynamically adjusts prices within feasible 

ranges to achieve an optimal balance between revenue maximization and user demand 

satisfaction, which strongly validates the effectiveness of the proposed pricing mechanism. 

The user-side load fluctuations in Figure 7 show that electricity use in Scenarios 1 

and 5 rises in the early morning (00:00–08:00) and late evening (22:00–24:00), but falls dur-

ing daytime hours (08:00–22:00). The consistency of this pa�ern with the VPP’s optimized 

electricity price in Figure 6a confirms the result’s credibility. Users gain increased revenue 

by shifting load from peak to off-peak periods. The lower revenue in Scenario 1 compared 

to Scenario 2 is a�ributed to the user’s lack of adjustment ability, which excludes them 

from power trading or storage-assisted interactions, underscoring the critical role of stor-

age in enabling demand response. Furthermore, while not analyzed in a dedicated sce-

nario, PV generation is shown to reduce both the purchased electricity volume and asso-

ciated costs for users, as evidenced by the PV forecast and load profile analysis. As ob-

served in Figures 7a and 8, low electrical load demand occurs from 00:00 to 04:00. The 

surplus power is stored in the EES to maintain system operation, while during peak hours 

(09:00–13:00 and 17:00–19:00), energy is retrieved from the EES. This achieves cross-tem-

poral energy scheduling and enhances user profits. 
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(a) (b) 

Figure 7. Load Optimization Results for Scenarios 1 and 5: (a) Electrical load optimization results; 

(b) Heat load optimization results. 

 

Figure 8. Electricity interaction volume in Scenario 5. 

As shown in Figure 7b, heat load adjustability varies between Scenarios 1 and 5. Any 

heat load regulation must account for user comfort requirements to avoid compromising 

satisfaction. The user adjusts its heat load—lowering it from 00:00 to 07:00 and 21:00 to 

24:00, and raising it from 07:00 to 21:00—to enhance revenue. In Scenario 5, the integration 

of electric heating devices breaks the constraint of a single heat source, which enables a 

diversified heating supply. Analysis of Figure 9 reveals that users flexibly plan their en-

ergy use based on prices, opting for electric heating during 23:00–02:00 and 14:00–16:00 to 

secure heat via a low-cost method and boost profits. Figure 8 illustrates that surplus power 

is stored in the ESS during low-load periods (00:00–04:00); simultaneously, this energy is 

dispatched during peak hours (09:00–13:00, 17:00–19:00) to support the grid. This enables 

energy shifting across time, thus improving economic outcomes. 
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Figure 9. Heat power balance diagram of Scenario 5. 

To further demonstrate the value of the proposed game-theoretic strategy, a central-

ized optimization model is introduced for comparison. In contrast to the distributed game 

model, where the Virtual Power Plant (VPP) and user aggregators optimize their respec-

tive objectives sequentially, the centralized optimization model assumes full access to all 

system information, including users’ private preference parameters. Its objective is to 

maximize the global social welfare, defined as the sum of the VPP’s net profit and the user 

aggregators’ net utility, subject to all physical constraints of the system. 

Under the exact same parameter se�ings, the theoretical maximum global social wel-

fare achieved by the centralized optimization is RMB 40,634.3. In the proposed game-

strategy scenario, the total social welfare achieved by our distributed game-theoretic al-

gorithm amounts to RMB 38,855.2. The results indicate that the proposed distributed al-

gorithm a�ains 95.6% of the theoretical global optimum. Two main conclusions can be 

drawn from this analysis: 

1. The proposed distributed algorithm achieves 95.6% of the theoretical global opti-

mum. This demonstrates that the algorithm can effectively guide the system toward 

a high-quality equilibrium state through price signals. 

2. Although the centralized model yields slightly higher welfare, it requires complete 

transparency of sensitive user data. The game-theoretic approach proposed in this 

paper sacrifices a marginal amount of economic efficiency to safeguard data privacy 

and user autonomy, making it more suitable for practical applications where data 

sharing is limited. 

7. Conclusions 

The conventional paradigm for community energy systems prioritizes VPP profit, 

frequently undermining user-side interests. In contrast, this study establishes a coordi-

nated VPP and electric-heat storage framework and develops a Stackelberg game model 

to optimize user-side decisions—including flexible loads and device scheduling—thereby 

facilitating a win–win outcome. The principal findings are summarized below: 

(1) In contrast to the current research emphasis on equipping upper-level models with 

electro-heat coupling devices, the framework developed here distinguishes itself by 

comprehensively accounting for electric heating equipment at the user side. This ex-

pands the downstream energy supply options. The model’s enhanced comprehen-

siveness keeps it well abreast of prevailing trends. 

(2) The integration of PV units at the consumer level enhances energy autonomy by di-

versifying supply sources, boosting local renewable utilization, curtailing transmis-

sion losses, and improving operational flexibility. This configuration offers multiple 
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benefits and presents a pertinent case for evolving power systems. 

(3) The diverse range of user-side appliances and the growth of storage services have 

led to a dynamically coupled and complex electricity–heat relationship. This study 

proposes a model that balances VPP and user-side interests, offering a viable solution 

for guiding the operation of modern energy systems. 

(4) The proposed approach combines an intelligent algorithm with dedicated solvers, a 

critical advantage of which is the protection of each party’s data privacy and the pre-

vention of information disclosure. Consequently, it provides a reliable foundation 

and enhances the integrity of the bilateral benefit-gaming process. 

Author Contributions: Conceptualization, X.W.; Writing—original draft, Y.S.; Supervision and 

project administration, R.W. All authors have read and agreed to the published version of 

the manuscript. 

Funding: This research received no external funding 

Data Availability Statement: The data presented in this study are available on request from the 

corresponding author. The data are not publicly available due to privacy and ethical restrictions. 

The datasets contain sensitive personal information that could compromise the privacy of research 

participants. 

Conflicts of Interest: The authors declare no conflict of interest. 

Abbreviations 

VPP Virtual power plant 

EHD Electric heating devices 

PV Photovoltaic 

CHP Combined heat and power 

GT Gas turbine 

WHB Waste heat boiler 

ORC Organic Rankine cycle 

GB Gas boiler 

ESS Electrical energy Storage 

HES Heat energy storage 

SOC State of charge 
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