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Abstract

This paper suggests a way to improve teamwork and reduce uncertainties in operations by using a game theory approach involving
multiple virtual power plants (VPP). A generalized credibility-based fuzzy chance constraint programming approach is adopted to
address uncertainties stemming from renewable generation and load demand within individual VPPs, while robust optimization tech-
niques manage electricity and thermal price volatilities. Building upon this foundation, a hierarchical Nash-Stackelberg game model is
established across multiple VPPs. Within each VPP, a Stackelberg game resolves the strategic interaction between the operator and pho-
tovoltaic prosumers (PVP). Among VPPs, a cooperative Nash bargaining model coordinates alliance formation. The problem is decom-
posed into two subproblems: maximizing coalitional benefits, and allocating cooperative surpluses via payment bargaining, solved
distributively using the alternating direction method of multipliers (ADMM). Case studies demonstrate that the proposed strategy sig-
nificantly enhances the economic efficiency and uncertainty resilience of multi-VPP alliances.

Keywords: Virtual power plant; Fuzzy chance constraint; Generalized credibility; Robust optimization; Nash-Stackelberg game; Nash Bargaining

0 Introduction

In the context of global energy decentralization and
multi-energy complementarity, virtual power plants
(VPP) are pivotal in enhancing the efficient exploitation
of distributed energy [1]. The influence of uncertainty
factors, including the variability of renewable energy
production and frequent market price fluctuations, is
progressively complicating the multi-agent collaborative
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management of VPPs. Consequently, achieving multi-
agent collaborative operation in an unpredictable environ-
ment is of considerable importance [2].

With the large-scale integration of distributed resources
(e.g., new energy generation units, energy storage, control-
lable loads), multiple operational entities have emerged in
VPPs. These entities differ in optimization goals and face
information asymmetry, making it essential to clarify the
coordination mechanisms within a single VPP and across
multiple VPPs, as well as establish an efficient operation
framework. Game theory effectively facilitates the coordi-
nation of interest equilibrium across various actors and
has increasingly been utilized in the synchronized opera-
tion of VPPs in recent years. Comprising two categories:
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non-cooperative games and cooperative games. Non-
cooperative games are exemplified by the Stackelberg
game [3]. Reference [4] formulates a Stackelberg game
model to examine the non-cooperative dynamics between
the upper-level distribution network operator and the
lower-level VPP. Reference [5] constructed a two-layer
Stackelberg game model between EH and users, achieving
the integration of the game framework and uncertainty
modeling. The leader—follower game is also often used to
formulate the optimal pricing strategy and guide user
behavior. In the leader—follower game framework of Ref-
erence [6], the aggregator of producers and consumers acts
as the leader, dynamically formulating coupled electricity
prices and carbon prices, while the producers and con-
sumers as followers adjust their own electricity usage
behavior to reduce costs and carbon emissions. References
[4-6] attain reciprocal responses inside the system, enhanc-
ing their own objectives. Non-cooperative games prioritize
individual interests; Yet, their disregard for collective
interests may result in a socially suboptimal outcome.
Cooperative games emphasize collective advantages. In
the context of collaborative optimization across numerous
VPPs, global resource sharing and coordinated optimiza-
tion can be attained, typically depicted as coalition games
[7] or Nash bargaining models [8]. Reference [9] developed
a cooperative game model utilizing Nash bargaining
between solar power generation and power-to-hydrogen,
to optimize the benefits of the cooperative alliance. The
previously mentioned cooperative game model offers sub-
stantial benefits in attaining optimal overall advantages
for the alliance and equitable profit distribution. Nonethe-
less, while safeguarding the alliance’s overall optimal
advantage, it remains essential to further examine the rela-
tional dynamics among the members inside the alliance.
Reference [10] created a mixed game architecture with an
upper layer featuring a Stackelberg game between the
VPP and the RIES alliance, and a lower layer consisting
of a cooperative game among the members of the RIES
alliance. Reference [11] establishes a leader—follower game
among the upper-level power grid, gas grid, and lower-
level energy stations. Subsequently, a Nash cooperative
game is subsequently formulated between the upper-level
distribution and gas networks. The Nash-Stackelberg
game (N-S game) framework, as delineated in references
[10,11] and this paper, amalgamates the benefits of mas-
ter-slave and cooperative games, thereby ensuring the
stable operation of VPPs while accounting for the compet-
itive and cooperative dynamics among diverse entities,
thus offering a more lucid depiction of the interaction pro-
cesses among these entities. To protect the privacy of the
participants in the game, distributed algorithms are often
used for solution. Currently, there have been studies that
apply distributed algorithms to the game framework: Lit-
erature [12] uses the binary method to handle the Stackel-
berg game model, but it is mainly applicable to single-

variable problem scenes and is difficult to deal with the
optimization problems of coupled interactions among
multiple entities. The goal cascading method focuses on
handling game optimization problems with clear hierarchi-
cal structures [13]. However, the three VPP entities studied
in this paper have a horizontal parallel structure and need
to handle multiple coupled variables such as interaction
power and interaction price. Therefore, compared with
the binary method and the goal cascading method, the
Alternating direction method of multipliers (ADMM) is
more suitable for solving the N-S game model among mul-
tiple VPPs, and shows good convergence in the multi-
entity distributed optimization scene. Meanwhile, the
game models presented in the aforementioned literature
are predominantly constructed under ideal conditions,
neglecting the stochastic nature of renewable energy out-
put, market price volatility, and other pertinent factors.
This may result in unforeseen differences in the strategy
payoffs encountered by participants during the game,
impacting the stability and efficacy of decision-making.

In the operation of VPPs, as the number of unknown
variables escalates, it is imperative to further assess the
influence of these uncertainties during the operational pro-
cess to guarantee the system’s safe, dependable, and
affordable functioning. The primary techniques for model-
ing uncertainty are stochastic optimization [14] and robust
optimization [15,16]. Reference [17] introduces opportu-
nity constraints and uses cooperative game theory to
achieve multi time scale collaborative optimization of mul-
tiple VPPs. Reference [18] adopts interval modeling com-
bined with robust optimization to deal with the
uncertainty of new energy, and combines cooperative
game theory to enhance the overall economic benefits of
the alliance. References [19,20] employ robust optimiza-
tion techniques to tackle the dual uncertainties of carbon
pricing and renewable energy production, integrating
game theory for optimal scheduling. The cited literature
optimizes VPP operations using game theory models while
addressing uncertainties to achieve optimal strategies
under uncertainty. However, it fails to distinguish between
different types of uncertain variables, often overlooks the
dynamic characteristics of the source-load side in uncer-
tainty modeling, and typically adopts a uniform constraint
confidence level or accounts for uncertainty across all
scheduling periods—failing to accurately reflect how vary-
ing time-interval risk levels influence strategies.

This work formulates a Nash-Stackelberg game opera-
tional optimization model to improve the collaborative
operational capacity of various VPPs amidst uncertainties.
The comparison between the work presented in this paper
and the previous references is shown in Table 1. The pri-
mary contributions are: A Nash-Stackelberg game frame-
work for cooperative operational optimization of many
VPPs under various uncertainty is devised. This entails
developing a Stackelberg game framework between virtual
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Table 1
Comparison of existing literature models.

Ref. Game model Uncertainty Model
Stackelberg Nash Source and load Price
[6] v x v x
[16,17] X Vv Vv X
[19,20] X X Vv vV
[23] x v v v
Article Vv Vv Vv Vv

power plant operator (VPPO) and photovoltaic prosumers
(PVP), as well as formulating a Nash cooperative game
model among various VPP entities. Instead, fuzzy chance
constraints are adopted, and trapezoidal fuzzy sets are
constructed to handle source-load side uncertainties.
Through equivalence clarification, differentiated modeling
of fuzzy events with different risk preferences is realized
based on generalized believability.

The structure of the remaining part of this article is as
follows: Section 1 constructs the VPP operation frame-
work and the main model; Section 2 conducts multiple
uncertainty modeling; Section 3 establishes the Nash-
Stackelberg game model; Section 4 verifies the model’s
validity through multiple scene examples; Section 5 sum-
marizes the research conclusions and looks forward to
future work.

1 VPP Nash-Stackelberg game operation optimization
model

1.1 VPP collaborative operation framework

The VPP system includes the VPPO and the PVP. The
operation framework of the Nash-Stackelberg game is
shown in Fig. 1.

Legend
; VPPO r‘t’j\, PVP A\ WT PV < Thermal energy flow
ESS g8 CHP /4 DR M GB <> Electric energy flow

External Electric network

External 'I'hm{lal network

Fig. 1. The Nash-Stackelberg game framework.
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The Nash-Stackelberg game framework comprises two
components: the Stackelberg game model between VPPO
and PVP, and the cooperative game model among VPPs.
In the primary-slave game component, the VPP operator,
acting as the leader, establishes dynamic electricity and
thermal pricing for the subordinate solar prosumer. Upon
responding to the prices, the PVP execute demand
responses and relay their energy purchase requirements
to the higher-level operator. Upon receiving the energy
procurement requests from the prosumer, the VPP opera-
tor modifies the output of the units to minimize its opera-
tional expenses. Preserve the system’s energy supply. In the
cooperative segment of the game, each VPP engages in
peer-to-peer (P2P) exchanges of electrical and thermal
energy with other VPP entities, while preserving internal
autonomy, so constituting a cohesive VPP cooperative alli-
ance. The optimization of cooperative advantages and the
allocation of benefits within the VPP alliance are accom-
plished via Nash bargaining.

1.2 VPP operator model

The VPPO contains combined thermal and power unit,
new energy power generation units and electric energy
storage devices internally. As a leader, it sells electricity
and thermal energy to followers and prosumer by setting
dynamic electricity and thermal prices to achieve optimal
economic operation. Its objective function model is:

T T
: _ CHP GB g dis
min CVPPO - .fgas Z <Pf,gas + Pt,gas) + f ESS Z Pr
t=1 t=1

T T
VPPO VPPO,real VPPO VPPO,real
+c fdis Z <Pz.pv - P/,pv > +fdis Z <P1,wt - Pl.wt )

t=1 t=1
u b b 11 psell a t 1,load t 1,load
uy pbuy __sell psel _ opt preal,loa opt preal,loa
+ Z:I <pl-e Pt.e pt,e Pt,e > Zl (ptﬁh Pz,e +pt1h Pt,h >
= =
(1)

where f,s denotes the unit price of natural gas; Pyt Pro,

represent the gas consumption of Combined thermal and
Power (CHP)/ Gas boiler (GB) at time 7; fggs represents
the unit power generation cost of energy storage;P** repre-
sent the discharging power of the electrical energy storage
respectively; fg;s represents the unit for non consumption
of new energy; Pyr O™ PYITO " represent the actual out-

put of the wind turbine (WT) and the PV at time ¢
PYoOPYO represent the predicted power generation

f,wt
capacity of WT and PV generators at time ¢. pE;'yP}f‘e‘yPEEy
represent the purchase and sale electricity price/thermal
price with the external power grid/thermal network at time
t pffgtpffﬁl represent the optimized electricity price and ther-
mal price passed to the followers by VPPO at time ¢;
preatioad prealload yepresent the optimized load;

CHP is a device that generates both electricity and ther-
mal simultaneously. The model is:
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CHP _  CHP pCHP
Pr‘c =1, Pt,gcx qgas
CHP _  CHP pCHP
Pt,h — 'lh Pt.gcx qgas
2)

PCHP < P[CEHP < PCHP

mine — max,e

CHP CHP CHP

Pmin.h < Pt.h < Pmax.h
where PSHP PP represent the power generation and ther-

mal generation of CHP at time #; ™" represents the ther-

mal generation efficiency of CHP; ¢, represents the

calorific value of natural gas combustion; PG\" PLIP. rep-
resent the minimum/maximum generating power of
CHP; PG Pt represent the minimum/maximum ther-
mal generation power of CHP respectively.

GB as the main thermal energy supply equipment in the
VPP, generates thermal energy by burning natural gas.

The model is as follows:

GB _ pGB pGB
{Pt,h - Pr,gasah ans
GB GB GB
P <Py <P

min,h

3)

max,h

where PShB represents the thermal dissipation power of GB

at time #; 00 represents the thermal production efficiency
of the GB; PSP PSP | represent the minimum/maximum
thermal generation power of GB at time ¢.

VPPO store and retrieve electricity through electric
energy storage devices to balance internal power genera-
tion and the purchase and sale of electricity from the exter-

nal power grid. The model is as follows:

ERY = (1 = 0 )Er™ + oacP — P o

Eo < 5 < EE

UretePoy < P < Urenc Py

UwaisPgi < PI® < Usais P 4)
Uiene + Urais < 1

Pmin < Pchr _ Pchr < pmax
P

clchr = & 1+1 cl,chr
min is dis max
Pcl‘dis < Pfd+l - Pt < Pcl‘dis

where £ represents the state of charge of the electrical
energy storage; g, wq;s represent the charging/discharging
efficiency of electrical energy storage; U, .U, 4is Tepresent
the state marking bit; P35 Pi'% PUa PR PR represent
the minimum/maximum charging/discharging powers of
the electric energy storage in the charging/discharging
state.

VPPO integrate wind and photovoltaic resources for
power supply. The actual power generation is within the
predicted power generation date. Therefore, the models
for WT and PV are:

0 < PO < pyIT
{ ' ’ ()

VPPO,real VPPO
0 S Pt,pv S Pt.pv

When the internal CHP and GB of VPPO fail to meet
the demands of PVP, they need to purchase additional

electricity and thermal from the external power grid and
external thermal network. Meanwhile, when there is an
excess of energy, they can also sell the energy to obtain

additional benefits. The model is as follows:
0 <P <UPPIR,

11 11
0 < P75 <UL PG

U+ Uy <1

buy buy 2
0< Py < U Pituy
11 11
0< P < USPES ©)

h,sell

Uy +Us <1

where PPWPIYPIPS! represent the electricity/thermal
loads purchased/sold by VPPO to the external power grid
and the external thermal network at time ¢
Py P PI PR, represent the maximum electric and
thermal load purchased/sold by the VPPO operation from
the external power grid thermal network; The flag bits rep-
resenting the trading situation at time ¢ respectively.
Comprehensively considering the output strategy of the
VPP operator, the thermal power balance of the VPPO i at

time ¢ can be obtained as:
buy sel CHP VPPO,real VPPO,real
Ptﬁe - Pt,e + Pt.e + Ptﬁwt + Pt,pv +
dis chr P2P P2P __ pload,reai . .
Pt - P/ - Pix/.a,t - Pj,i.e.z - Pt,e 7vz7é]
buy sel CHP GB
Pz.h 7Pt‘h+Pt<h +Pt,h+
PzCl}? _ Pl"ZP _ Pl_’ZP — Pif)}‘;ld.rez\i7vl.7éj

ijht Judshit

()

where plotdreaiploadieal represent the optimized load
demand of the follower photovoltaic consumer after the
demand response, that is, the actual thermal and electricity
load purchased from the leader, which is included as the
revenue portion in the objective function. P:. Prr},
respectively represents the electricity and thermal sold by
the VPP i to the VPP j at time ¢;

1.3 PVP model

PVP are users who possess both the capacity for photo-
voltaic power generation and the demand for electricity
and heat energy. The cost of PVP consists of three parts:
the cost of purchasing electricity and thermal from leading
VPPO, the cost obtained from demand response, and the
cost generated from wind and solar power curtailment.
The objective function of PVP is:

T
min C;%[;, _ Z(nglp;;al,load +piElP:f:;l.load>+

t=1
, . (8)

u u di rec

Z}(Piet :;l +Piht fl}l]l) +fpizs 2;(131);:7 —P?;:/P real)
= 1=
where the cost of electricity/thermal load can be reduced in
units of /74 /71 Pa'Pyy represent the reduction in electric-
ity/thermal load at time #; PP represents the actual
output of the photovoltaic power generation at time ¢,
Py, represents the predicted power generation capacity

of the photovoltaic power generation unit at time z;
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The load reducible model in demand response is:

t cut cut 1 2

Pfr?in,e S P‘tg S P?r?ax,e’ vt € lut ’ 'ut (9)
t t t 3 4

anuin.h < Pfltll < Pfrlxlax,h7Vt € My 1y

where Ppi Pov, . and P Pt | represent the minimum/-
maximum reduction amounts of electricity/thermal load;
w2 it are the Lagrange multiplier of the inequality
constraint Eq. (9).

PVP only integrate photovoltaic resources for internal

power supply. The model is:

0 < PRy < PRIT V€ 1), (10)

t,pv

where 18 6 are the Lagrange multiplier of the inequality
constraint Eq. (10).

Comprehensively considering the demand response of
PVP, the thermal power balance at time ¢ can be obtained
as:

load,real __ pLoad __ pPVP,real sl,in
Pt‘c - Pt,c Pr‘pv +Pt,c

—Plont — pet vt e ) (11)

load.,real __ pLoad cut 12
Pl‘h _Pt.h 7Pt<hVVt€/“t

where )th itz are the Lagrange multipliers of the equation
constraint Eq. (11).

2 Multiple uncertainty modeling of VPPs

2.1 Improved fuzzy opportunistic constraint model based on
generalized credibility

The fuzzy chance constraint method is used to model
source-load uncertainty in this paper. This method allows
the optimal solution to violate constraint criteria to a cer-
tain extent, but the chance of satisfying all constraints
must not be lower than the pre-set confidence level
[21,22]. The fuzzy chance constraint of a fuzzy constraint

1S:

min f(x, )
t.Ci : > (12)
s.t.Cr< w : Mg(x;))(m)go >0
where w is an element in the sample space, p , ~ is
g (x,(?) (w)<0

the membership function of the fuzzy event g(x, 5) <0,

and o € [0,1] is a given confidence level.

Power fluctuations on generation and demand sides
exhibit distinct risk characteristics across different tempo-
ral periods. During high-risk intervals—characterized by
peak electricity and thermal consumption coinciding with
volatile renewable generation and prosumer load—the
VPPO prioritizes power supply and heating reliability
assurance. Conversely, during low-risk periods where
renewable output is sufficient and load demand is subdued.
This enables the VPPO to strategically modulate control
stringency over uncertainties due to increased system flex-
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ibility. Conversely, during low-risk periods, VPPO can

appropriately relax the control requirements for uncertain

factors because it has a higher operating margin.
According to the above analysis, the trapezoidal fuzzy

set P, of the source load power in period ¢ is:

f’,:(P,r]l,P,nz,P,m,P,m) (13)

where #; and 7, represent the left and right endpoints of
the trapezoidal fuzzy set; 1, and #; represent the lower
and upper bounds of the core interval of the trapezoidal
fuzzy set, and the membership function P, of its trape-
zoidal fuzzy set is:

0, }v’, <P or}v’, > Py

Pefon pyy < P, < Py

1, <7)1) _ Piny =Py ? : - (14)
1, Pmy < P < Py

Pty =Py B
W,P,ngﬁl’,ﬁﬂm

where P, takes different values in different fuzzy sets.

When the membership degree value is 1, P, is in the fuzzy
core interval, which is at the top of the trapezoid. When
the membership degree value is between (0,1), it is on the
two hypotenuses of the trapezoid. When the membership
degree function is 0, it indicates that P, does not belong
to any fuzzy interval.

Based on the literatures [21,22], this paper improves the
clear equivalence class method of the traditional trape-
zoidal fuzzy set. According to the traditional credibility
measure, it is finally derived that the weights correspond-
ing to the right endpoint 73 of the upper bottom and the
right endpoint 54 of the lower bottom of the trapezoidal
are (2-2a) and (2a-1). In this model, the confidence infor-
mation in the two directions of possibility and necessity
is the same. That is:

Cr{g(x, I~3>} = %Poss{g} + %Nec{g} (15)

where Poss (Possibility Measure) represents the possibility
measure, that is, whether an event is likely to occur; Nec
(Necessity Measure) represents the measure of necessity,
that is, whether an event is bound to occur. Two measures
are used to describe the occurrence probability of fuzzy
events.

In this paper, the traditional clear equivalence class Eq.
(15) is improved by using the generalized credibility the-
ory. Different types of risk preferences are set for the
source charge data in different risk periods for classifica-
tion and discussion. The risk preference coefficient f3. is
introduced and defined as:

Cr{g(x7 15)} = f,Poss{g} + (1 — f,)Nec{g} (16)

where f3; enables the VPP to be regulated between Poss and
Nec, and f3, € [0,1]. When Nec is 1, it indicates that all sit-
uations must support the validity of the fuzzy event. When
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Poss is 1, it indicates that there exists a certain situation
that supports the validity of the fuzzy event.

Therefore, by controlling the value of f3,, it is possible to
reflect the different risk preferences of the VPP for various
uncertain events. When f8, > 0.5, Nec > Poss, and more
attention is paid to the situation where the fuzzy events
are almost certain not to occur, which belongs to a conser-
vative risk preference strategy. Conversely, when f, < 0.5,
Nec < Poss, and more attention is paid to the maximum
extent to which the event is likely to occur, which belongs
to an optimistic risk preference strategy.

Taking the right descending segment of the trapezoidal
fuzzy set as an example, the derivation process of the clear
equivalence class after introducing f, is shown in Appen-
dix A. Finally, the weight Settings of the clear equivalence
class of the trapezoidal fuzzy set under generalized credi-
bility and the corresponding risk preference types are pre-
sented in Table 2.

In conclusion, after considering the source loads with
different risk preferences and adopting the clear equiva-
lence class formula, the equivalent power load balance
for the VPPO in Eq. (7) is:

La (Plf::ad,reairh _ pYPPOsaalyy PVPPO,rea]n2)+

By 1wt tpv

a—(1=8,) { pload,reai 5 VPPO,real L yppQ real VPPO real 17
B, Pte Na — Lot tht m—= Pt‘pv m)— ( )

PE:y +Ptsce]l _PE:IP _ P;lis +P;hr +PP2P +Pl.)2p — 0

ijet et

For the thermal load balance equivalence of the VPPO
in Eq. (7), it is:

%P}‘ohad?reai R + a—(/lil—ﬂ,)P:‘(,)had‘reaiml_ (18)
Pl + Pt = PRI = PR} = P+ P+ P =0
For the electricity load balance equivalence of PVP in

Eq. (11), it is:
%Pliad7reain3 + ct—(;f—/f/)P;zad.reai’,l4 _ P{T:ad

+(2 _ 20‘)PDPP‘realrl2 + (20( _ l)nlpziP,real + sze“ =0

t.pv

(19)

For the thermal load balance equivalence of PVP in Eq.
(11), it is:

1—a pload,reai a—(1-p,) pload,reai
TPy +— Py

c.3 B

Load cut (20)
Py Py = 0

Meanwhile, this paper takes into account the uncer-
tainty of Ppy, " and adopts the traditional trapezoidal

Table 2
Weight setting and risk preference types under generalized credibility.

B Risk preference type Left weight Right weight
B, > 05 Conservative type 1/"‘ %fm
p;=0.5 Neutral 2 — 2o 20— 1

B, <0.5 Optimistic type 1—a w

A

fuzzy chance-constrained method. The clear equivalent
process is presented in Appendix A. The modification pro-
cess of the KKT equilibrium condition is presented in
Appendix C. After the above Eq. (18)-(21) are processed
by clear equivalence classes, the commercial optimization
software CPLEX can be directly used to solve the model.

2.2 Robust optimization model considering price fluctuations

During the operation of VPPs, the frequent fluctuations
in electricity and thermal prices will not only increase their
own operating costs, but also further affect the Nash bar-
gaining process among multiple VPPs. By adopting the
robust optimization method, the cost risk caused by price
fluctuations can be effectively reduced by solving the opti-
mal operation strategy in the worst scene [23].

In the period set within the dispatching cycle 7', the fluc-
tuation coefficient @, ¢, of electricity and thermal prices in
different periods is considered to measure the degree of
price fluctuation in that period. At the same time, set I’
as the number of periods with uncertainties in electricity
prices and thermal prices, 0 < I' < T. Define the binary
variables UY, and U,. When U7, and U}, are 1, it repre-
sents the period ¢ considering the influence of the electric-
ity price fluctuation coeflicient ¢, ¢,, that is, the period in
which the fluctuations of electricity prices and thermal
prices are severe. When Uy, and U7, are 0, it indicates that
the uncertainties of electricity and thermal prices are not
taken into account. To sum up, in the objective function,
the fluctuation penalty cost term considering electricity
prices and thermal prices is expressed as.

Cc Tc .
load,reai y 7 load.reai y 7
max Z Z [¢3Pt.e Ut‘e + (phPh,e Ut,e

c=1 tec
T T
S UL ST YU <T @)
s.t. —1 =1
0<UL<1,0<US <1

Combining Eq. (1), the running objective function of
VPP is as follows:

: non
min CVPPO = Cvppo“—

d load,reai 7 70 load.reai y 7¢ (22)
ma’XZ (pept‘e ’ U/,e + q)hph.e ' Ul‘e
t=1

where the max term is the price fluctuation penalty term
caused by the uncertainty of electricity and thermal prices,
which is introduced into the objective function. The pur-
pose is to mitigate the impact caused by the fluctuations
of electricity and thermal prices. Therefore, the optimal
operating cost needs to be considered under the maximum
risk. The objective function belongs to the min-max
robust optimization problem. For this problem, the dual
variables are set as follows:
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T
=3 UL >0-g
t=1

T
F_ZU;/.)h ZO_)QZ
=1

1-U% >0 — g (23)

l—U,q’hZO — Ca
U, >0 —cs
U;’?hZO — Cp

The derivation process is shown in Appendix B.
Through the transformation in Appendix B, the min—
max problem is equivalent to:

mintil(gll“ + ol +¢+¢)
S 46> @Peo, &+ > @, Pig
c —Py < P < P (24)
s.t. —Po < P}f}?d'rm < ﬁh.o
f)e,() >0,P0 >0
61 >20,6>0,¢3>0,¢,>0

Therefore, through dual equivalent transformation, the
final Eq. (22) is transformed into:

T
min Cypp, = min {vao + (Z gl +ol+¢ + @;) } (25)

=1

2.3 Framework for modeling multiple uncertainties

From the perspective of uncertainty modeling. The
uncertain variables involved in this paper include: the out-
put of new energy, load demand, and market prices.
Among them, the output of new energy and load demand
can be obtained through statistical methods based on his-
torical data, and their probability distributions can be cal-
culated. Therefore, the fuzzy chance-constrained method
was adopted to deal with the perturbation caused by the
deviation of the prediction of new energy output and user

Uncertainty subject
.
Objt minC,p, == Y (PRE™ + pR BV ™)
=1
Decision Variable: Optimal pricing strategy

Follower decision

vePo a——mand e
Tesponse

Leadership decision
< Jund d, loom)
. ey o garval Tond ap pyrend, Lo
Objimin Cppy = 3 pIRET™ + pRETM™ 4.
=)

Decision Variable: Optimal purchase quantily

Uncertainty Set

Photovoltaic

Electricity demand

load demand. Considering that the uncertainty of market
prices is affected by external factors such as policy regula-
tion, it is difficult to obtain an accurate probability distri-
bution. Therefore, this paper adopts the robust
optimization method to deal with the uncertainty of elec-
tricity prices. Together, these two methods address multi-
ple uncertainties faced during the operation of VPP. The
uncertainty modeling framework of this paper is shown
in Fig. 2.

From the perspective of the VPP operation optimiza-
tion model constructed in this paper, the uncertainty of
the sources and loads mainly manifests in the constraints,
while the uncertainty of the market price is mainly
reflected in the objective function. Therefore, the fuzzy
chance-constrained and robust optimization methods
respectively model the uncertainty for different types of
variables, and the two work together to achieve the overall
optimization result of the VPP operation optimization
model.

3 VPP Nash-Stackelberg game model
3.1 Stackelberg game model

For the Stackelberg game model composed of VPPO
and PVP, this paper equivalently transforms the follower
prosumer model by constructing the Lagrange function
and using the KKT condition. Apply the strong duality
method, which was adopted to relax the energy purchase
costs pyb Preakiond and pPP Pt of prosumers. The specific
derivation process is shown in Appendix C. Finally, it was
transformed into a single-layer linear programming model
as follows:

min Cyppg
ot { (2) = (6),(9) — (10),(17) — (20), (26)
o (B3),(C2),(C4),(CT)

Uncertainty modeling

No probability distribution
*

Price variable

Robust optimization

minC3m, — Cpg +max Y [, B2 ™07+
-

Stochastic optimization
I:I:m reni I:1hm.1 A I:c'l‘z! =0

f

Source load variable

I'hermal demand

With probability distribution

Fig. 2. Framework for Modeling Multiple Uncertainties.
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3.2 Multi VPP cooperative game model

Under the Nash-Stackelberg game framework, the
Nash bargaining model, as a cooperative game mecha-
nism, maximizes the overall interests of the VPP alliance
while completing the distribution of cooperative benefits
through bargaining. This paper considers the standard
Nash bargaining model, ensuring that the bargaining posi-
tions of the n VPPs participating in the Nash bargaining
are the same, that is, /; is all 1. Since the cost and benefit
are opposite to each other, thus there is:
maXiHl (C%(;’[i’i - Ci;)I;)Pi)AI

Cypri = Cupp, (27)
(6),(9) — (10), (17) — (20),

(B3),(C2),(C4),(CT)

s.t.q4 (2) —

where n represents the number of entities participating in
the Nash-Stackelberg game; Cyyp, represents the total cost
of the VPP i after the Nash bargaining; Cypp,; represents
the total cost of the VPP i when the bargaining breaks
down, that is, the total cost when considering the Stackel-
berg game model.

The above equation is a non-convex nonlinear problem.
To further simplify the model solution, the mean value
inequality method [24] is adopted to simplify it into two
linearly separable subproblems. The specific model is as
follows:

SP1: Minimizing the operating cost of the VPP Alliance
in a multi-uncertainty environment:

min 3 C5,
i=1
o @~ 0,0 00,07,
(B3),(C2),(C4),(CT)

(28)

where the P2P transaction costs of electrical energy and
thermal energy are ignored in SP1, with > > ij’jz.’SJ =0,
so there is multiple coupling among the three VPPs. There-
fore, the auxiliary variables P'** and P™" are introduced

ijet ijht
to transform SP1 into a dual-coupled model as follows:

Piles = =PlicoViE N
PP = PP i) (29)

ijht Jibhit?

where P} P2 are the introduced auxiliary variables. It
indicates that a consensus on the trading of electrical and
thermal energy has been reached between VPP i and ;.
After decoupling, subsequent distributed solutions can be
carried out.

SP2: VPP Alliance maximizes revenue distribution

min 32— In[C35, — (CVe + CV)] (30)

p2p
s.t{Cyap > (Cypp + Chow)

The decoupling is the same as the processing method of
SP1, with the following double coupling constraints:

PR, = P i -
Pijhi = Plino ViF]
where p77 pi? represent the expected transaction elec-
tricity price and thermal price solved in SP1. When the
equation relationship is satisfied, it indicates that VPP i
and j have reached a consensus on the transaction of elec-
tricity price and thermal price, and can be solved in a dis-

tributed manner in the future with SP1.
3.3 Model solving process

First, solve the Stackelberg game model to obtain the
breakdown point of the Nash bargaining. Next, dis-
tributed solutions need to be carried out for SP1 and
SP2. ADMM is adopted for distributed solution, and the
subproblems corresponding to each VPP are decomposed
by setting the coupling constraints Eqgs. (29) and (31).
For the VPP i, the augmented Lagrangian function of
SP1 is obtained as follows:

> %

i=Li%j j=1 i

M~

(2 (Prjes = Pries)

L (P Pijae) = miﬂ{* In[ (G, — OV — CVw)] +

n n T

+xij£(p,.,h.,*p/.,;,.,)ﬂ I

=it =l =

T, 2, Op 2
51 Puses = Prses 13+ 51 Pugas = Py 1]}

(32)

where

te 27 e 7 te 1T te ' e tpv 17wt

ne {Pbuy Psell PCHP7P?lS,Pfhr Pcut Psl PVPPO.real PVPPO‘real7

Pi()edd.red17ptol:d reai Pbuy Psell PCHP Pdls Pc.hr P(.ut Psl P}.)2P PP P }

e vt tert e ot ot ot thot tho T e ight

Ayl 2yl represent the Lagrange multiplier and ¢&,¢, repre-
sent the penalty factor. For the VPP i, the expected energy
interaction of the remaining VPP j is received, and then the
distributed optimization model of the VPP i is solved to
obtain the expected energy interaction of the VPP i. Next,
the number of iterations of the ADMM algorithm is
increased by 1 and the dual variables are updated to deter-
mine the convergence of the ADMM algorithm. If it is less

than the convergence accuracy &, convergence stops:

n T
> OXlPE AP I<e

ijet
J=ij#i 1=1

n T
> XNPT AP <e

J=ig#i =1

(33)

Similarly, the augmented Lagrange function for con-
structing the SP2 is as follows:

n T
2 D [he (Pres = Pies)

J=1 1=

. ) , , 0
L (prjensPrjns) = mm{* In[(CVR — Chfhy — Cin)] + b3y
T

n n T
i Oe 2, On 2
i Pusns = Pran) ]+ D2 D D[N Puser = Prae I+ 5 Prgae = s 3]}

==

(34

193



L. Dong et al. | Global Energy Interconnection 9 (2026) 186-207

where »7/ X; / represent the Lagrange multiplier, and ¢, and
oy, are the penalty factors.

The ADMM distributed optimization is carried out
with minimizing | as the objective function. In the iterative
calculation process of the same SP1, the algorithm conver-
gent after satisfying the following formula.

n T

.7‘2‘;_ 2} I Pijesr — Pjies | <e

J=LJFL = (35)
Z Z”puht pj,i,h‘t H Sg

J=iJFEL =

Therefore, the Nash bargaining model is decomposed
into the VPP cost minimization SP1 and the VPP revenue
distribution SP2. Coupling constraints are set and the aug-
mented Lagrangian functions of each problem are estab-
lished. The ADMM method is adopted for distributed
solution. The specific solution process of the Nash-
Stackelberg game is shown in Fig. 3.

The ADMM method can only directly handle a single
interaction quantity at a time. However, in this paper,
the electricity price and electricity energy interaction quan-
tities exist in two separate solution problems (SP1 and
SP2), so ADMM is used for separate processing in each
sub-problem. To sum up, the Nash-Stackelberg game
model framework with multiple uncertainties proposed
in this paper is divided into three parts. Solving the Stack-

elberg game part, that is, solving the breakdown point of
the Nash bargaining, and solving the Nash bargaining
SP1 and SP2. The final output is the breakdown point of
the Nash bargaining, namely the independent operating
cost, the interaction volume of the electric heating P2P
in SP1 and the cost after participating in P2P, the transac-
tion price of the electric thermal P2P in SP2, and the ben-
efit of the Nash bargaining.

3.4 Nash-Stackelberg game model and convergence analysis of
ADMM algorithm

To prove that the Nash-Stackelberg model in this paper
has a unique optimal solution, based on the four axiomatic
conditions proposed by Nash [25]: Pareto efficiency, sym-
metry, invariance to affine transformations, and indepen-
dence of irrelevant alternatives. When the Nash
bargaining solution satisfies these four conditions, it is
the optimal solution [26,27]. The detailed proof process
can be found in Appendix D.

For the Nash-Stackelberg game framework, this paper
uses the standard ADMM for distributed solution. How-
ever, in the case of three/multi-block, its convergence can-
not be guaranteed [28,29]. In the Nash-Stackelberg model
of this paper, the three VPPs act as the game entities, and
their objective functions, constraint conditions, and deci-
sion variables have the same form. From the perspective

" “Nash Negotiations: Solving the | !~~~ Nash Negotiation: Soiving

194

Breakdown Point of
Negotiations

\

‘/ Establish the master-slave ‘
\ game model of VPPO and PVP/

'

Establish the fuzzy
opportunistic constraint model
on the source-load side

v

Set the type of risk preference based
on generalized credibility according
to Equation (16)

—

model based on Equation (25)

y

Linearization processing is
carried out according to the
KKT conditions

Establish a robust optimization

Input relevant variables such as
unit parameters

v

/Solve the master-slave game modél\

\ (The breakdown points of each VPP —|—|—

\ Nash negotiation) 4

Subproblem P1

/" Establish the SP1 augmented N\
\ Lagrange function

7

‘ Set the consistency constraint

/

of trading volume

Set the k th generation of electrical
and thermal energy interaction
amounts

-

Update the 7 of (k+1) generations in
sequence according to equation (32)

interaction amounts of electricity

Update the dual variables of the
and heat

N
Satisfy the convergen
equation (33)
l Y
/ /Output the costs of each VPP aftern \\

| participating in P2P and the P2P
N interaction volume %

/ Output the operation I
\ strategies of each VPP /

k=k+1

™™ Nash Negotiation: Solving ~ |

Subproblem P2

(Tnput the P2P interaction
\_volume of subquestion 1 /

Set consistency constraints on
electricity and heat prices

Set the k th generation trading
electricity price and heat price

Update the (k+1) generation of Pi j.e:
and P; ;.».according to Equation (34)

Update the dual variables of the
electric heating trading price

isfy the convergence
equation (35)

“/ Output the price trading \“
\strategies among various VPP )
/

/1 Solve for the improvement of tﬁé\
benefits of each VPP after ‘
\_ cooperation )

Fig. 3. The solution process of the Nash-Stackelberg game mod.
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of the type of the mathematical programming model, The
optimization problems of VPP operation all fall under the
category of mixed-integer linear programming problems,
with only the parameters varying among different entities,
so they belong to the one block of problem [30], and can be
solved by the standard ADMM for distributed
computation.

Existing literature indicates that when the dimension of
integer variables is small, ADMM can achieve better con-
vergence [23]. However, when a large number of integer
variables are large in scale, the model shows strong non-
convexity, and the standard ADMM cannot directly con-
verge. At this time, it is necessary to combine the Alternat-
ing Optimization and Projection(AOP) algorithm. First,
continuous relaxation is performed on the integer vari-
ables to solve, and then the feasible integer solution is
gradually approximated through projection and iterative
methods, thereby ensuring convergence [31].

4 Case analysis
4.1 Parameter Settings

The numerical examples in this article are three VPP
systems, The data structure of the unit is based on refer-
ence [23] and has been adjusted accordingly. The relevant
parameters are shown in Appendix E. All simulations are
conducted in the MATLAB 2021b in a 64-bit Windows
environment with Cplex 12.7.0 solver and YALMIP tool-
box on a PC with Core i7-12700 CPU @1.8 GHz and
16 GB RAM. Programming was carried out using Matlab.
The convergence accuracy of the ADMM algorithm was
set to 107 and the penalty factor was 107, Set the confi-
dence level of the fuzzy chance constraint at 90%; During
the high-risk period, take the time points corresponding to
the 12 data with larger absolute values of source charges;
during the low-risk period, take the time points corre-
sponding to the 12 data with smaller absolute values of
source charges. Set the initial f, (¢ € ¢, ¢ = 1) to 0.6 and
p: (t € ¢, ¢ = 2) to 0.4; The fluctuation ¢.¢, of electricity
and thermal prices is taken as 10% [32], and the initial set-
ting of the uncertainty period I" is 15.

4.2 Analysis of game economic benefits

Four different scene are set up to analyze the effective-
ness of the Nash-Stackelberg game optimization operation
established in this paper under multiple uncertainty scene.
Among them, scene 3 is the traditional clear equivalence
class. Scene 4 represents the traditional random optimiza-
tion method. Considering the uncertainty of wind and
solar power output, 1000 scenes were generated using
Latin hypercube sampling, and 5 typical scenes were
obtained using the backward reduction method [14]. Scene
5 is the clear equivalence class based on generalized

credibility proposed in this paper. The scene Settings are
shown in Table 3.

First, take Scene 5 as an example. The convergence of
the algorithm before and after the Nash-Stackelberg game
is shown in Fig. 4.

Fig. 4 illustrates that following the distributed solution
via ADMM, SP1 converges 35 times, with convergence
accuracies for electrical energy and thermal energy
recorded at 4.8634 x 107 and 5.7067 x 107", respectively.
SP2 converges 33 times, with convergence accuracies for
electrical energy and thermal energy recorded at
1.8240 x 107 and 8.3523 x 107, respectively. Both satisfy
the criteria for convergence. Therefore, the proposed
ADMM algorithm ensures robust convergence, model sta-
bility, privacy protection for all VPPs, and fulfillment of
Nash bargaining criteria.

Then calculate the independent operation of each VPP
and the cost after Nash bargaining in the Nash-
Stackelberg game. The comparison of the benefit analysis
of the Nash-Stackelberg game in scene 1 to 5 is shown in
Table 4, where the cost reduction amplitude is the propor-
tion of the cost change amount after Nash bargaining to
the total cost during independent operation.

Table 4 shows that scene 2 alone compensates for pric-
ing uncertainty due to a more conservative strategy,
increasing the ultimate cost of Nash bargaining inside
the VPP association by 6707.79 CNY. The VPP topic par-
tially relaxes the fuzzy opportunity restriction, making the
equivalence class predictable. This decision-making space
extension increases P2P and Nash bargaining efficiency
costs while reducing uncertainty losses and improving sys-
tem security. In a conservative strategy with broad confi-
dence, the conservative approach during high-risk
periods handles more risk factors than the optimistic strat-
egy during low-risk periods. So, high-risk times cost more
than low-risk periods, totaling 69.15 CNY per scene under
the Nash bargaining framework. VPP1’s Nash bargaining
benefits grew from 1320.79 to 1331.07 CNY uncertain con-
ditions. After compensating for their own mistakes, the
VPP reduced transactions with the external grid and ther-
mal network and traded with its own VPP. Scene4 has a
total cost that is equal to the expected cost, which is
slightly higher than the cost in Scene 2 of the deterministic
optimization of new energy output. This is mainly because
the stochastic optimization calculates different scenes of

Table 3
The setting of uncertain scene in the Nash-Stackelberg game.

Scene Uncertainty of source uncertainty of electricity
and charge and thermal prices

Scene 1 X X

Scene 2 X Vv

Scene 3 +/ (Tradition) 4

Scene 4 Vv ([14) V4

Scene 5 v/ (Article) V4
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Fig. 4. Scene 4 ADMM iteration process.

Table 4
Benefit analysis of the Nash-Stackelberg game in different scenes (unit: CNY).
Scene Subject Cost of independent Cost after participating Nash bargaining Final cost of Nash Cost reduction
operation in P2P benefits bargaining amplitude (%)
Scene 1 VPP1 —7140.77 —6196.70 1320.79 —7517.49 5.28%
VPP2 —10440.14 —9668.80 1148.05 —10816.85 3.61%
VPP3 —9156.46 —12001.89 —2468.73 —9533.17 4.11%
Scene 2 VPP1 —4977.37 —4257.27 980.76 —5238.03 5.24%
VPP2 —8221.05 —7175.27 1306.42 —8481.69 3.17%
VPP3 —7179.36 —9727.07 —2287.07 —7440.00 3.63%
Scene 3 VPPI 1406.24 2396.41 1336.20 1060.22 24.61%
VPP2 —1381.75 —353.09 1374.66 —1727.76 25.04%
VPP3 —1258.72 —4315.47 —2710.75 —1604.72 27.49%
Scene 4 VPP1 —3943.8237 —3330.8928 899.3974 —4230.2901 7.26%
VPP2 —7172.6513 —5764.1932 1694.9021 —7459.0953 3.99%
VPP3 —5974.0417 —8854.6694 —2594.1817 —6260.4878 4.79%
Scene 5 VPP1 1431.66 2414.65 1331.07 1083.58 24.31%
VPP2 —1348.95 -333.72 1363.31 —1697.03 25.80%
VPP3 —1241.56 —4282.87 —2693.20 —1589.67 28.04%

new energy output separately and needs to simultaneously
meet the operation scheduling plans under different typical
scenes. Therefore, it exchanges certain economic benefits
for the robustness of the optimized scheduling strategy.
Nash’s P2P trading process benefits from VPPl and

196

VPP2, with scene 3, 4 and 5 outperforming scenes 1 and
2. Robust optimization and stochastic optimization P2P
transactions within the cooperative game, making it more
suitable for multi-agent collaboration in complex and
uncertain environments.
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Furthermore, when solving Nash bargaining SP1, the
computing time and power exchange amount of the solu-
tion were compared between the calculation using the cen-
tralized algorithm and the calculation using the ADMM
algorithm. The results are shown in Table 5 and Fig. 5.

From Table 5 and Fig. 5, the centralized algorithm out-
performs the distributed one in solution time. This is
because it processes all data centrally, enabling fast acqui-
sition of the global optimal solution—whereas the dis-
tributed algorithm requires communication and iteration
across multiple nodes. In terms of power interaction, the
power exchange volume solved by the centralized algo-
rithm fluctuates significantly, while the distributed algo-
rithm yields a smoother interaction curve. This is
attributed to the distributed algorithm’s iterative optimal
solution search and its allowance for each VPP to make
independent decisions based on its own conditions,
thereby reducing impacts on other VPPs.

In conclusion, although the centralized algorithm has
certain advantages in terms of solution speed, in actual
operation, the fluctuation of interaction volume can cause
problems such as equipment lifespan reduction. However,
the distributed algorithm results in a smaller fluctuation in
the power interaction volume, which has stability and is
more suitable for actual operation scenes. Moreover, each
VPP can make independent decisions without sharing all
the data, which can protect the privacy of the VPP.

4.3 Analysis of game operation strategies

To verify the feasibility and effectiveness of the Nash-
Stackelberg game model proposed in this paper, three
game strategies were compared. The results are shown in
Table 7:

Table 5
Comparison of solving time for different algorithms (unit: second).
Centralize ADMM
Time 1.40 22.83
600 [ o -vPPIElectfic) e
VPP2(Electric) r \
400 | =w=yPpp3(Electnic) : !
voq d be
E 200 w! o
': (1Y [ Ay o
2 i w (! ’ ‘
g o $ \ ¥
K B 1
o) !\ b
200 [-a AL # ;i\ K
e Ll J Y | . i s
h\ ," \ J "“
400 o
0 5 10 15 20 25
Time/h
(2) ADMM

1) Strategy 1: Takes into account both the Stackelberg
game and the Nash cooperation game among each
VPP, which is the scene 5 set in this paper.

2) Strategy 2: Only considers the Stackelberg game but
does not consider the Nash cooperation game among
VPP.

3) Strategy 3: Does not consider the Stackelberg game,
and fixes the electricity and heat prices for the lower-
level PVP. The obtained lower-level optimal response
is taken as a known quantity and substituted into the
upper level, while considering the cooperation game
among each VPP.

As shown in Table 6, in the method of this paper, the
VPP conducts a master—slave game internally. Compared
with the fixed electricity price, it can ensure that the upper
and lower-level entities in the game process aim to mini-
mize their own costs, dynamically optimize the transaction
price and purchase quantity between VPPO and PVP, and
ultimately achieve the minimum total cost of the VPP as a
whole. Further, VPPs engage in cooperative games,
achieving the optimal benefit of the VPP alliance through
P2P transactions of electricity and heat, resulting in a final
cost that is 1044.27 CNY lower than Strategy 2 and
4357.08 CNY lower than Strategy 3.

4.4 Analysis of game operation strategies

After the Nash bargaining, each entity has more abun-
dant resources to dispatch after joining the P2P electric
thermal trading. While the leader fully consumes wind
power and photovoltaic power, the VPP entities obtain
additional benefits through P2P. The dispatching result
of the electric heating load of VPPI in Scene 5 is shown
in Fig. 6.

Fig. 6 illustrates that, regarding the power balance of
the electricity load, during peak electricity purchase price
periods from the external power grid, specifically between
11:00 and 15:00, the dispatching strategy is selected to
facilitate P2P transactions with VPP2 and VPP3 to reduce
electricity purchase costs. When the photovoltaic power is

=& =VPPI1(Electrnic) —®=VPP3(Electrc)
1000 VRP2(Electric)
soea su IS

gisaem e W W11,

500 I" I|" ey ,’ ‘l FHius e

Power/kW

Time/h
(b) Centralize

Fig. 5. Comparison of SP1 Electric interaction.
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Table 6 Table 7

Cost comparison under different game strategies (unit: CNY). Fuzzy parameter setting in the Nash-Stackelberg game.

Strategy =~ VPP Stackelberg Nash bargaining benefits Total cost Level N1 72 03 N4

1 1 1431.66 1331.07 —2203.12 Fuzzy level 1 0.85 0.95 1.05 1.15
2 —1348.95 1363.31 Fuzzy level 2 0.8 0.9 1.1 1.2
3 —1241.56 —2693.20

2 1 1431.66 0 —1158.85
2 —1348.95 0 . . ..
3 124156 0 price of P2P exceeds the cost of procuring electricity from

the external power grid. Consequently, procuring electric-

3 1 2871.28  1483.75 2153.96 ity from the external grid is prioritized. From the stand-
2 848.80  1259.65 point of thermal load power equilibrium, the majority of
3 -232.87 —2743.29

little at night, it opts not to procure electricity directly
from the external power grid to maintain its power bal-
ance. CHP units receive preferential access to power sup-
ply, and surplus electricity is marketed through P2P
transactions to generate supplementary income. During
the off-peak period for electricity pricing, the transaction
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thermal power is supplied by GB. From 8:00 to 12:00 in
the morning, the thermal load demand is comparatively
low, representing the nadir of the thermal purchase price.
Concurrently, the supplementary acquired thermal energy
is exchanged via P2P to capitalize on the price differential.
During the peak thermal pricing time, the thermal balanc-
ing P2P transaction price and the upward heating price
facilitate flexible thermal energy trading. Reduce personal
operational expenses.
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Fig. 6. Scheduling results of VPPI electric and heating load in different scenes.
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4.5 Sensitivity analysis of uncertain parameters

This section conducts a sensitivity analysis of the rele-
vant parameters in multiple uncertainties to verify the sta-
bility of the model. Firstly, the influence of the size of the
trapezoidal fuzzy set on the result of the Nash-Stackelberg
game is analyzed. The Settings of the fuzzy parameters are
shown in Table 7.

The comparison of the penalty cost of price fluctuations
and the final cost of Nash bargaining within different con-
fidence intervals (o = 90%, o = 85%, o = 80%) under dif-
ferent fuzzy parameter Settings in Table 3 is shown in
Fig. 7. fuzzy levels 1 takes into account the fluctuation
range of 85-115% of the source charge, while fuzzy levels
2 further relaxes the trapezoidal ambiguity set, with a fluc-
tuation range between 80% and 120%.

Fig. 7 demonstrates that although fuzzy level 2 incorpo-
rates additional risks, penalty costs for price fluctuations
remain relatively stable across ambiguity levels. The
Nash-Stackelberg framework effectively mitigates price
fluctuation penalties induced by heightened uncertainty.
By consolidating resources and benefits across VPPs, the
system tolerates a broader range of source charge uncer-
tainty parameters without substantially increasing price
fluctuation penalties. As o increases, the VPP system
accommodates more uncertainty variables, relaxing
source-load constraints and requiring additional thermal/-
electrical loads to maintain power balance. This conse-
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Fig. 7. Comparison under different fuzzy levels.

quently degrades economic performance. When
ambiguity escalates (trapezoidal uncertainty parameter:
80-120%), VPP risk exposure increases, reducing the final
Nash bargaining cost. Therefore, optimal confidence levels
should be carefully selected through comprehensive risk-
economic trade off analysis according to system-specific
requirements.

To further explore the influence on the economic bene-
fits of the Nash-Stackelberg game under different types of
risk preference, the Settings of different risk preference
types are shown in Table 8. Taking the VPP1 system as
an example, the comparison results are shown in Fig. 8.

Fig. 8 demonstrates that source-load risk preferences
during high-risk and low-risk periods influence the opti-
mization method. This study classifies high-risk data as
conservative and low-risk data as optimistic, reflecting
operational aspects of the VPP in response to temporal
variations in source-load risk sensitivity. During the
high-risk phase, analysis of the conservative type reveals
an increase in source-load risk variables, as indicated in
Table 9. Under these conditions, the upper-right endpoint
weight [a — (1 — B.) / B.] exceeds (2a-1). Consequently, the
upper-limit risk of the trapezoidal fuzzy parameter is con-
sidered. For the optimistic risk preference (type 3), the
independent operational cost and Nash bargaining cost
exceed 1214.54 CNY and 872.39 CNY, respectively, dur-
ing high-risk and low-risk periods. The optimistic type’s
preference for source-load risk may stem from a lower per-
ceived risk, as the associated cost reduction is minimized at

Table 8
Parameter settings for different risk preference types.

B <€)
High risk period(c = 1)

Risk preference type

Low risk period(c = 2)

Type 1 0.6(Conservative) 0.4(Optimistic)
Type 2 0.8(Conservative) 0.4(Optimistic)
Type 3 0.4(Optimistic) 0.4(Optimistic)
Type 4 0.6(Conservative) 0.6(Conservative)
Type 5 0.9(Conservative) 0.9(Conservative)

mTotal cost of independent operation ™ Final cost of Nash negotiations

--Extent of cost reduction

- - 30.00%
1800 " 22.75% .. 1739.94
gl 25.00%
2 0
1300 | 3 189.63-1214:34 20.00%
P
Z
3 15.00%
Z 800 | o
o
10.00%
300 |
5.00%
-200 ' 0.00%

Type | Type2 Type 3 Type 4 Type 5

Fig. 8. Comparison under different levels of risk preference.
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Table 9
Analysis of model optimization results under different scale VPPs.
VPP Overall cooperative SP1 Iterative Running time of
numbers revenue of VPP /CNY Convergence SP1 program/s
Count
5 6261.43 34 39.19
10 8250.76 68 172.35
15 12109.52 75 463.20
20 18647.73 91 2423.68
s ; 0=0.9 r 0=0.8
§9 1409.55 P00 1431.09
R 1988.75 N NP=150} 2022.85
g & 2479.60 [INNT=200 2523.68
£3 2840.3 | =24 2892.58
22 864.35 [LHIRSI00 96.09
Q
S o 1431.66 =150 673.66
0 £z
££6 1922.52 [ S0 1175.67
=2 2283.22 = 154457

Final cost of Nash
Bargaining /CNY

200

567.31 -244.11
1083.58 NS 383.39
1576.01 EENT=Z0NE £38.33
1936.71 1207.23

Fig. 9. Cost comparison during uncertain periods.
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28.17%. This strategy reduces costs and benefits the part-
nership. During the high-risk phase, risk preference type
2 exhibits a higher f. than type 1, resulting in an overall
cost increase of 104.5 CNY before and 106.05 CNY after
the final Nash bargaining. Similarly, in the high-risk per-
iod, risk preference type 5 has a higher f. than type 4. This
leads to increases in the final Nash bargaining costs of
207.51 CNY and 204.32 CNY, respectively. Relative to
type 1, this heightened risk during low-risk periods
increases independent operation costs by 7.04% and Nash
bargaining costs by 9.25%.

The comparison results of the model’s price fluctuation
penalty cost and the various costs of the Nash-Stackelberg
game at different confidence intervals (¢« = 0.9 and o = 0.8)
under different uncertainty periods (I' = 10, 15, 20, 24) are
shown in Fig. 9.

Fig. 9 demonstrates that decreasing o increases the
probability of constraint violations. Under these condi-
tions, greater weights should be assigned to the left and
right endpoints of the trapezoidal fuzzy parameter’s upper
base (closer to the central value), thereby permitting more
frequent constraint violations. Reserves for excessive price
fluctuation penalties are required to improve constraint
satisfaction probability. Consequently, both price fluctua-
tion penalty costs and post-P2P transaction costs increase.
As the uncertainty period I' extends, more time intervals
incorporate thermal fluctuation-induced uncertainty costs,
resulting in persistent increases to both the model’s price
fluctuation penalty costs and the final Nash bargaining
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Fig. 10. Convergence residuals of ADMM under different scale VPPs.
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cost. The latter also exhibits heightened uncertainty risks
due to increasing I and decreasing . When I' = 24 (ac-
counting for power and heat cost variations across all dis-
patching cycles), the final Nash bargaining cost reaches its
maximum. Furthermore, reducing o signifies that in
higher-uncertainty environments, the model prioritizes
source charge sensitivity across time intervals: augmenting
weight #; for high-risk periods and 7, for low-risk periods,
while addressing fuzzy parameter risks in sensitive
intervals.

4.6 Research on the main computational bottleneck of large-scale
VPP

To further evaluate the effectiveness of the proposed
method in a large-scale environment, we conducted verifi-
cation analyses on test systems with 5, 10, 15, and 20 mul-
tiple VPP entities [24,33]. The example results are as
follows.

From Table 9, it can be seen that for the examples of
different VPP entities, the method proposed in this paper
can achieve effective convergence within a limited number
of iterations. The specific residual convergence curves are
shown in Fig. 10. Moreover, the program running time
of the proposed method can also meet the actual require-
ments of real-time operation scheduling. It should be par-
ticularly noted that the simulation platform constructed in
this paper is a single-computer environment, while
ADMM itself has the characteristic of distributed opti-
mization. If it is deployed in a parallel computing environ-
ment, the overall program running time can be
significantly shortened. At the same time, as the number
of VPP participating entities increases, the overall cooper-
ative revenue of the VPP alliance shows an increasing
trend, which indicates the feasibility of the proposed model
in large-scale test systems.

5 Conclusion

This paper addresses collaborative optimization of
VPPs under uncertainty through a multi-faceted uncer-
tainty modeling framework integrating enhanced fuzzy
chance constraints with robust optimization. A Nash-
Stackelberg game-theoretic model is developed to facilitate
VPP coalition operations and maximize alliance benefits.
Results demonstrate that the proposed framework signifi-
cantly reduces operating costs for both VPPO and PVP
while minimizing total alliance expenditures and optimiz-
ing benefit distribution. The enhanced fuzzy chance con-
straint model-—based on generalized credibility—
generates risk-preferential operational strategies across
high/low-risk periods, overcoming traditional methods’

limitations in temporal risk differentiation. Concurrently,
the robust optimization component enhances VPPs’ resili-
ence against electricity price volatility during collabora-
tion, adaptively regulating risk exposure according to
price fluctuation frequency. Future research directions
could further consider using joint probability distributions
or distributionally robust optimization to describe the cor-
relation between sources, loads and prices, and construct a
joint uncertainty set to provide more refined risk control
strategies for practical engineering. At the same time, when
dealing with the three/multi-block problem, it is also nec-
essary to design an innovative distributed solution
algorithm.

It should be noted that the Nash-Stackelberg hybrid
game model proposed in this paper is not merely at the
theoretical level; instead, it directly addresses the actual
needs of more than ten VPPs and operators that have been
in operation in places like Sugian and Nanjing. Currently,
these operators generally adopt a simplified model of hier-
archical game, and the current day-ahead contract electric-
ity volume and price mainly rely on manual experience,
lacking quantitative bargaining tools. In future research,
the implementation of dynamic pricing strategies and
Nash bargaining strategies can be further explored.
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Appendix A

Theorem 1. The credibility of the fuzzy event g(x, 13) is defined

as:

crfe(w7) < 0 = [ross{(x. P) < 0} + Neclg (. P) (SAOI})}

where Poss{A4} = sup,u;(x) represents the maximum possibil-

ity of the event occurring, and Nec{4} = 1 — Poss{4} represents
the minimum possibility of the event not occurring.

Theorem 2. When o > 0.5, there is a clear equivalence class for-
mula for symmetrical trapezoids:

(2 22) 3% (Rush? (x) — Ry () +
"’;1 (A2)
(2u—1) > (Ruahy, (x) = Ryih, (x)) + ho(x) <0

where m is a fuzzy variable (m = 1,2,... M), &/ (x) and &,
respectively have the m value being positive or negative, which
are fuzzy variables, and Ay(x) is the descending part of the non-

trapezoidal fuzzy set.

From Theorem 1, it can be known that based on the
symmetrical trapezoid (1, — , = 1, — 3 = Ar), the mem-
bership degree of the left ascending segment is
ty, = 3L (x € [ny,1,)): The membership degree of the right
descending segment is pupr = %= (x € i3, 14]).

According to the credibility requirement that Cr > a, in
order to convert the nonlinear membership degree into lin-
ear constraints, the weights wy and wgr are defined to
amplify the influence of the left and right segments respec-
tively, making them satisfy wp -y + wg - pg > . Com-
bined with the normalization condition of the
symmetrical trapezoid, it is finally derived that wy = (2-
2a) and wg = (20-1). On this basis, based on generalized
credibility, there are:

Cr{g(x7 7’) < 0} =5 Poss{g(x7 i’) < 0}+ a3

(1=p) ~Nec{g(x,f’> < 0}

where, 3, € [0,1] is the risk preference parameter.
In the right descending segment, the credibility of the
trapezoidal fuzzy set is:

:>x:’13+(”l4_’13)%

=y =" (= (1= B,))
=>x—'13+"“ m(06*(1*13,))

jx:<1_ 1ﬂt>’13+ 1/;1);,]4

202

Therefore, the weight of 7, is obtained as 1/3;/“; The

weight of #3 is (}), B,

The independence of different risk levels is reflected in
the fact that the sets of time periods they cover have no
intersections (are mutually exclusive), and their respective
parameters are independently set.

Appendix B

The Lagrange function constructed based on dual vari-
ables is:

|:(P Pload reanUrp + (PhPlO ad, re«llu;?e :| +
T
S (r*ZU«,’) \2(1" ZUth) (B1)
€3(1 - Ufc> + €4<1 - U:,h)
Final translation: Organized as follows:

Z Z((peploadreal —C—Cy— G — C4) U;pc+

c=1 tec
C T Joad.

oad,reai ~ ~ - ¢
ZZ(q)hPth —Cl—sz—s3—s4)Uth+
c=1 tec

g+l +c+g

(B2)

When deriving the dual problem, first find the Lagrange

function min . Since the coefficients of U, and

G1,52,53564
U;/.,) arc (q’epi?ead’reai — G =G —G— C4) and
<(phPll¢;’adreal —C1— GG~ C4>, and OSUfE,Ufh < 1. So
when the coefficient is 0, min,, L(zo,xo,,¥;) 1s obtained

at Uy,,U;, = 0.

te’
In order to eliminate the nonlinear terms of ¢ P4

1 ’ .. o .
and @y P} oadreal i the original max problem, auxiliary vari-

ables are introduced to transform the complex min—-max
problem into a linear optimization problem that is easier
to solve. Linear constraints —P. < P < P.o and
—f’h,o gPif’had’”ai glA’h:O are added, andﬁepﬁ]@o > 0 are
satisfied.

Meanwhile, to ensure the equivalent transformation,
the dual problem is finally sorted out as:

miné(gll" + 6l +6+6)
i +G > @Peo G + 64 > 0y Prgo
—Pey < P:f’:d’mi < j\)e,() (B3)
st Py < PR < By
ﬁe,O >0,P0 >0
61 20,6 >0,63>0,642>0
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Appendix C

The Lagrangian function of the follower PVP model is:

L(Psl\n pilout peut peut preal ploadai, Pmdren " ))

fwt)

T T
opt pload re opt pload,reai cut gcut t cut
3> (pit Pl 4 piR Py )+ZHU@+ZREh

t=1 =1

fsuvsz(P/n;P PDPPrc\I) oyl ( peut +P;:\‘t“s)+

() (P ) (P~ )+
DIP el DPP real _ pDPP

( P! m) i (P el _ pDP )+

{ PLosd (2 2g) PDPPrc\I

L d 1+, l d,
oad P?.”h‘—(wm o /'14) oa |ed|}

1 — (20— I)PDPP.rcL\IrIl

,Pi:t ( = s 42 }; B )P}Td rcm]+

.1
'
2
/L/

(€1

The stationarity condition in KKT is:

[ n3+u(l B8, ];1_

[7m+%$mdg:

JL opt
P = = Pre

IL — 0Pt
)Pload reai pr h

OL Lul

1
HP_f;“: ﬂr+:ut_/“t70 (CZ)
ory :ffi‘f—ﬂl = =0

W: fdls :uf +:ut
(2= 22, + (20— )22 = 0

The complementary relaxation condition is:

O Pcut Pcut ) i Ml Z 0

(PP,
(

0 Pcut Pcut) 1 Mtz >0

IN

max,e te =

o
IN

(P;:ut Pcut ) 1 ﬂtS Z 0

min,h

(C3)

o
IN

(Pass—P) Lut =0

o
IN

t,pv

(PPVP real> 1 'uts > 0

0< (PPVP Prl\j/f,rem) Lus>0

tpv

The complementary relaxation conditions are linearized
by using the large M method.
OSP;:M P;:lllncgéM ngfri:xeipfflgétzM
0<u <(1-6)M 0<w<(1-8)M
0< P — P, SOM [0 <Py, — Pl < o/M
0<pw<(1-6)M 0<u<(1-0 M
{0 < PPVP,real < 55M {0 < PPVP P[ITI\)/\}’,real < 5?M

tpv
0<@<(1-8)M[0<us<(1-68)M

where §,80,80)6%are the introduced Boolean variable
used for linearization expression, and M is a sufficiently
large positive number, which is taken as 10® in this paper.

Through the above derivation, by replacing the original
follower problem with Egs. (C1) and (C2), the equivalent
single-layer form of the double-layer optimization can be

obtained.

Then, considering the bilinear term in the objective
function, which is the product of the electricity-heat price

and the electricity-heat purchase quantity (P;’P‘Pltf’lj‘d’m‘i and
PZEtPffl‘l°ad), the strong duality method is adopted for lin-
earization processing.

In order to obtain the explicit expression of the dual

problem, taking the partial derivatives of Pl and
Pif’had‘reai setting them to zero, we can obtain:
it = 2 - [ﬁ s+ 2 = 0

aL opt 1 13, 2 =0 (©5)
P = =DPin — '1 + 5= A =

After simplification, we obtain:

= Afpke ]

e 1—o o—1-+p,)n

)Vh (2= 14)114 (C6)

opt __

Pin =4 [1 o6 T oo l+/f) ]

According to the strong duality theory, the optimal
value of the original problem is equal to that of the dual
problem, and the optimization direction remains
unchanged. Therefore, the bilinear variables are equivalent
to:

M=

opt pload,reai opt pload,reai | __
( e P +p1,th,h )*

load,reai [ 41 B, By load,reai [ 12 By
[P re (At [(1—x>m+<a—1+ﬂ,>mD+P th (’1[ «)ﬁ(xfu/f,)m])]

(€7)

M=

In conclusion, the objective function and constraints of
the single-layer model obtained after the equivalence of the
double-layer model of VPPO and UA can be rewritten as:

T .
min Cypp = .fgas Z(Ptcg}-?s) + P?g‘?ts) +fESS ZIIP?IS+
=1 p

r
dis VPPO VPPO,real dis VPPO VPPO,real
fpv Z(Prpv Pt.pv >+f Z(Prwl tht >+

tec tec

) ( buy Pbuy

T
load,reai [ 91 B, By load,reai [ 12 B, B,
; [P ( t [(lf@m + <u71+/f1)n4D +Pt-,h (lr [(1%);13 + (14%);,4])]

o { (2) = (6),(9) = (10), (17) — (20),
v (B3),(C2),(C4),(CT)

eell sell
e

(C8)

At this point, by applying the strong duality principle and
eliminating the nonlinear term of the bilinear product
through the KKT conditions, the Nash-Stackelberg model
has been transformed into a single-layer mixed integer lin-
ear programming problem with the objective function
(C8), which can be directly solved using a commercial
solver such as Cplex.
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Appendix D

When the Nash bargaining solution satisfies the four
axiomatic conditions of Nash, it can be proved to be the
optimal solution [25-27]. The specific proof process is as
follows:

1 Pareto efficiency

Axiom requirement: The outcome of the bargaining

must be at the Pareto frontier, meaning that there is no
other feasible option that can increase the benefits of at
least one party without harming the interests of any other
party.
Proof. It is known that the local optimal solution of a single-
objective convex optimization problem is the global optimal
solution. The Nash bargaining model in this paper decomposes
the cooperative game of multiple VPPs into two single-objective
convex optimization problems through equivalent
transformation:

SP1: The objective function is to minimize the total cost of the
VPP alliance:

3 ,
max H (C%;;’[ - Cg;)}?Pf)M (D3)

i=1

where, the objective function in the ADMM algorithm is
decomposed into three independent linear functions. The
linear functions are special convex functions, so SP1
belongs to single-objective convex optimization, and its
optimal solution must fall on the Pareto front, with no
Pareto improvement space.

SP2: With the objective of maximizing the revenue distribu-
tion of the VPP alliance

3
min Z - ln[ VPP — (Cilol;)Pi + Cslefpi)] (D4)
=1

where, the objective function in the ADMM algorithm is
decomposed into three independent natural logarithms.
Since the natural logarithm is a strictly monotonically
increasing convex function, its optimal solution has a
higher benefit after the cooperation of all VPPs than the
benefit of independent operation. It cannot be improved
by Pareto and ultimately falls on the Pareto frontier.

Therefore, it can be proved that the optimal solutions of SP1
and SP2 in this paper satisfy Pareto optimality, and thus the
results of the entire Nash bargaining model comply with the
requirements of Pareto optimality.

2 Symmetry

Axiom requirement: If the positions of all the negotiat-
ing parties are completely symmetrical, then the bargain-
ing outcome should also be symmetrical.

Proof. This paper considers the standard Nash bargaining
model, where it is assumed that all VPPs have the same
bargaining position, that is, A; are all equal to 1, and the
objective function is:

204

3
max [ [ (€3 — i) (Ds)
i~
On the other hand, the ADMM distributed solution process in
Section 3.2 shows that the interaction power among the entities is
inversely proportional, as shown in Eq. (29); the interaction
prices are the same, as shown in Eq. (31). This further verifies
the requirement for symmetry. Therefore, the information
exchange rules among all VPPs and the update formulas for
Lagrange multipliers are unified for all VPPs, and the bargaining
positions of each VPP are the same.

3 Invariance to affine transformations

Axiom requirement: Applying a positive affine transfor-
mation to the utility increment of any VPP will not change
the bargaining outcome.

Proof. This paper considers the standard Nash bargaining
model, and the objective function to be optimized is:

(Cuem, — C)” (D6)

3
max

i=1

Let k be the positive affine transformation coefficient (k > 0),
and the transformed Nash bargaining objective is to maximize
the product of the transformed utility increments:

3 ,
max [T (k- Cypp, — k- Cippy)”

i=1 . h (D7)
= max [Tk 1 (CVer = Cope)”
where, since [],_,A” is a constant, the transformed Nash
bargaining objective function is exactly in the same opti-
mization direction as the original bargaining objective
function. That is, maximizing the original function is
equivalent to maximizing the transformed function. There-
fore, the optimal solution satisfies the affine transforma-
tion invariance.

4 Independence of irrelevant alternatives

Axiom requirement: If certain unselected allocation
schemes are removed from the feasible set, the bargaining
solution should not change.

Proof. In this model, the bargaining solution is calculated by
maximizing the cooperative benefits. This solution only depends
on the boundary of the feasible set, namely the Pareto front.
Removing internal points will not affect the optimality of the
solution.

In conclusion, the optimal solution of the Nash bargaining
model in this paper strictly satisfies the four axioms of Nash
bargaining: Pareto efficiency, Symmetry, Invariance to affine
transformations, and Independence of irrelevant alternatives.

Appendix E

The demand for electric heating load and the prediction
of wind and solar power are shown in Fig. E1-E4.
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Fig. E1. PVP electric load requirements
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Fig. E2. PVP heating load requirements
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Fig. E3. Wind and Solar power Prediction of VPPO
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The time-of-use electricity price and time-of-use heat
price for external transactions are shown in Fig. ES-E6.

Fig. E5. Time-of-use Electricity Price
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The Settings of operation parameters and cost parame-
ters are shown in Table E1.

Table E1
Parameter settings.

Parameters Numerical value Unit
ocHP 45 %
Opas 8.4 x 10’ J/m?
PSP PR 0,800 kW/h
PCHE poiP, 0,800 kW/h
0SB 90 %
PSB PSS 0,500 kW/h
¢ 25 %
P P P 0,0,40,60 kW/h
P PR PR PR, 500,300,800,500 kW/h
Seas 2.7 CNY/m™?
Sess 0.2 CNY /kWh
Sais 0.5 CNY /kWh
PR 0.5 CNY /kWh
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