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Abstract

To address the challenges of low-carbon economic optimization and collaborative man-
agement for multiple Virtual Power Plants (VPPs), this paper proposes a low-carbon
economic optimization and collaborative management method based on a Stackelberg
game framework. Firstly, a Stackelberg game model is constructed with the Distribution
System Operator (DSO) as the leader and multiple VPPs as followers. The leader (DSO)
guides the followers’ behavior through dynamic pricing strategies to maximize its own
utility. Meanwhile, the followers (VPPs) develop energy management strategies to mini-
mize their individual costs, taking into account factors such as energy transaction costs,
fuel costs, carbon trading costs, operation and maintenance (O&M) costs, compensation
costs, and renewable energy generation revenues. Furthermore, the strategy spaces of all
participants are defined, and an optimization model is established subjected to constraints
including energy balance, energy storage operation, power conversion, and flexible load
response. The CPLEX solver and Nonlinear-based Chaotic Harris Hawks Optimization
(NCHHO) algorithm are employed to solve the proposed game model. Simulation results
demonstrate that the proposed method effectively facilitates collaboration between the
DSO and multiple VPPs. While ensuring the safe operation of the system, it balances
the profit between the DSO and VPPs, and incentivizes renewable energy consumption
and indirect carbon reduction, thereby validating the effectiveness and superiority of the
method and providing reliable technical support for the low-carbon collaborative operation
of multiple VPPs.

Keywords: virtual power plant; Stackelberg game; low-carbon economy; flexible load;
collaborative management

1. Introduction

Driven by the global goals of carbon neutrality and carbon peaking, the energy sys-
tem is undergoing a profound low-carbon transition. The large-scale grid integration
of renewable energy and the clustered operation of distributed energy resources have
emerged as pivotal trends in future energy development [1,2]. As a critical enabler for
integrating distributed generators, energy storage systems, flexible loads, and other re-
sources, Virtual Power Plants (VPPs) transform distributed energy from “disordered grid
connection” to “ordered collaboration” by aggregating the regulation potential of scattered
energy resources. This provides an effective pathway for enhancing the flexibility of power
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systems and promoting the accommodation of renewable energy [3,4]. With the continuous
expansion in the number and scale of VPPs, the collaborative operation of multi-VPP
clusters has increasingly become a critical research topic in power system dispatch and
management [5,6].

As the core link connecting the power supply side and the demand side, the oper-
ational efficiency of a distribution system directly impacts the accommodation level of
distributed energy and the overall system benefits. Distribution System Operators (DSOs),
acting as the managers and dispatchers of distribution systems, are responsible for coordi-
nating the operational behaviors of multiple VPPs, balancing supply and demand, reducing
carbon emissions, and controlling operational costs [7]. However, each VPP operates as
an independent market entity with the core objective of maximizing its own benefits. Its
energy management strategies (such as generation schedule formulation, load regulation,
and energy storage charging/discharging control) are not only constrained by internal
resource endowments but also closely coupled with the decisions of other VPPs and the
dispatching strategies of the DSO [8]. This complex interaction, characterized by multiple
stakeholders, conflicting objectives and diverse constraints, renders traditional centralized
dispatching methods inadequate for balancing the interests of all parties, resulting in lim-
ited feasibility and economic efficiency of dispatching schemes [9]. Furthermore, with the
gradual maturation of carbon trading markets, carbon emission costs have evolved into a
significant component of the energy system operational costs. Consequently, integrating
carbon constraints into the collaborative dispatching process of multiple VPPs further
accentuates the complexity of the optimization problem, which is driven by both economic
and low-carbon objectives [10,11].

Currently, extensive research has been conducted on the optimal dispatching and
collaborative management of VPPs. Regarding the optimal dispatching of a single VPP,
existing studies primarily focus on the optimal allocation of internal resources. By estab-
lishing optimization models that incorporate factors such as the uncertainty of renewable
energy output and energy storage operation constraints, these studies aim to minimize costs
or maximize benefits [12,13]. Reference [14] constructs an intraday optimal dispatching
model for VPPs considering wind power output fluctuations, which is solved using the
particle swarm optimization algorithm, effectively improving the operational economy
of VPPs. Reference [15] incorporates carbon trading costs into the VPP utility function
and proposes a dispatching strategy that balances economic and low-carbon objectives.
However, such studies typically overlook the interactive relationships between multiple
VPPs and thus cannot adapt to the operational requirements of multi-VPP clusters. In the
field of multi-VPP collaborative management, the energy resources among VPPs exhibit
spatiotemporal complementarity [16]. Therefore, conducting collaborative optimization
that accounts for multi-VPP clusters in a unified regional distribution network can achieve
interest balance and optimization among VPPs, leading to better economic benefits. Ref-
erence [17] proposes a low-carbon optimal dispatching method for distribution systems
with multiple VPPs, reducing system carbon emissions by coordinating the output plans
of each VPP. Furthermore, distributed coordination methods achieve the alignment of
local optimality and global optimization through information interaction and autonomous
decision-making among multiple subjects. Reference [18] adopts the Alternating Direction
Method of Multipliers (ADMM) to realize distributed optimization of multiple VPPs, bal-
ancing dispatching efficiency and privacy protection. Nevertheless, existing distributed
methods mostly focus on economic objective optimization, with insufficient considera-
tion of low-carbon constraints. Moreover, they fail to effectively characterize the interest
game relationships among participants, resulting in inadequate fairness and feasibility of
collaborative dispatching schemes.
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As an effective tool for analyzing interest interactions among multiple entities, game
theory provides a novel solution for the multi-VPP collaborative management [19]. In partic-
ular, the Stackelberg game, a non-cooperative game model, effectively coordinates interest
conflicts between entities by characterizing the hierarchical “leader—follower” decision-
making relationship [20]. In the power system field, the Stackelberg game has been widely
applied to multi-entity collaboration problems, such as those involving power grids and
distributed generators, as well as microgrids and load aggregators [6,7,12]. Reference [21]
designs a transaction mechanism between electricity retailers and VPPs based on the Stack-
elberg game, enhancing the economic benefits of both parties. However, existing studies
utilizing the Stackelberg game mostly target single VPPs or two-party interaction scenarios,
lacking a systematic analysis of multi-VPP cluster collaboration. Furthermore, they do not
fully integrate carbon trading mechanisms and complex constraints (such as energy storage
operation and flexible load response), making it difficult to meet the practical requirements
for the low-carbon economic collaborative operation of multiple VPPs [22,23].

Additionally, research on multi-VPP collaborative management has yielded substantial
results, with scholars worldwide focusing on guiding distributed resources to participate in
market games through carbon trading mechanisms [24-26]. However, the existing research
lacks an in-depth investigation into the integration of stepwise carbon trading mecha-
nisms and flexible load constraints within a multi-VPP Stackelberg game framework [27].
Specifically, the dynamic game relationship between carbon trading costs and adaptive
load response strategies has been overlooked, resulting in sub-optimal economic and en-
vironmental synergies in low-carbon economic dispatch strategies. Therefore, this work
proposes a Stackelberg game-based method for the low-carbon economic optimization and
collaborative management of multiple VPPs.

The main research contents are as follows:

(1) A Stackelberg game model for multi-VPP energy management is constructed, clari-
fying the DSO as the leader and multiple VPPs as the followers, to characterize the
interest interaction relationship between the two parties.

(2) A dynamic pricing game model for the leader (DSO) and an energy management game
model for the followers (VPPs) are established, respectively. The VPP utility function
comprehensively considers multi-dimensional factors such as energy transaction
costs, fuel costs, and carbon trading costs. Furthermore, a strategy space subject to
constraints regarding energy balance, energy storage operation, power conversion,
and flexible load response is constructed.

(38) A solution approach integrating the Nonlinear-based Chaotic Harris Hawks Optimiza-
tion (NCHHO) algorithm and CPLEX solver is introduced to efficiently obtain the
equilibrium solution of the Stackelberg game, thereby achieving a win-win outcome
for both the DSO and multiple VPPs.

The main innovations of this paper are reflected in three aspects: First, a multi-VPP
Stackelberg game framework balancing the profit between the DSO and VPPs is constructed.
By incorporating carbon trading costs into the VPP utility function, the collaborative opti-
mization of low-carbon economic objectives is realized. Second, multi-constraint conditions
such as energy storage operation and flexible load response are systematically considered,
improving the description of the VPP strategy space and enhancing the engineering feasi-
bility of dispatching schemes. Third, the NCHHO algorithm is successfully applied to the
problem of optimization for multi-VPP collaborative dispatching.

The remainder of this paper is organized as follows: Section 2 provides a Stackelberg
game model for energy management of multiple VPPs. The dynamic pricing of the leader
and energy management of the follower VPPs are presented in Sections 3 and 4, respectively.
The Stackelberg game-based optimal scheduling model for multiple VPPs is described in
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Section 5. In Section 6, a case study is conducted, and the results are discussed. Finally,
conclusions are drawn in Section 7.

2. Stackelberg Game Model for Energy Management of Multiple VPPs

In the scenario of clustered multiple-VPP operation, each VPP acts as an independent
energy aggregation unit. The output of its internal Distributed Energy Resources (DERs)
and load demand exhibit real-time dynamic fluctuations, frequently leading to an imbalance
between internal power generation and consumption within a given time interval. To
address this challenge, this work employs a multi-VPP method for energy management.

To facilitate orderly energy interaction between multiple VPPs and the distribution
system, a transaction mechanism involving the Distribution System Operator (DSO) and
multiple VPPs is designed, as illustrated in Figure 1. As the core dispatching and transaction
entity, the DSO is responsible for formulating unified transaction prices for electricity
purchase and sale. VPPs with power surplus can sell excess electricity to the DSO at the
electricity selling price, thereby monetizing surplus energy. Conversely, power-deficit
VPPs can purchase the required electricity from the DSO at the purchase price, ensuring a
reliable power supply for their internal loads. Meanwhile, based on the aggregated power
purchase and sale data reported by each VPP, the DSO conducts two-way transactions with
the power market by leveraging the grid price (the price for purchasing electricity from the
microgrid) and the grid feed-in price (the price for selling electricity to the microgrid) in
the power market. The DSO generates revenue through the transaction price difference,
forming a three-level closed-loop energy transaction system of “VPP-DSO-Power Market”.

upper- level Microgrid

Energy Energy Energy Energy Energy Energy
Supply Side | Storage | Demand Side Supply Side| Storage | Demand Side

}

peo] —

%

PUIM

218}[0A0}OY
J1B}[0A0}OYJ

Figure 1. Transaction relationship diagram.

Considering the distinct investment and operational entities of the DSO and VPPs,
their divergent interest demands, and the DSO’s role as the distribution system manager, a
leader—follower hierarchical Stackelberg game framework is constructed in this work, as
shown in Figure 2. The roles are defined as follows:

Leader (DSO): As the dominant player in the game, the DSO first aggregates the initial
electricity purchase and sale demand reported by each VPP. Subsequently, considering
power market grid prices, system operational constraints, and the price response character-
istics of VPPs, it formulates differentiated electricity purchase and sale prices for each VPP
with the objective of maximizing its own net profit.

Followers (Multiple VPPs): Each VPP acts as an independent follower in the game.
Upon receiving the transaction prices set by the DSO, each VPP optimizes the output
schedules of its internal DERs and load response strategies based on its own resource
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endowments (such as DER output potential, energy storage status, and adjustable capacity
of flexible loads). With the objective of minimizing its own operation cost, each VPP
determines the final volume of electricity to be purchased from or sold to the DSO.

The electricity market releases the grid
purchase and sale price

|

Upper-level dynamic pricing model

Leader | Objective function: Maximize DSO profit

DSO Decision variables:
- purchase price
- sale price
v P
T i A Transaction
ransgc Lon Stackelberg game electricity
price v
Lower-level dynamic pricing model
Objective function: Minimize VPP operating costs
Follower . .
vpps | Decision variables:

- Purchase and sale electricity
- Distributed Energy Resource (DER) output
- Carbon trading cost

Figure 2. Stackelberg game block diagram.

In this game process, the decision-making of the leader and followers exhibits a clear
sequential hierarchy: the DSO determines the transaction prices first, followed by the
response of the multiple VPPs who formulate their energy management strategies, thus
constituting a typical Stackelberg game. Furthermore, as parallel followers, the VPPs make
decisions simultaneously to pursue individual optimality without information exchange
regarding their specific electricity volumes and DER output strategies, thereby forming
a non-cooperative game relationship. These components together constitute a hybrid
“leader—follower—non-cooperative” game system.

The Stackelberg game model for the DSO and multiple VPPs constructed in this work
consists of three core components: players, strategy spaces, and utility functions, which are
defined in detail as follows:

(1) Players: The core participants in the game are the leader (DSO) and the followers
(multiple VPPs). The DSO, as a single leader, undertakes the functions of system
dispatching and transaction pricing. The multiple VPPs, acting as multiple indepen-
dent followers, each possess internal DERs (including distributed generators, energy
storage systems, flexible loads, etc.) and possess the capability for independent
decision-making regarding energy management.

(2) Strategies: A strategy refers to the decision variables adopted by each player to achieve
their respective goals. For the leader (DSO), the core strategies are the electricity
purchase price and sale price offered to the multiple VPPs. These prices must be
set within a reasonable range constrained by the power market price interval and
system supply—-demand balance requirements. For the followers (VPPs), their core
strategies encompass two aspects: first, the transaction volume with the DSO (i.e., the
electricity sales volume for power-surplus VPPs and the electricity purchase volume
for power-deficit VPPs); and second, the operational schedules of internal DERs (such
as the output of distributed generators, the charging/discharging power of energy
storage systems, and the load transfer of flexible loads). All strategy variables must
satisfy the respective equipment constraints and operational rules of the VPPs.
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(3) Utility Functions: A utility function represents the objective-oriented metric for each
player. The DSO’s utility objective is to maximize its own net profit, which is achieved
by formulating optimal transaction prices to balance the transaction revenue from
multiple VPPs against the transaction cost within the power market. The multi-
ple VPPs’ utility objective is to minimize their own comprehensive operation cost,
which covers multi-dimensional expenditures such as energy purchase cost, fuel
consumption cost, carbon trading cost, equipment operation and maintenance cost,
and compensation cost. The utility functions of both parties will be described in detail
in Sections 3 and 4, respectively.

3. Stackelberg Game Model for Dynamic Pricing of the Leader (DSO)
3.1. Strategy

The strategy adopted by the DSO consists of the electricity purchase prices )\tD Ab and
sale prices /\tD A$ formulated for each VPP at time t denoted as
ADAL — /\lDA’b, ADAb . ,A?A’b and APAs = (A?A’S,AIZM’S,- . ,A?A’S), respectively,

where T represents the number of time intervals in a day.

3.2. Utility Function

The DSO’s utility function aims to maximize its net profit, which accounts for the costs
and revenues from electricity transactions with both the power market and VPPs. The
objective function is expressed as follows:

T N N

DSO __ W,s pDSO,s W,b pDSO,b DA,b VPP,b DA,b VPP,s

max FP%0 =) (At pPEOS AP pPSOL L APALY " pIPRE _APAYY P ) (1)
t=1 j=1

j=1

where )\IN’S and )\fv'b are the grid sale price (price for selling to the power market) and grid

purchase price (price for purchasing from the power market) at time f, respectively; P]Ytp P

and P]th i represent the electricity sold to and purchased from the DSO by VPP j at time

PtDSO’S

t, respectively; and PtD SO denote the electricity sold to and purchased from the

power market by the DSO at time ¢, respectively; and N is the total number of VPPs.

PtDSO,S PtDSO,b

To ensure the supply-demand balance among all VPPs, and are defined

as follows:
N
DSO _ VPP,b VPP,s
BPSO = 1 (P BYT)

2
PPSOb — max (0, PPSO) 2)
PP59¢ = min(0, —PPSO)
where PPS0 is the total electricity transacted between the DSO and the power market
after aggregating all the VPPs’ purchases and sales of electricity. A positive value of PP5C

indicates that the DSO purchases electricity from the power market, while a negative value
indicates that the DSO sells electricity to the power market.

3.3. Strategy Space

To incentivize VPPs to participate in transactions with the DSO, the electricity purchase
and sale prices formulated by the DSO must satisfy the following constraint:

A}/\],S S /\tDA,S g )\tDA’b S /\}/V,b (3)

In Equation (3), the DSO’s electricity purchase price )\tD AP must not exceed the grid
purchase price )\}N’b, and its electricity sale price )\tD A5 must not be lower than the grid
sale price )LI‘A]'S. This constraint ensures that VPPs will choose to transact with the DSO to
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maximize their own interests. Consequently, the DSO’s strategy space is thus defined by

Equation (3), denoted as QbSO

4. Stackelberg Game Model for Energy Management of the
Follower VPPs

4.1. Strategy

The game strategy of a VPP consists of its operational schedule for each time interval,
including the electricity sold to the DSO (P]-th Py, the electricity purchased from the DSO
(P;;P Pb), the output power of micro gas turbines (Pl{\fT), the charging/discharging power of
energy storage (ES) systems (Pfts), the power of flexible loads (Pl-lrE tle" ), and the output power
of renewable energy sources (photovoltaic systems (PiPtV) and wind turbines (PZ.VXT)). These

variables are denoted as p; = (IDJKPP’S,P]-‘CPP’b, (PiAf T PiEtS,Pi tlex, PiPtV, P,‘VYT) N ), t=1:T
, , , 0, , ) ien,

where N; represents the set of distributed energy resources (DERs) contained in VPP j.

4.2. Utility Function

The VPP’s utility function in the game aims to minimize its operational cost, which
comprises the electricity transaction cost (C]N ET) MT’s fuel cost (C]MT), carbon trading cost
(Cjcoz), operation and maintenance (O&M) cost (C]OP ), revenue from renewable energy

generation (C]G’ee”), and compensation cost for flexible load demand response (C}E tl“" ). For
an arbitrary VPP j, its utility function is expressed as:

min C/"P = CNFT 4 CMT 4 CFO% 4 CPP 4 Cftex — coreen (4)

4.2.1. Electricity Transaction Cost

To maintain power balance, VPPs engage in transactions with the upper-level grid by
purchasing electricity to meet load demand when its internal generation is insufficient, and
selling surplus electricity to the grid when generation exceeds demand. Thus, the electricity
transaction cost within the grid is expressed by:

T 2

Ab b A, ,

CNET =y~ (A? PP — APASPEPTS 1 AR (P}ff) ) 6)
t=1

where ANET denotes the scheduling coefficient of energy storage.

4.2.2. Fuel Cost

The micro gas turbine (MT), fueled by natural gas, exhibits variable-load efficiency
characteristics. The relationship between its output power and fuel cost is formulated as a
quadratic function [28]:

2
C%T =a; (P]{\fT) + bin],\fT +¢; (6)
where a;, b; and ¢; are the cost coefficients of the MT.

4.2.3. Carbon Trading Cost

Carbon emissions are generally generated throughout the production, transportation,
and consumption processes of various energy sources, including CO, emissions from the
MTs fueled by natural gas, as well as CO, emissions associated with the operation of
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photovoltaics (PV), wind power, and energy storage systems. Accordingly, the equivalent
carbon emissions can be formulated as follows:

T
ECO =y (WMTP]'],\fT + WPVP]‘I;V + 77WTP]¥T + WESPftS + WVPPP]KPP> 7)
t=1
where Pj]\fT, P]»I,)tV, PXYT, and Pfts represent the output power of the MT, PV system, WT, and

the charging/discharging power of energy storage in VPP j at time ¢, respectively; Pj"/tp Pis
the absolute transaction power of VPP j with the DSO at time t; 7y1, #7pv, YwT, HES, and
nvpp denote the CO, emission factors of the MT, PV, WT, ES and the absolute transaction
power, respectively.

To reduce carbon emissions, carbon quotas are typically incorporated into the carbon
trading mechanism as free carbon emission allowances allocated to market participants;
any excess emissions must be purchased through the market [29,30].

Generally, there are two common methods for allocating carbon quotas: free allocation
and paid allocation. Free allocation refers to granting a specific emission quota to the
system in advance at no cost, in order to enhance its willingness to participate; whereas
paid allocation requires the system to pay corresponding fees for its own carbon emissions.
In this work, to encourage the VPP participation in the carbon market, free allocation is
adopted, and carbon emission quotas are formulated as follows:

T
pAlloe =y~ (“YMTPtMT + v PV + ywr P + YVPPPtVPP> 8)
=1

where YmT, eV, Ywr and yypp are the conversion coefficients of the carbon allowance
allocation corresponding to the aforementioned energy generation and consumption
processes, respectively.

The carbon trading mechanism requires energy suppliers to control their carbon emis-
sions within their carbon allowances. Any emissions exceeding the allocated allowances
must be offset by purchasing carbon credits from the market to avoid penalties. This
work adopts a stepwise carbon trading mechanism, which sets price intervals based on the
volume of carbon emissions: the unit price increases as the purchase volume rises. The
stepwise carbon price is defined as:

1
A% =252 (k- 1)41) ©)

where k is the number of price steps; AISOZ is the carbon trading price for the k-th step;
)\(bja(zj is the basic unit price of carbon trading. Accordingly, the carbon trading cost is

calculated as:

ccon _ :21 A¢C2min (max( (EFO? - EAe) — L (k—1),0),L) (10)

where L denotes the step length; E]A”"C is the carbon allowance allocated to VPP j, and E]COZ
is the total carbon emissions of VPP j.
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4.2.4. Operation and Maintenance (O&M) Cost

In the integrated energy system, PV systems, WTs, and energy storage systems all
incur corresponding O&M costs, which can be expressed as:

T
CPP = Y- [APVPRY + AWTPIT 4 ABSpES (11)
t=1

where APV, AWT and AES denotes the O&M cost coefficients for the PV system, WT and
energy storage, respectively.

4.2.5. Compensation Cost

Since users have different willingness to shift or curtail their electrical loads, com-
pensation is provided to incentivize user participation in flexible load curtailment. The
compensation cost is given by:

T
cfler = Y- (A pfler) (12)
t=1

Flex

where P]-F tlex represents the power of curtailable electrical loads in VPP j at time ¢; and A,

is the compensation cost coefficient of curtailed electrical loads.

4.2.6. Revenue from Renewable Energy Generation

To encourage renewable energy generation, certified “carbon assets” or Green Electric-
ity Certificates (GECs) can be generated after verification by authorized institutions. These
assets can be sold in the carbon emission trading market or the green electricity market to
enterprises with carbon emission quota constraints, thereby generating revenue:

T
CjGreen _ Agreenz (P]'I,?tv + P]‘I,/YT> (13)
t=1

where A87" is the quantification coefficient for converting renewable energy generation

into Green Electricity Certificates.

4.3. Strategy Space

In responding to the prices released by the DSO, the VPP must satisfy the power
balance constraint and the operational constraints of each DER, while pursuing its own
profit. The VPP’s strategy space is denoted as Q]VP Pi=1,2...,N.

4.3.1. Energy Balance Constraint

To achieve the collaborative optimization between the DSO and the VPP and maximize
self-interests while meeting user demand, the energy balance constraint must be strictly
satisfied as follows:

VPP,b VPP,s MT ES FI WT PV _ pLD
Py = P P A B P A B 4 B = P (14)

where PﬁtD is the predicted load value of VPP j at time ¢.
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4.3.2. Energy Storage Constraints

The energy storage constraints cover the charging and discharging operational con-
straints of the electrical energy storage battery, which are given as follows:

ES ES ES
Pj,mirl S Pj,t S Pj,max (15)
At
ES ES ES
Sjmin = S~ it (16)
jmax
ES ES ES
Sj,mir\ < Sj,t < Sj,max (17)
S6° = St° (18)

where S ]Ets is the state of charge (SOC) of energy storage in VPP j at time £; SE>. and SFS

jmin jmax

are the lower and upper limits of the SOC, respectively; P]EIflm and Pfrflax are the charging
and discharging power of energy storage, respectively; E;max is the maximum energy
capacity of the energy storage system (energy losses are neglected in these constraints); and

At is the time interval from time ¢ to time f + 1.

4.3.3. Power Upper/Lower Limit and Ramp Rate Constraints

To achieve economic dispatch and efficient operation for a system with diversified
flexible resources, the following constraints must be satisfied.

VPP, VPP

0< P * < 07, P} max (19)

VPPb VPP
0< P, < (1— Gj,t)Pj,max (20)

MT MT

0 <P}’ <P (21)

MT MT _ pMT MT
P]',dn < Pj,t - Pj,tfl < Pj,up (22)
0 < PHT < P (23)
0< PV < PRV (24)
where 0;; is a binary variable: 6;; = 1 indicates that VPP j sells electricity to the DSO at
time ¢, while 6, ; = 0 indicates that VPP j purchases electricity from the DSO at time ¢; P]annjfx
is the maximum transaction volume between VPP j and the DSO; P]Afnj;x is the maximum
output power of the MT; P]Ag and P]{‘ﬁg are the downward and upward ramp rates of the
MT, respectively; PZ‘%X and PtI,J 'V . are the maximum output power of the WT and PV at

time ¢, respectively, taken as the predicted wind and PV power value for VPP j.

5. Stackelberg Game-Based Optimal Scheduling Model for Multiple
Virtual Power Plants

5.1. Stackelberg Game Model

According to the aforementioned analysis, the Stackelberg game model for the DSO
and multiple VPPs is formulated as follows:

max FDSO <ADA,5 ADAD p)
4 7
ADA,s,/\DA,b,p

(ADA,SI/\DA,ZJ) c ODPsO

) . o (25)
std Pj= argﬁmmC}/PP (ADA'S,/\DAfb,pj) Vj
]
p, e QYT
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where the specific forms of the objective function and constraints are consistent with the
definitions provided in the aforementioned Sections.

In Equation (25), the DSO and VPPs formulate their strategies with the objectives of
maximizing revenue and minimizing operational costs, respectively. The DSO’s revenue
is related to the electricity purchase/sale prices it sets and the transaction volumes of the
VPPs: a larger price difference between the purchase and sale prices, or a larger volume
of electricity shared among VPPs, will lead to higher revenue for the DSO. However,
the VPPs’ price-responsive behaviors also affect the DSO’s revenue: a higher purchase
price will reduce the VPPs’ electricity purchase volume, while a lower sale price will
decrease the VPPs’ electricity sale volume, resulting in a reduction in the total electricity
exchanged among VPPs. Evidently, an interest game exists between the DSO and the
VPPs. To maximize its own revenue, the DSO must account for the VPPs’ price-responsive
behaviors and determine the optimal electricity pricing strategy by finding the Nash
equilibrium solution.

5.2. Solution for Game Model

The solution process consists of two stages. In the first stage, the NCHHO
algorithm [31] is used to solve the DSO’s objective function in Equation (1). In the second
stage, the CPLEX solver in the YALMIP toolbox is utilized to calculate the total cost of the
lower-level aggregated VPPs in Equation (4) under its multi-objective and multi-constraint
conditions. The specific steps are described as follows:

(1) Data Input. Input the purchasing and selling prices of the distribution network, wind
and solar power forecast data, and predicted load data. Set the constraints for the
control variables.

(2) Population Initialization. Initialize the population by setting initial random variables,
specifically the SO’s internal purchasing and selling prices, the quantities of electricity
traded, and the SO’s internal energy storage capacity. Define the upper and lower
bounds of the search space and the maximum number of iterations, iter = 30, and set
the population size to 30.

(3) DPosition Initialization. Randomly initialize the positions of all individuals within the
defined search space.

(4) Fitness Calculation. Calculate the SO’s profit and the VPP’s cost according to
Equation (1) and Equation (4), respectively. The fitness value for each individual
is based on this optimization.

(5) Evaluation and Update. For each individual, calculate its new fitness value and
update the best individual (the best solution found so far) if a better one is found.

(6) Termination Check. Determine whether the search result meets the stopping criteria
(e.g., reaching the maximum number of iterations). If met, output the optimal solution;
otherwise, repeat steps (4) and (5) until the convergence condition is satisfied.

6. Case Study and Results
6.1. Case Configuration

The proposed algorithm was validated through modeling and analysis in MATLAB
2021b, aided by the YALMIP toolbox and the CPLEX solver. The case study involves a VPP
cluster system designed in this work, which consists of three VPPs. Each VPP contains
MT, energy storage systems (batteries), wind power and photovoltaics, with the set of
distributed energy resources defined as N; = 1. All data used in this work are derived
from the simulation of a typical real-world scenario. Figure 3 illustrates the forecasted
wind power, solar power and load demand for VPPs on a representative day. The technical
parameters of each component are tabulated in Tables 1-5.
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Figure 3. Forecasted wind power, solar power and load demand for VPPs on a representative day.

Table 1. Unit power and equipment parameters.

Power/MW Coefficient CO; Emission Cost Conversion Coe.fﬁfuent
Type o . CNY/(kW-h) Coefficient/kg/(kW-h) of Carbon Emission
Minimum Maximum ’ Allowances/kg/(kW-h)
PN : Forecasted WT. i .
WT 0 output AN 045 nwT: 76.6 YwT: 43
PPV : Forecasted PV. . .
PV 0 output ATV 048 npv: 132.5 YpPV: 78
VPP - P].‘frgfxz 10 - nNeT: 1303 YNET: 798
MT - - - nmr- 129.37 YMT: 97.14
ESS - - AESS: 0.5 NEess: 91.30 -
Table 2. The parameter of utility function.
Parameter de b, Ce P%{ax/MW P%E/MW P%II;/MW
VPP1 0.08 0.9 1.2 6 -3.5 3.5
VPP2 0.1 0.6 1 5 -3 3
VPP3 0.15 0.5 0.8 4 -2 2
Table 3. The parameters of the energy storage systems.
Parameter P ]E,rsnin p jE,lsnax Sﬁrsnin Sfrsnax S{)SS Ej,max A JgSEST
VPP1 —0.6 MW 0.6 MW 0.2 0.9 0.4 2 0.05 CNY/kWh
VPP2 —-0.6 MW 0.6 MW 0.2 0.9 0.4 2 0.05 CNY/kWh
VPP3 —-12MW 1.2 MW 0.2 0.9 0.4 3 0.05 CNY/kWh
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Table 4. Parameter of carbon trading mechanism.
Parameter Lig )\lfuosz /(CNY/g) K A8 [(CNY/g)
Value 4,000,000 0.00015 5 0.21
Table 5. Parameters of curtailable loads.
Type Maximum Curtailable Load ALlex)CNY/(kW-h)
curtailable electric load 10% of the forecasted load 1.4

6.2. Results for the Bi-Level Game Optimization Strategy

Figure 4 shows the optimized electricity prices. It can be observed that the electric-
ity purchase and sale prices formulated by the DSO satisfy the constraints defined in
Equation (3). This ensures that VPPs choosing to transact with the DSO are instrumental in
maximizing their own interests.

1.2 T T

=g Sale price

——@—= Purchase price
Grid sale price

——@—= Grid purchase price

11F

o
©
T

o
[o2]
T

Price/(CNY/kWh)
o
'\‘

o
[«
T

o
[&)]
T

©
~
T

o

Ow
e
O]
O]
O]

o
O]
E
1

Time/h

Figure 4. Electricity purchasing and selling prices.

Figure 5 presents the results of electricity purchasing and selling volumes for both
the DSO and the VPP cluster. It can be observed that, under price-based regulation, the
transaction behaviors of the VPPs are driven by the objective of maximizing their own
interests. Taking VPP1 as an example, electricity is purchased from the DSO during periods
1-7 when purchase prices are lower, while electricity is sold to the DSO during periods
7-14 when sale prices are higher. This phenomenon occurs because such a strategy not
only minimizes the operational costs for the VPPs but also enhances the benefits for the
DSO in its transactions with the upper-level power market.

Figures 6-8 provide a detailed view of the internal power generation, energy stor-
age dynamics, and electricity trading within the VPPs. It can be seen that, through the
coordinated supplied by the MT, PV, WT, and energy storage, optimized scheduling both
within the VPPs and across the distribution network effectively meets load demand and
enhances power supply reliability. Taking VPP1 as an example, during time periods 1-2,
the electricity purchase price is lower than the O&M costs of the WT; consequently, the
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system opts to purchase electricity directly from the DSO and utilizes the surplus to charge
the energy storage. During time periods 3-7, the WT and the MT are dispatched to meet
the user load demand. During time periods 8-13, driven by rising purchase and sale prices,
PV and WT power are efficiently utilized, with the surplus electricity sold to the DSO to
maximize profits. During time periods 14-24, characterized by high load demand, VPP1
balances the load using the output of PV, WT, storage, and the MT. Given the intermittent
nature of WT and PV, their output is prioritized to meet load demand. Meanwhile, the MT,
owing to its flexible scheduling characteristics, effectively compensates for the uncertainty
of renewable energy output and enables on-demand power generation, as exemplified dur-
ing time periods 3-7 and 17-23. Additionally, this work not only improves the interactivity
of power exchange but also facilitates rapid matching of buyers and sellers during supply
shortages or surpluses. This demonstrates the effectiveness of our approach.

I Eectricity purchased by VPP1
I Electricity sold by VPP1 H

Power/MW

| 1 N}
0 5 10 15 20 25
Time/h

I Eectricity purchased by VPP2
[N Electricity sold by VPP2

Power/MW

0 5 10 15 20 25
Time/h

I Electricity purchased by VPP3
2 I Electricity sold by VPP3

Power/MW
o

Time/h

Figure 5. Electricity purchasing and selling results.

Table 6 presents the operational cost of VPPs. It can be observed that operation
and maintenance (O&M) costs account for a significant proportion of the total expenses.
Fundamentally, this is attributed to the substantial output of renewable energy sources,
such as wind power, which not only contributes to carbon emission reduction but also
yields substantial carbon emission compensation through Green Electricity Certificates
indirectly. This indicates that the proposed method, while satisfying its own economic
interests, realizes low-carbon economic optimization through an energy management
strategy subject to constraints including energy balance, energy storage operation, power
generation and transaction, and flexible load response.
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VPP1

Power/MW

I Transaction electricity with DSO

A [ MT I
[JEss
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2r = i
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3k == Demand Load |
1 1 1 1 1 1
0 5 10 15 20 25
Time/h
Figure 6. The internal power generation, energy storage dynamics, and electricity trading within
VPPL.
g { I Transaction electricity with DSO VPP2 ; .
[ T
[ClEess
7 I Flexible load -
EEEwT

Y
6 || == Demand Load

Power/MW
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Time/h

Figure 7. The internal power generation, energy storage dynamics, and electricity trading within
VPP2.
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VPP3

I Transaction electricity with DSO
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Time/h

Figure 8. The internal power generation, energy storage dynamics, and electricity trading within
VPP3.

Table 6. The operational cost of VPPs.

c;VET/CNY cj.‘" /CNY cf’ex/cm C]QP/CNY C].COZICNY c].Gm"/CNY c}’PP/CNY
VPP1 15,743.7 50,820.7 0 30,687.0 190.0 13,399.5 84,041.9
VPP2 1215.1 32,034.4 882.0 41,138.9 169.0 18,812.2 56,627.2
VPP3 9248.9 33,097.2 2902.6 49,9782 2425 22,102.7 73,366.7

6.3. Comparison
6.3.1. Comparison with Fixed Electricity Prices

To further validate the effectiveness of the proposed model, two strategies are estab-
lished for comparison analysis:

Strategy 1: This strategy serves as the baseline scenario. It does not utilize the dynamic
pricing mechanism from the DSO. Instead, a fixed electricity price is uniformly applied for
both purchasing and selling, corresponding to the standard grid tariff detailed in Table 7.

Strategy 2: This strategy implements the model proposed in this work, which is
characterized by the adoption of dynamic prices formulated by the DSO.

Table 7. Day-ahead electricity prices for the distribution network.

Time-of-Use Time Selling Price Purchasing Price
11:00-13:00
Peak 19:00-22:00 0.50 1.20
7:00-11:00
Flat 14:00-18:00 0.35 0.75
23:00-24:00
Valley 0:00-7:00 0.30 0.40
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Table 8 presents the economic benefits for the DSO and the VPPs under the two
strategies. It can be observed that under Strategy 2, the DSO aims to maximize revenue by
optimizing internal transaction electricity prices. Furthermore, since the purchase price set
by the DSO does not exceed the grid electricity price, and the sale price is not lower than
the feed-in tariff, the operation cost for the VPPs is reduced compared to Strategy 1.

Table 8. Benefits of VPP and DSO under two strategies.

Strategy 1 Strategy 2
VPP1 87,683.6 84,041.9
VPP2 60,020.2 56,627.2
VPP3 76,580.2 73,366.7
DSO —49,314.8 —5770.0

Table 9 presents a detailed quantitative comparison of carbon emissions and revenues
for each VPP under Strategy 1 and Strategy 2. It can be observed that the physical carbon
emissions, which are mainly from the MTs fueled by natural gas, do not account for a large
proportion. Despite variations in physical emissions, the revenues in Strategy 2 reflect
the economic incentives provided by the Green Certificate mechanism. This indicates that
the proposed model effectively incentivizes renewable energy consumption and indirect
carbon reduction.

Table 9. Results of carbon emission.

Strategy 1 Strategy 2
Carbon Emissions/kg Carbon Emissions/kg
VPP MT WT PV ES VPP MT WT PV ES
VPP1 53.912 18.886 49.956 11.208 3.057 53.555 20.696 51.746 12.061 3.224
VPP2 21.711 12.217  93.157 2.420 1.176 46.450 9.394 82.010 7.571 1.200
VPP3 66.721 17.572 93.105 15.593 6.086 67.502 15.420 92.626 12.625 4.473

6.3.2. Comparison with HHO Optimization Method

To demonstrate the advantages of the method proposed in this work, its execution,
adaptability, and global search capability were evaluated under the same game model.
Representative results from running the NCHHO and the classic HHO algorithm [32] with
the same population size and initial populations are illustrated in Figure 9. Specifically,
both algorithms were executed for 10 independent runs to ensure statistical significance.
Table 10 lists the statistical metrics, including the mean, standard deviation, and best fitness.
These results indicate that NCHHO consistently outperforms the standard HHO in terms of
solution quality, thereby confirming the effectiveness of the NCHHO method incorporated
into the proposed model.

Table 10. Statistics of results HHO and NCHHO algorithms.

Mean Fitness Standard Deviation Best Fitness
HHO —2981.1 2281.6 32.9
NCHHO —7656.3 4346.4 —2587.7
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Figure 9. Best fitness curves of HHO and NCHHO algorithms.

6.4. Sensitivity Analysis
6.4.1. Basis Unit Carbon Price

To verify the impact of carbon trading parameters on dispatch outcomes, a sensitivity
analysis was performed by gradually increasing the basis unit price of carbon trading.
Table 11 lists the revenues of the VPPs and DSO under different price levels. The results
indicate that the relationship between the basis unit price of carbon trading and stakeholder
profits is non-monotonic; neither excessively low nor high prices ensure optimal returns.
Consequently, the optimal comprehensive profit is achieved within the price range of
[0.00010, 0.00020]. Therefore, in this work, A2 is set to 0.00015.

base

Table 11. Results of the basis unit carbon price on dispatch outcomes.

192 (CNY/g) VPP1 VPP2 VPP3 DSO
0.00005 82,711.6 54,712.2 73,082.9 —6706.5
0.00010 85,110.4 55,861.6 73,204 4 —5506.4
0.00015 84,041.9 56,627.2 73,366.7 —5770.0
0.00020 82,932.0 54,472.4 73,407.5 —6294.7
0.00025 81,402.9 53,467.5 71,574.3 ~11,076.9
0.00030 84,274.8 52,136.4 74,016.8 —7171.1

6.4.2. Free Allocation Coefficients

In order to evaluate the impact of the parameters of the stepwise carbon trading
mechanism on the overall objective function, an optimal search for the parameters of free
allocation coefficients is performed, using the NCHHO with a population size of 30. The
upper and lower limits of the parameters are listed in the ‘Search Range’ column of Table 12.
It should be noted that this experiment optimizes only the parameters associated with the
carbon trading cost, while the optimal prices are inherited from the previous experiment
(Strategy 2). Additionally, the baseline carbon price is set Aggg =0.00015.

The optimal parameter values obtained by the NCHHO algorithm are presented in the
‘Optimal Value’ column in Table 12. Table 13 presents the revenues of the VPPs and DSO
under the optimized carbon emission conversion parameters. It can be observed that, com-
pared to the non-optimized scenario, the optimized parameters lead to a slight increase in
the operational costs of each VPP, while the DSO’s revenue shows an increase. Furthermore,
Table 14 lists the corresponding carbon emission conversion values for each part within the
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VPPs in detail. According to the conversion coefficients, the calculated carbon emissions
for each VPP are shown in the “CO; emission” column. Evidently, after optimization, the
adjusted conversion coefficients contribute to a reduction in carbon trading costs. This
indicates that the optimization of carbon conversion coefficients effectively modulates VPP
operational strategies. Although operational costs increase slightly, the reduction in carbon
emissions and associated trading costs validates the effectiveness of the proposed strategy
in balancing economic efficiency with environmental benefits.

Table 12. Parameter setting for the carbon trading mechanism.

Combination of Coefficient Search Optimal
Parameters/kg/(kW-h) Values/kg/(kW-h) Range Value
nwr: 76.6 Ywr: 43 33.6 [10,70] 14.5664
fpy: 132.5 Ypv: 78 54.5 [10, 100] 71.3418
nNer: 1303 YNET: 798 505 [100,1000]  286.2096
ymr: 12937 ymr: 97.14 32.23 [10, 70] 53.3096
NEss: 91.30 - 91.30 [30, 200] 30.0
Table 13. Benefits of VPP and DSO.
Strategy 2 Optimal Results
VPP1 84,041.9 85,243.2
VPP2 56,627.2 56,642.5
VPP3 73,366.7 73,614.8
DSO —5770.0 —3589.1
Table 14. The carbon emission conversion values of VPPs.
CO; Emission
PYPPIGW-h) - PMTIW-h) - PIYTIKW-h)  PPYIkW-h)  PEY/(kW-h) 2 kg CO?/CNY
VPP1 53.5552 20.6954 51.7460 12.0611 3.2240 29,742.2 190.0
Strategy 2 VPP2 46.4493 9.3939 82.0104 7.5713 1.2000 43,841.5 169.0
VPP3 67.5015 15.4204 92.6254 12.6251 4.4733 50,699.6 242.5
VPP1 48.9512 21.7669 52.2521 11.8412 4.7053 17,993.4 105.7
Optimized VPP2 54.9807 16.2895 79.0205 10.0736 2.8000 25,200.4 116.0
VPP3 74.1794 14.6718 91.4336 16.5753 4.2454 29,307 .4 154.1

6.5. Further Discussions
6.5.1. VPP with Non-Responsive Behavior

In real-world operations, a VPP might engage in non-responsive behavior to influence
the DSO’s pricing strategy. To investigate this scenario, a comparative case where VPP1
operates independently of DSO price adjustments is designed, named Strategy 3, setting its
prices based on the feed-in tariff, while the other two VPPs follow the DSO’s pricing scheme.
In this case, the initial populations are inherited from the final populations obtained in
the last iteration of Strategy 2. Table 15 illustrates the resulting economic benefits. The
results show that the DSO achieves higher profits, and the operational costs of other VPP1
and VPP3 increase. This outcome indicates that VPP with non-responsive behavior can
disrupt the balance of the Stackelberg game and lead to suboptimal outcomes for the
system, thereby validating the effectiveness of the non-cooperative pricing mechanism in
the proposed model.

Table 15. The benefits of VPPs and DSO.

VPP1 VPP2 VPP3 DSO
87,683.6 54,866.6 74,159.3 —3090.4

Strategy 3
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6.5.2. VPP with No GECs
To verify the validity of the green certificate revenue, denoted as CS"*", which is

subtracted from total operational costs, Strategy 4 was designed by removing the green
certificate revenue. The respective objective function is as follows:

min C/"" = CNFT 4 CMT 4 CFO% 4 CPP 4 Cflex (26)

Table 16 presents the benefits of VPPs and DSO. It can be observed that the DSO’s
profit is significantly lower than that in Strategy 2 (which includes the component of Green
Certificates), while the costs for each VPP have correspondingly increased, as detailed in
Table 17. This demonstrates that the proposed method (incorporating Green Certificates)
effectively improves the economic efficiency of the system.

Table 16. The benefits of VPPs and DSO.

VPP1 VPP2 VPP3 DSO
Strategy 4 96,727 4 76,043.0 91,390.4 —48,764.0

Table 17. The operational cost of VPPs.

CFTiIeNY  ¢y/CNY  cfICNY  CPPICNY  CFOICNY  CfT"/CNY  CPPPICNY
VPP1 18,556.8 49,642.7 0 28,337.9 190.0 0 96,727 .4
VPP2 1978.9 32,206.7 882.0 40,795.0 180.4 0 76,043.0
VPP3 10,913.2 34,256.8 2749.4 43,228.5 242.5 0 91,390.4

7. Conclusions

Addressing the critical issues of low-carbon economic optimization and collaborative
management for multiple Virtual Power Plants (VPPs), this work proposes an optimal
dispatch method based on a Stackelberg game. A bi-level game architecture is constructed
with the DSO as the leader and multiple VPPs as followers, encompassing the complete
research process of model formulation, constraint design, and algorithmic solution. The
results indicate that the constructed Stackelberg game model effectively characterizes the
interest interaction between the DSO and multiple VPPs. The leader (DSO) maximizes
its own utility through a dynamic pricing strategy while providing scientific guidance
for the collaborative operation of multiple VPPs. Subject to constraints such as energy
balance, energy storage operation, power conversion, and flexible load response, the
follower VPPs formulate energy management strategies to achieve individual benefit
optimization, comprehensively considering multi-dimensional costs including energy
transaction, fuel, carbon trading, operation and maintenance, and compensation, as well as
new energy generation revenues. By efficiently solving the game model using the NCHHO
algorithm and CPLEX solver, an equilibrium solution satisfying the interests of both
parties is successfully obtained. Ultimately, while ensuring the safe and stable operation of
the distribution system, the proposed method balances the profit between the DSO and
VPPs and incentivizes renewable energy consumption and indirect carbon reduction. It
achieves the dual goals of a low-carbon economy and collaborative management, providing
a theoretical basis and technical reference for the large-scale low-carbon collaborative
operation of multi-VPP clusters. Future work could further extend to the optimization
of game models in scenarios involving high-penetration renewable energy and multi-
energy coupling, integrate battery life-cycle degradation into the VPP utility function, and
consider the impact of uncertainty factors on dispatch strategies to enhance the robustness
and engineering applicability of the method. Moreover, we intend to further investigate
low-carbon dispatch issues to achieve more substantial emission reductions.
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Additionally, the limitations of the non-cooperative assumption should be acknowl-
edged. In practice, VPPs might form coalitions to exert market power. Such cooperative
behaviors could lead to higher clearing prices and altered dispatch strategies, poten-
tially reducing the DSO’s revenue and system efficiency. Investigating the impact of such
coalitions requires a cooperative game-theoretic framework, which is also a direction for
future research.
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