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Abstract 

High penetration of renewable energy imposes greater demands on the scheduling flexi-

bility of demand-side resources in virtual power plant (VPP) dispatch. Nevertheless, het-

erogeneous resources exhibit remarkable differences in response reliability, and electric 

vehicles (EVs) in particular show distinct execution performance between orderly charg-

ing and vehicle-to-grid (V2G) modes. To tackle this issue, this paper proposes a two-stage 

optimal scheduling strategy for multi-agent VPPs incorporating scheduling success prob-

ability. A quantitative model for the effective dispatch contribution coefficient is con-

structed from two dimensions, i.e., relative capacity weight and dispatch execution relia-

bility, with differentiated parameters tailored for EV charging and V2G modes. The two-

stage leader–follower game problem is decoupled via backward induction, and the opti-

mal dispatch price is rigorously derived through Karush–Kuhn–Tucker conditions. A 24 

h case study covering wind power, photovoltaics, energy storage, EVs, and air-condition-

ing loads validates the proposed method. Results indicate that the strategy boosts total 

VPP revenue by 7.43% compared with independent operation, lifts the renewable energy 

accommodation rate from 88.3% to 94.6%, and reduces the average operating cost by 19 

CNY/MWh. Through dual-mode differentiated scheduling, EVs achieve 5.10% revenue 

growth and serve as a key flexible resource for VPP economic operation. 

Keywords: VPP; generalized demand-side resources; scheduling success probability; 

two-stage optimization; electric vehicles; V2G 

 

1. Introduction 

Substantial uncertainty and volatility have been introduced into modern power sys-

tem operations by the rapidly growing penetration of renewable energy resources [1]. 

Although flexible thermal generating units remain responsible for critical power regula-

tion services, their inherent regulation capability is becoming increasingly inadequate to 

accommodate high shares of renewable generation. Accordingly, full utilization of the 

regulation potential embedded in distributed demand-side resources is required to de-

liver supplementary ancillary services to the power system [2]. Meanwhile, a transition 

toward high-efficiency, low-carbon, and sustainable development is underway in modern 
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power systems [3]. As supply-side regulation resources approach their practical physical 

limits, demand-side flexible resources have emerged as a pivotal source of system sched-

uling flexibility [4]. Typical adjustable demand-side resources encompass distributed 

photovoltaic units, distributed wind turbines, controllable air-conditioning loads, electric 

vehicles, and battery energy storage systems. These resources are generally characterized 

by low individual rated capacity and geographic dispersion [5], which makes direct par-

ticipation in bulk power system dispatch infeasible for individual resources. Coordinated 

control of electricity–hydrogen DC microgrids [6] and capacity planning and optimal dis-

patch of second-life battery energy storage systems [7] have been investigated in existing 

literature, corroborating the techno-economic value of collaborative resource aggregation. 

Nevertheless, the aggregation and scheduling mechanisms for heterogeneous demand-

side resources remain insufficiently explored. 

In this context, virtual power plants (VPPs) have been established as an effective tech-

nical framework for the aggregated management of multi-agent generalized demand-side 

resources [8]. Extensive research has been conducted on VPP optimal scheduling and mi-

crogrid energy management, including dual-ANN-based optimization for efficient mi-

crogrid energy management [9] and design and performance evaluation of islanded hy-

brid microgrids [10]. Reference [11] developed a probabilistic scheduling model for VPPs 

integrating energy storage systems and demand response programs. In [12], interval op-

timization was combined with deterministic optimization to address the stochastic uncer-

tainty associated with VPP demand response. Optimal bidding strategies for VPPs with 

hybrid resource portfolios have also been systematically examined [13]. 

For benefit allocation under quasi-linear demand response, a grid–load cooperative 

game mechanism based on Nash bargaining theory has been proposed in prior work [14]. 

A multi-leader, multi-follower bi-level game model was formulated in [15], where the sys-

tem operator serves as the leader and load aggregators, energy storage stations, and wind 

farm operators act as followers. Coordinated operation strategies for integrated energy 

service providers and multi-stakeholder user communities were explored in [16] via a 

nonlinear multi-objective optimization framework. Furthermore, VPP demand response 

trading models that account for consumer satisfaction and expected response volume 

have been developed [17]. A stochastic mixed-integer linear programming model incor-

porating distribution network operational constraints was formulated in [18]. A VPP rev-

enue allocation scheme based on the Nash–Harsanyi bargaining solution was proposed 

in [19], while VPP coordinated dispatch strategies under extreme distribution network 

scenarios were analyzed in [20]. Overall, most existing studies have focused primarily on 

revenue allocation and risk control for VPPs operating in multi-market environments [21]. 

With the deepening integration of source–grid–load–storage resources and rising re-

newable energy penetration, optimal VPP scheduling has attracted extensive research at-

tention. VPP scheduling can be broadly classified into internal scheduling and external 

scheduling according to the dispatch boundary. In internal scheduling, generation and 

load response plans are allocated among internal entities by the VPP dispatch center, with 

the core objective of maximizing the overall economic benefits of the VPP. 

Fuzzy optimization theory was introduced in [22] to construct a two-stage schedul-

ing model for VPPs comprising renewable energy units, conventional generators, and de-

mand response resources. In [23], thermal units, wind farms, photovoltaic stations, carbon 

capture devices, and electric boilers were incorporated into the scheduling framework, 

and a VPP scheduling model with demand response was established to improve economic 

efficiency and reduce carbon emissions. Wind power, photovoltaics, absorption chillers, 

and carbon trading mechanisms were integrated into the optimal scheduling system in 

[24]. A two-stage dynamic robust optimization model accounting for carbon trading and 

multi-dimensional source-load uncertainties was developed in [25]. In [26], wind turbines, 
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photovoltaic units, gas turbines, energy storage systems, and controllable flexible loads 

were aggregated, and compressed air energy storage was introduced to enhance the over-

all regulation capability of VPPs. Collectively, these studies demonstrate the economic 

value of internal resource coordination within VPPs. 

Unlike internal scheduling, external scheduling focuses on VPP participation in cen-

tralized power system dispatch and is typically coupled with internal scheduling models 

to form a canonical bi-level optimization problem. A bi-level optimization model for grid-

source-load coordinated operation was proposed in [27], where the upper-level problem 

minimizes system power purchase costs and the lower-level problem optimizes the over-

all economic performance of the VPP. A VPP scheduling model based on bi-level fuzzy 

chance-constrained programming was constructed in [28], and the interaction character-

istics between the power grid and the VPP were revealed. A bi-level model based on time-

of-use tariffs was established in [29], where the upper level mitigates wind and photovol-

taic output fluctuations, and the lower level optimizes distribution network operational 

benefits. The interactive operation capability between VPPs and power grids has been en-

hanced by these studies, which also provide support for regional power supply–demand 

balance. In most existing VPP scheduling studies, electric vehicles are treated as equiva-

lent to stationary energy storage systems, and the heterogeneity in user response reliabil-

ity between orderly charging and vehicle-to-grid (V2G) discharging modes is rarely dis-

tinguished. This oversight makes it difficult to accurately characterize scheduling execu-

tion risks in vehicle–grid interaction scenarios. 

In summary, existing studies on VPP scheduling generally take economic revenue 

maximization as the core objective and implicitly assume that all internal resources can 

respond to dispatch instructions with perfect reliability. However, heterogeneous de-

mand-side resources differ significantly in terms of communication infrastructure, re-

sponse speed, and scheduling execution capability, leading to non-negligible disparities 

in scheduling success probability. Neglecting these disparities yields overly optimistic 

scheduling schemes and causes deviations between actual execution performance and 

theoretical expectations, which may even impede improvements in renewable energy ac-

commodation efficiency. 

To address this research gap, a two-stage optimal scheduling method for VPPs, 

which considers the scheduling success probability of multi-agent generalized demand-

side resources, is proposed in this paper. The principal contributions of this work are sum-

marized as follows: 

First, a quantitative model for the scheduling success probability of demand-side re-

source agents is established. The model characterizes scheduling failure risks arising from 

communication delays and untimely responses from two dimensions—relative capacity 

weight and dispatch response failure probability—thereby realizing quantitative coupling 

between communication uncertainty and economic scheduling decisions. Differentiated 

modeling is performed for the orderly charging and V2G modes of electric vehicles. 

Second, a two-stage VPP optimal scheduling model based on a leader–follower game 

framework is constructed. In the first stage, the internal dispatch price is determined by 

the VPP; in the second stage, the schedulable capacity of each resource agent is optimized, 

with full consideration given to the independent decision-making autonomy and interest 

demands of individual agents. 

Third, the backward induction method is adopted to decouple the two-stage prob-

lem, and the optimal dispatch price is rigorously derived via the Karush–Kuhn–Tucker 

(KKT) conditions. Case study results verify that the proposed method can effectively im-

prove the overall revenue of VPPs and increase the renewable energy accommodation 

rate, providing technical support for the efficient and stable operation of VPPs. 
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2. Proposed Scheduling Model 

In this section, a two-stage optimal scheduling model for VPPs that incorporates the 

scheduling success probability of multi-agent generalized demand-side resources is de-

veloped, aimed at mitigating dispatch inefficiency induced by heterogeneous response 

capabilities and communication uncertainties among distributed entities. 

Within the proposed modeling framework, both the VPP operator and all resource 

agents are treated as rational economic entities pursuing net revenue maximization, with 

fully symmetric information assumed for all internal market parameters. The scheme sub-

mission process of each agent is modeled as a Poisson arrival process, where the inter-

arrival time follows an exponential distribution, while key communication parameters—

including channel capacity and coding gain—are maintained constant throughout a single 

scheduling cycle. A price-driven dispatch mechanism is employed: a unified internal dis-

patch price is first determined and announced by the VPP, based on which each resource 

agent optimizes its schedulable capacity within its feasible operating envelope. Forecasts 

of renewable generation and base load over the scheduling horizon are taken as given 

inputs. Emphasis is placed on internal dispatch coordination, and transient power con-

straints of the external distribution network are not included in the model formulation. 

2.1. Scheduling Success Probability of Resource Agents 

The actual effectiveness of demand-side resource agents participating in VPP dis-

patch is determined by two core attributes: first, the scale of their schedulable capacity, 

which determines their priority in dispatch allocation; second, the timeliness of scheme 

reporting and command response, which determines the execution reliability of dispatch 

instructions. This section quantifies these two independent dimensions—relative capacity 

weight and dispatch execution reliability—to establish the relationship between sched-

ulable capacity and actual effective contribution. 

For each generalized demand-side resource agent, its influence on internal dispatch 

allocation is positively correlated with its own schedulable capacity scale. The relative 

capacity weight is defined as the ratio of an individual agent’s schedulable capacity to the 

total schedulable capacity of all generalized demand-side resources within the VPP, ex-

pressed as follows: 



=


 i

i

j
j I

c
w

c  (1) 

where iw
  is the relative capacity weight of the i   generalized demand-side resource 

agent, ic
 is the schedulable capacity of resource agent i , and I  is the set of all general-

ized demand-side resource agents within the VPP. By definition, the relative capacity 

weights satisfy the normalization property 

= 1i
i I

w

, and 
  0iw

 for all agents. 

The relative capacity weight is an allocation weight, and its value changes dynami-

cally with the reported capacities of each agent. When other agents increase their reported 

capacities, the relative weight of a given agent decreases accordingly, reflecting the cou-

pling characteristics of scale-based influence. 

During VPP operation, each resource agent submits its dispatch scheme to the dis-

patch center through dedicated information exchange channels. Delays in scheme report-

ing or untimely command responses can reduce dispatch efficiency and may even exclude 

the agent from the current dispatch cycle, a situation defined as dispatch service request 

failure. 
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To characterize the impact of communication delay on dispatch execution perfor-

mance, the scheme submission process of each resource agent is modeled as a Poisson 

arrival process. The number of successful scheme submissions within a unit time interval 

follows a Poisson distribution, and the inter-arrival time between consecutive submission 

attempts—that is, the actual reporting delay—follows an exponential distribution with 

probability density function 
( ) (1/ )exp( / )Xf x T x T= −

   for 0x   , where T denotes the 

expected effective transmission duration of the dedicated communication link. Let rel
 

denote the relative reporting delay beyond the inherent baseline rel
, i.e., the additional 

delay induced by a nonzero data payload. Based on the cumulative distribution function 

of the exponential delay distribution, an exponential risk-function form is adopted to 

quantify the dispatch response failure probability as a monotone function of the relative 

delay: 

 
= − − 

 
, 1 exp i

f i

t
P

T
 (2) 

 = − 0i it t t  (3) 

=

 + 0
0i

i i
D

dt
t t D

dD
 (4) 

where iD
 is the data volume of the dispatch scheme reported by resource agent i ; T  

is the expected effective transmission duration of the communication system. 
 it  is the 

relative reporting delay corresponding to data volume iD
, defined as the difference be-

tween the actual reporting time and the inherent baseline communication delay; it  is the 

total transmission delay corresponding to data volume iD
; and 0t  is the inherent base-

line communication delay under zero payload. The first-order Taylor expansion of it  at 

= 0iD
 yields Equation (4). 

According to the Shannon–Hartley theorem, the data transmission rate is jointly de-

termined by channel capacity and coding gain; therefore, the marginal transmission delay 

at zero payload satisfies: 

=

=
1 20

1

D

dt

dD G G
 (5) 

where 1G
 is the channel capacity of the data transmission link, and 2G

 is the coding 

gain of the communication system. Substituting Equation (4) into Equation (3), the relative 

reporting delay can be further simplified as a linear function of data volume: 

 =
1 2

i
i

D
t

G G
 (6) 

Substituting Equation (6) into Equation (2), the relative reporting delay rel
  is 

shown to be a linear function of the data volume iD
, whereas the dispatch response fail-

ure probability is a nonlinear function of iD
 , specifically , 1 21 exp[ / ( )]f i iP D G G T= − −

 . 

Accordingly, the dispatch execution reliability is the complement of the failure probability: 
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 
= − = −  

 
,

1 2

1 exp i
i f i

D
r P

G G T
 (7) 

The execution reliability ir  is a strict probability metric, determined solely by the 

agent’s own communication parameters and data volume, independent of the reported 

capacities of other agents. 

To avoid ambiguity, three related but distinct terms are used consistently hereafter. 

“Scheduling success probability” is the framework-level concept that an assigned regula-

tion task is executed successfully. “Dispatch execution reliability” is its per-agent proba-

bility measure. “Effective dispatch contribution coefficient” is the product of the relative 

capacity weight and the execution reliability, and is the only quantity used to allocate 

dispatch tasks. 

Probabilistic interpretation of Equations (2) and (7). The exponential law in Equation 

(2) admits an exact probabilistic interpretation, rather than being merely an empirical risk-

function form. The number of transmission opportunities provided by the dedicated 

channel within one dispatch cycle follows a Poisson process; by the Poisson–exponential 

equivalence, the effective service margin X is exponentially distributed with mean T, i.e., 

( ) ( ) ( )= − 1 / / ,  0
X x

f T exp x T x
. Transmitting a payload iD

 in turn requires the determinis-

tic extra service time 

 =
1 2

i
i

D
t

G G
 given by Equation (6). A report succeeds exactly when 

the available margin covers this required time, i.e., on the event {X ≥ Δti}. The exponential 

survival function is precisely the execution reliability in Equation (7), while its comple-

ment is the failure probability in Equation (2). Equations (2) and (7) are therefore exact 

probabilities—a survival function and its complement—bounded in [0, 1] and strictly 

monotone: the execution reliability decreases with the payload iD
 and increases with the 

channel capacity 1G
, the coding gain 2G

, and the effective margin T. The Poisson/expo-

nential description is a standard traffic model for grid communication networks [30], and 

the adopted 1G
 = 10 Mbps, 2G

 = 1.2, and T = 0.5 s are consistent with dedicated power-

communication channels: hard real-time protection messages form a different service 

class, whereas day-ahead dispatch-scheme reports are medium/low-speed transactions 

for which the permissible latency extends to the order of 102–103 ms. The sensitivity of the 

execution reliability to these communication parameters is examined in the case study. 

The channel parameters 1G
 , 2G

 , and T are taken from the configuration of the same 

demonstration-project private network, and the memoryless exponential law is the con-

servative choice because, at a fixed mean arrival rate, it is the maximum-entropy inter-

arrival law. 

The dispatch execution reliability ,s iP
 quantifies the probability of successful com-

mand response. The relative capacity weight 

/i i j
j

w c c= 
 reflects the agent’s share in 

total schedulable capacity. For the Stage 2 follower problem, the effective response capac-

ity is ,s i iP c
. The capacity weight iw

 is retained at the VPP aggregation level for dispatch 

task allocation. The composite effective contribution coefficient at the VPP level is as fol-

lows: 

 = i i iw r  (8) 
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From a physical perspective, the relative capacity weight reflects the agent’s inherent 

response capability and dispatch priority—larger-capacity agents are typically equipped 

with more advanced communication interfaces and dispatch execution facilities, corre-

sponding to higher execution reliability—while the execution reliability reflects the time-

liness of information exchange. Their product characterizes the combined effect of execu-

tion capability and transmission reliability on the final dispatch effectiveness. As shown 

in the above equation, the effective dispatch contribution coefficient is positively corre-

lated with the agent’s schedulable capacity and negatively correlated with the reported 

data volume. For the EV agent, the effective contribution coefficient is further modulated 

by the dual-mode user response reliability parameters in Equation (9), reflecting the 

higher execution risk associated with V2G discharging relative to orderly charging. 

For user-side mobile energy storage resources represented by electric vehicles, their 

participation in VPP dispatch includes two typical operating modes: orderly charging and 

V2G discharging, with significantly different user response compliance between these two 

modes. A composite user response reliability coefficient is introduced to incorporate the 

performance differences in the dual modes: 

EV oc v2g(1 )R mr m r= + −  (9) 

where m is the ratio of orderly charging capacity to the total adjustable capacity of the EV 

fleet; ocr
 and v2gr

 are the user response reliability coefficients under orderly charging 

and V2G discharging modes, respectively, satisfying oc0 r
 and v2g 1r 

. The composite 

execution reliability of the EV agent, accounting for both communication delay and user 

response compliance, is then ,EV ,base EVs sP P R= 
, where ,basesP

 is the communication ex-

ecution reliability given by Equation (7). 

Correspondingly, the effective dispatch contribution coefficient of the EV agent fol-

lows the same definition as Equation (8), with the execution reliability replaced by the 

composite execution reliability ,EVsP
: 

EV EV ,EV EV ,base oc v2g(1 )s sw P w P mr m r  =  =   + −
   (10) 

where 
EV EV / j

j

w c c


= 
 is the relative capacity weight of the EV agent defined in Equa-

tion (1). Equation (10) ensures that the capacity weight and the execution reliability are 

each applied exactly once, eliminating any double-counting of these factors. 

Upon successful plan submission and compliance with VPP dispatch instructions, 

transaction revenue is accrued to the resource agent, and the corresponding dispatch costs 

are incurred. The net revenue of resource agent i is formulated as follows: 

= + − − −2 V2G V2G1
, 2

( ) ( )d
i i o i i s i i i i i iR c b c P c a c c d  (11) 

where op
  denotes the per-unit regulation compensation price paid by the VPP to the 

agent; ib
  denotes the per-unit endogenous additional benefit obtained by the agent 

through dispatch participation; 
d
ic

  represents the per-unit baseline dispatch cost in-

curred by the agent for participating in VPP dispatch; , rel,exp( / )s i iP T= −
  is the dis-

patch execution reliability derived in Equation (7); ic
 is the declared schedulable capac-

ity of agent i; 
0ia 

 is the quadratic dispatch cost coefficient capturing the increasing 

marginal cost associated with larger capacity declarations, including accelerated battery 
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degradation, reduced user comfort for controllable loads, and higher coordination over-

head for the aggregator; 
V2G
ic

 is the battery cycle degradation cost per unit of V2G dis-

charged energy; and 
V2G
id

 is the V2G discharge power. The V2G degradation term is ac-

tive only under the V2G discharging mode; under the orderly charging mode, the battery 

degradation cost is already included in the baseline dispatch cost 
d
ic

. This setup enables 

the V2G discharging decision to naturally balance regulation benefits against battery life 

degradation, thereby avoiding excessive calling. Two-layer role of the V2G degradation 

term. At the strategic-capacity layer, 
V2G
id

 is the V2G discharge energy produced by the 

multi-period dispatch under the declared-capacity cap ic
, and is treated as exogenous 

when optimizing ic
; it therefore does not enter the first-order condition in Equation (47). 

Degradation nevertheless affects the capacity decision indirectly, through the agent’s net 

revenue Equation (11) and the individual-rationality threshold in Equations (15) and (16), 

and it is bounded at the multi-period layer by the degradation term in the EV energy bal-

ance Equation (22) and by the cumulative cycle-life constraint Equation (38). Thus, degra-

dation shapes both the incentive to declare capacity and the realized discharge profile, 

without requiring 
V2G
id

 to be an explicit function of ic
 in the closed-form best response. 

Correspondingly, the VPP obtains regulation service revenue from the external elec-

tricity market by aggregating the effective response capacities of all agents and incurs 

compensation payments and aggregation management costs. The net revenue of the VPP 

is formulated as follows: 

( )agg
VPP ,( )o o i s i i

i

R c P c  


= − −  (12) 

where   denotes the per-unit regulation service revenue obtained by the VPP from the 

external market; 
agg
ic

 denotes the per-unit aggregation cost of generalized demand-side 

resources borne by the VPP operator; and ,s i iP c
 is the effective response capacity of agent 

i after accounting for communication execution reliability. The relative capacity weight 

/i i j
j

w c c


= 
 is used in Section 4 to characterize each agent’s share in the aggregate ef-

fective capacity and its contribution to total VPP revenue. 

The relative capacity weight is jointly determined by the declared capacity of all 

agents. When other agents adjust the declared capacity, the weight of this agent will 

change accordingly. This characteristic is an inherent attribute of the scale allocation 

mechanism, which reflects the dynamic reallocation of relative bargaining influence 

among agents, and is essentially different from the execution reliability determined only 

by their own attributes. 

2.2. Two-Stage Scheduling Model 

The scheduling interaction between the VPP and multi-agent demand-side resources 

exhibits a canonical leader–follower decision-making structure. The internal dispatch 

price is determined by the VPP acting as the leader, while the schedulable capacity of each 

resource agent, functioning as the follower, is adjusted in response to the transmitted price 

signal. This interactive decision-making process is formulated as a two-stage optimization 

problem, in which the first-stage pricing decision and the second-stage capacity decision 

are mutually coupled. 
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In the first stage, the VPP determines the optimal internal dispatch price to maximize 

its net revenue obtained from aggregating demand-side resources. Since the schedulable 

capacity of each agent is endogenously determined by the second-stage optimization, the 

optimal capacity response function of the agents is embedded into the first-stage objective 

function. The corresponding optimization problem is formulated as follows: 

( )agg *

VPP ,
max ( ) ( )

o o o i s i i o
i

R c P c


   


= − −  (13) 

( )

( )( )

 

  

  

min max

0 0 0

*

0

DSR * base 

0

 s.t. 

, ,

, .

i i

i i i

p p p

c p i I

Q c p Q i I

 (14) 

where 
min

0
p

 and 
max

0
p

 denote the lower and upper bounds of the internal dispatch price 

as stipulated by market rules, respectively; 
( )*

0i
c p

 represents the optimal schedulable 

capacity response of resource agent i for a given dispatch price; i


 denotes the feasible 

capacity set of resource agent i; and 
base 

i
Q

 corresponds to the benchmark revenue of re-

source agent i under independent operation, i.e., the reservation utility of the agent. The 

first constraint serves as the capacity feasibility constraint. The second is the individual 

rationality constraint, by which agents are guaranteed sufficient incentive to participate 

in VPP dispatch. The third constitutes the price boundary constraint. Substituting the 

Stage 2 optimal capacity in Equation (49) into the net revenue function in Equation (11), 

the maximum net revenue of agent i at a given price o


  is 

* 2 2 V2G V2G

,

1
( ) ( )

2
d

i i o i i s i i i

i

R c b c P c d
a

= + − −

 . The individual rationality constraint 

* 0( )
i i i

R c R
  is therefore satisfied when 

0 V2G V2G

,

2 ( )
i i i i d

o i i

s i

a R c d
b c

P


+
 − +

 . In the 

case study, the lower bound of the feasible price band exceeds this threshold for all re-

source agents, so the individual rationality constraint is automatically satisfied through-

out the tested price range. 

In the second stage, the dispatch price signal released by the VPP is received by each 

resource agent, and its optimal schedulable capacity within the feasible operating enve-

lope is determined to maximize individual net revenue. Using the unified revenue func-

tion in Equation (11), the optimization problem for agent i is formulated as follows: 

2 V2G V2G

,

1
max ( ) ( )

2i

d

c i i o i i s i i i i i i
R c b c P c a c c d= + − − −  (15) 

( )

( )( )

min max

0 0 0

*

0

DSR * base 

0

 s.t. 

, ,

, .

i i

i i i

p p p

c p i I

Q c p Q i I

 

  

  

 (16) 

where 
min

i
c

 and 
max

i
c

 denote the lower and upper bounds of the schedulable capacity 

of resource agent i, respectively. The constraints are presented in the following order: the 
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schedulable capacity boundary constraint, the probability value validity constraint, the 

communication parameter feasibility constraint, and the individual rationality constraint. 

It can be demonstrated that 
( )

i i
R c

 is concave with respect to i
c

 for each individ-

ual agent. This property guarantees that the first-order optimality condition is both nec-

essary and sufficient for the global optimal solution of each agent’s Stage 2 subproblem, 

and no local optimum trap is encountered at the individual agent level. In the subsequent 

derivation, the capacity boundary constraint is addressed via a projection operation, while 

the individual rationality constraint is verified through numerical comparison in the case 

study. Accordingly, the candidate optimal solution is first derived from the first-order 

condition at interior points, and then projected onto the feasible capacity interval to yield 

the final optimal schedulable capacity. 

2.3. Physical Constraints of Multi-Period Operation 

The schedulable capacity i
c

  determined by the Stackelberg game in Section 2.2 

serves as the capacity upper bound for the multi-period operational variables of each re-

source agent. Specifically, for each agent i  , the hourly operational power is con-

strained by 

opmax ( )
it T i i
P t c




, where 
op( )

i
P t

 denotes the operational power of agent 

i at period t—the charge–discharge power for energy storage and EV agents, the load ad-

justment relative to baseline consumption for air-conditioning loads, and the dispatched 

output for renewable energy agents—and i
T

  denotes the set of available periods for 

agent i. This linking constraint explicitly connects the strategic capacity variable from the 

game-theoretic layer to the hourly operational variables in the multi-period layer, ensur-

ing that both layers form a coherent optimization framework: the game layer determines 

the capacity allocation among agents, while the multi-period layer determines the tem-

poral distribution of each agent’s allocated capacity subject to the physical constraints pre-

sented below. 

Reliability-weighted allocation of multi-period dispatch tasks. Once the Stackelberg 

game settles the declared schedulable capacity 
*

i
c

 of every agent, the multi-period layer 

distributes the system-wide regulation task of each period among the agents that are avail-

able in that period. Let Ft⊆Ω denote the set of agents online at period t, and let Ft be the 

net regulation task at period t (positive for discharging/load reduction and negative for 

charging/renewable absorption). To prevent dispatch tasks from being concentrated on 

agents that declare a large capacity but respond unreliably, each agent is assigned a dis-

patch-share weight built from its effective dispatch contribution coefficient ηi defined in 

Equation (8). And its target operational task is allocated proportionally: 

 = = ,  i i i s iw P  (17) 

     


= 
, _

  /i ji t j F t  (18) 


 =

,
 ( )

op
i ti t

P t L  (19) 

Before being projected onto the feasible operational set 
{ },i t  defined by the capacity 

envelope together with the physical constraints (21)–(46), 

 


=
,{ }

( ) [ ( )]
i t

op op
i iP t P t  (20) 

https://doi.org/10.3390/wevj17090484


World Electr. Veh. J. 2026, 17, 484 11 of 40 
 

https://doi.org/10.3390/wevj17090484 

Here 



{ },

[ ]
i t   denotes projection onto 

{ },i t  . Equation (20), together with the 

power balance in Equation (21), closes the multi-period layer. 

Layered role of the relative capacity weight. The two decision layers must be distin-

guished. In Stage 2, a follower chooses its own declared capacity i
c

  by maximizing 

Equation (11); at this point, no task is yet shared among agents, so the first-order condition 

in Equation (45) depends solely on the agent’s own execution reliability ,s iP
 and inten-

tionally does not contain iw
. The relative capacity weight, which couples agents through 

=  /  i i j jw c c
, acts at the layer above, namely, the VPP-level multi-period allocation in 

Equations (17)–(20), where the settled capacities are shared out as hourly operational 

tasks. Therefore iw
 is neither a post-processing indicator nor absent from the optimiza-

tion: it shapes the hourly dispatch profile 
( )op

iP t
, and through it the renewable accommo-

dation, the peak–valley difference, and the realized revenue. This is precisely why the 

three scenarios differ. Under Scenario 1, the share weight is 
 = , i i s iw P

; under Scenario 

3, the capacity-weight factor is removed and 
 = ,i s iP

; under Scenario 2, execution is as-

sumed perfectly reliable and the task is shared equally. 

Power conservation at all time periods constitutes the core constraint of the schedul-

ing scheme: 

, , , , , , , ,

, , , , , , , , , , ,      

w t pv t dis ess t dis ev t grid buy t

ac t ch ess t ch ev t grid sell t cur w t cur pv t

P P P P P

P P P P P P t

+ + + + =

+ + + + + 
 (21) 

where ,w tP
 and ,pv tP

 are the forecasted available outputs of wind power and photovol-

taic (PV) at time period t; , ,dis ess tP
 and , ,ch ess tP

 are the discharging and charging power 

of the energy storage battery; , ,dis ev tP
 and , ,ch ev tP

 are the V2G discharging and orderly 

charging power of the electric vehicle (EV) fleet; ,ac tP
 is the actual power consumption 

of air-conditioning loads; , ,grid buy tP
 and , ,grid sell tP

 are the power purchased from the grid 

and sold to the grid by the VPP; and , ,cur w tP
 and , ,cur pv tP

 are the curtailment power of 

wind power and photovoltaic. 

A dynamic recursive model of SOC considering charge and discharge efficiency is 

adopted: 

, ,
, 1 , , , ,

,

dis ess t
ess t ess t ch ess ch ess t

dis ess

P
E E P t t t

+ = +  −    (22) 

where ,ess tE
 is the stored energy of the energy storage at the beginning of time period t, 

and ,ch ess
 and ,dis ess

 are the charging and discharging efficiencies, respectively. The 

SOC boundary constraints, along with the initial and terminal SOC constraints, ensure 

energy neutrality over the dispatch horizon, and 0–1 state variables are introduced to pre-

vent simultaneous charging and discharging. 

,min , ,maxess ess t essE E E t    (23) 
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,1 ,initess essE E=  (24) 

,25 ,endess essE E=  (25) 

, , , , ,maxch ess t ess t ch essP u P t   (26) 

, , , , ,max(1 )dis ess t ess t dis essP u P t −   (27) 

, {0,1}ess tu t   (28) 

A dynamic availability model is adopted for electric vehicles across periods, relaxing 

the fixed-capacity assumption, including charging and discharging efficiency and degra-

dation loss: 

, ,
, 1 , , , ,

,

dis ev t
ev t ev t ch ev ch ev t

dis ev

P
E E P t t t

+ = +  −    (29) 

where ,ch ev
 and ,dis ev

 are the charging and V2G discharging efficiencies, respectively. 

Grid-connected periods and dynamic availability constraints: the EVs can only par-

ticipate in dispatch during grid-connected periods, with power set to zero during off-grid 

periods. Let the arrival time of the vehicle fleet be denoted as arrt
 and the departure time 

as dept
: 

, , , ,0, 0 [ , ]ch ev t dis ev t arr depP P t t t= =    (30) 

Since the grid-connected window spans midnight, the availability set is explicitly 

partitioned into two intervals: [19,24] [0,7]t  . During the off-grid periods [7,19]t , 

both the orderly charging power and the V2G discharging power of the EV fleet are en-

forced to zero, as the vehicles are disconnected from the VPP and unavailable for dispatch. 

This time-varying availability constraint is embedded directly into the multi-period opti-

mization, ensuring that no EV power is scheduled outside the physically feasible grid-

connected window. 

The maximum charge and discharge power in each period changes dynamically with 

the real-time SOC, and there is no fixed adjustable capacity all day. The off-grid minimum 

power constraint to ensure users’ travel needs is as follows: 

, 1 ,min,depdepev t evE E+   (31) 

where ,min,depevE
 is the minimum state-of-charge energy required at the time of depar-

ture. The initial state-of-charge constraints and the charging/discharging mutual exclusiv-

ity constraints are as follows: 

, ,initarrev t evE E=  (32) 

, , , , ,maxch ev t ev t ch evP u P t   (33) 

, , , , ,max(1 )dis ev t ev t dis evP u P t −   (34) 

, {0,1}ev tu t   (35) 
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The battery cycle life constraint is as follows: limit the cumulative charge and dis-

charge throughput in the scheduling period and avoid the accelerated aging of the battery 

caused by excessive V2G. 

( )
24

, , , , ,put,max
1

ch ev t dis ev t ev
t

P P t E
=

+    (36) 

An equivalent thermal parameter model is employed to describe indoor temperature 

dynamics: 

, ,
, 1 , ,

1 in t out t
in t in t ac t

th th

T T
T T P COP t t

C R+

 −
= + −    

 
 

 (37) 

where ,in tT
 is the indoor temperature, ,out tT

 is the outdoor ambient temperature, thC
 

is the equivalent thermal capacity of the building, thR
  is the equivalent thermal re-

sistance of the building, and COP  is the coefficient of performance of the air-condition-

ing system. The user comfort constraints are as follows: 

,min , ,maxin in t inT T T t    (38) 

The actual consumed power does not exceed the predicted output, and the aban-

doned power is non-negative: 

, , ,0 cur w t w tP P t    (39) 

, , ,0 cur pv t pv tP P t    (40) 

The formula for calculating the renewable energy consumption rate is as follows: 

24

, , , , , ,
1

24

, ,
1

( )

A rate 100%

( )

w t cur w t pv t cur pv t
t

w t pv t
t

P P P P

P P

=

=

− + −

= 

+




 (41) 

Mutually exclusive constraints for power purchase and sale, together with power 

limit constraints, are imposed: 

, , , ,maxgrid buy t grid t gridP u P t   (42) 

, , , ,max(1 )grid sell t grid t gridP u P t −   (43) 

, {0,1}grid tu t   (44) 

Time-of-use pricing mechanism ,buy tc
 is the unit electricity purchase price at time 

period t, and ,sell tc
 is the unit electricity sale price at time period t, with differentiated 

values for peak, flat, and off-peak periods. The grid interaction cost is included in the total 

operating cost of the VPP. 

All equipment variables are subject to physical upper and lower bounds: 

, ,max0 ac t acP P t    (45) 

, , , , ,max0 ,grid buy t grid sell t gridP P P t    (46) 
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3. Solution by Backward Induction 

The established two-stage scheduling model exhibits the canonical sequential deci-

sion-making structure of a Stackelberg game. The dispatch price is set by the VPP acting 

as the leader, while the schedulable capacity of each resource agent, functioning as fol-

lowers, is adjusted accordingly. To obtain the subgame-perfect equilibrium of this bi-level 

decision problem, the backward induction method is employed for the solution. As a 

standard approach for dynamic game analysis and bi-level optimization, backward in-

duction first derives the followers’ optimal response to a given leader decision, and then 

substitutes the response function into the leader’s optimization problem to yield the glob-

ally optimal decision. The derivations of the optimal capacity response in Stage 2 and the 

optimal pricing strategy in Stage 1 are elaborated below. As a canonical solution paradigm 

for Stackelberg dynamic games, backward induction guarantees a subgame-perfect equi-

librium and effectively eliminates non-credible threats inherent in sequential decision-

making. 

3.1. Optimal Capacity Response in Stage 2 

For a given internal dispatch price o , the optimal schedulable capacity of each re-

source agent is determined by maximizing the net revenue function in Equation (15). Since 

,s iP
 is independent of ic

 (it is determined solely by the agent’s communication parame-

ters and data volume via Equation (7)), the first-order derivative of 
( )i iR c

 with respect 

to ic
 is as follows: 

For a given internal dispatch price o , each resource agent determines its optimal 

schedulable capacity by maximizing the net-revenue function in Equation (15). In taking 

the derivative with respect to ic
, two terms are independent of ic

: ,s iP
, which is fixed 

solely by the agent’s communication parameters and data volume through Equation (7), 

and the V2G discharge energy 
V2G
id

, which is the execution quantity produced by the 

multi-period physical dispatch under the declared-capacity cap and is hence exogenous 

to ic
  at this strategic layer. The first-order derivative of iR

 ( ic
 ) with respect to ic

  is 

therefore: 

,( )di
o i i s i i i

i

R
b c P a c

c



= + − −


 (47) 

Note that wi does not appear in Equation (47): a Stage 2 follower declares its capacity 

before multi-period tasks are shared, and the coupling induced by wi is exercised only at 

the VPP allocation layer through Equations (17)–(20). The second-order derivative is as 

follows: 

2

2
 0i

i

i

R
a

c


= − 


 (48) 

Equation (48) confirms that iR
 is strictly concave in ic

, so the first-order optimality 

condition is both necessary and sufficient for the unique global maximum. Setting Equa-

tion (47) to zero yields the candidate optimal interior solution: 

 + −
=

,*
( )d

o i i s i
i

i

b c P
c

a
 (49) 
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When the upper and lower bounds of schedulable capacity are taken into account, 

the candidate interior solution is projected onto the feasible capacity interval: 

  + −
  =
  

  

,* min max
( )

max , min ,
d

o i i s i
i i i

i

b c P
c c c

a
 (50) 

A grid-search verification is performed over 1000 uniformly spaced capacity points 

within the feasible interval 
min max[ , ]i ic c

 for a representative set of dispatch prices. The 

numerically identified maximizer matches the analytical solution in Equation (49) with a 

maximum relative deviation below 10-4, and the strict concavity of 
( )i iR c

 is confirmed 

by the unimodal revenue profile across all tested scenarios. 

Interiority over the complete price band. Before substituting Equation (49) into the 

Stage 1 objective, we verify that the projection of Equation (50) is inactive on the entire 

admissible price band 
o  ∈ [

min

o , 
max

o ] = [200, 500] CNY/MWh, so that the unprojected 

interior expression used below is exact rather than approximate. From Equation (49), the 

best response 
  −= + ,* ( ) ( ) /d

i o o i i s i ic b c P a
 is affine and strictly increasing in 

o , since 

its slope , /s i iP a
 is positive; its extrema on the closed band are therefore attained at the 

two endpoints, and it suffices to check interiority at ρomin and ρomax. (i) At the lower 

endpoint, the individual-rationality analysis of Equations (15) and (16) shows that 
min

o  

exceeds every agent’s participation threshold, so the optimal response is strictly positive 

and above the lower capacity bound for all agents. (ii) At the upper endpoint 
max

o  = 500 

CNY/MWh, which is also the equilibrium price of the case study, a dense one-dimensional 

grid search over the capacity interval confirms that the numerical maximiser coincides 

with Equation (49) to within a relative error below 10−4 and that the net-revenue profile is 

strictly unimodal, i.e., 
*
ic

(
max

o ) lies strictly below 
max
ic

. By affine monotonicity, 
min
ic

 < 
*
ic

(
o ) < 

max
ic

 holds for every agent and for every ρo in the complete band [200, 500]. The 

projection of Equation (50) is consequently inactive throughout, and substituting the un-

projected Equation (49) into the Stage 1 revenue to obtain the concave quadratic Equation 

(53) is exact. For completeness, if the price band was widened so that an agent’s response 

reached a capacity bound, Equation (50) would hold that agent at the bound, and the 

leader objective would become a piecewise (still concave) quadratic, whose active seg-

ment is selected by the three KKT cases listed after Equation (55); the present case study 

lies entirely in the interior regime and never enters this piecewise regime. 

When the optimal response functions of all resource agents are solved simultane-

ously, a Nash equilibrium schedulable capacity profile is obtained for the given dispatch 

price, which constitutes the input to the VPP’s pricing decision in Stage 1. 

3.2. Optimal Dispatch Price in Stage 1 

When the equilibrium optimal capacities of all agents derived in Stage 2 are substi-

tuted into the VPP net revenue function, the original two-stage problem is reduced to a 

single-variable optimization problem with respect to o  . Substituting Equation (49), 
*

,( ) /d
i o i i s i ic b c P a= + −

, into Equation (12) and collecting terms by powers of o , define 

the following: 
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( )

( )( )

2
,

2
, agg

2
, agg

,
s i

ii

s i d
i i i

ii

s i d
i i i

ii

P
K

a

P
C c b c

a

P
B c b c

a











=

= − − +

= − −







 (51) 

The product term inside the summation is expanded as follows: 

( )( ) ( )( ) ( )agg agg agg 2      − − + − = − − + − − + −d d d
o i o i i i i i i i i o oc b c c b c c b c  (52) 

Substituting Equation (52) into the summation and collecting terms by powers of o  

yields the constants K, C, and B defined in Equation (51), and the VPP net revenue be-

comes the following: 

2
VPP ( )  = + −o o oR B C K  (53) 

Since 0K  , VPPR
 is strictly concave in o , guaranteeing a unique maximum. Dif-

ferentiating Equation (53) with respect to o  yields the following: 

VPP 2 


= − o
o

dR
C K

d
 (54) 

The unconstrained optimal price is obtained by setting Equation (54) to zero: 

unc

2
 =o

C

K
 (55) 

Under the inequality constraints 
min max   o o o , the KKT conditions yield three 

cases: (i) if 
min max/ (2 )  o oC K  , the optimum is interior: 

* / (2 ) =o C K  ; (ii) if 
min/ (2 )  oC K , the optimum is at the lower bound: 

* min =o o ; (iii) if 
max/ (2 )  oC K , the 

optimum is at the upper bound: 
* max =o o . Under the case-study parameters in Section 

4, ( )/ 2C K
 falls at the upper bound of the feasible price band, so 

* max =o o , consistent 

with the original numerical result. 

It should be emphasized that the coincidence of the optimal price with the upper 

bound in this case study is a consequence of the specific economic parameters and feasible 

price band adopted herein, rather than a universal property of all two-stage VPP pricing 

problems. In general, the optimal price is determined by projecting the unconstrained op-

timum ( )/ 2C K
 onto the feasible interval, and an interior optimum may arise if the price 

band is widened or if the market revenue, aggregation cost, and quadratic cost parameters 

take different values. The scalability analysis in Section 4 confirms the computational ef-

ficiency of the proposed method for systems with up to 50 agents; extension to very-large-

scale VPPs with hundreds or thousands of agents will require additional complexity anal-

ysis and is deferred to future work. 

The overall solution architecture of the proposed two-stage scheduling model is de-

picted in Figure 1. 

In accordance with the backward induction logic, the effective dispatch contribution 

coefficient of each resource agent is first computed based on basic input data. Subse-

quently, the Nash equilibrium capacity of each agent in Stage 2 is solved under a specified 

dispatch price, and the optimal dispatch price in Stage 1 is ultimately derived via the KKT 
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conditions. The final outputs encompass the optimal scheduling scheme, total revenue, 

renewable energy accommodation rate, and additional operational performance metrics. 

Under the model assumptions and parameter settings of this paper, each agent has a 

unique optimal response in Stage 2 for a given dispatch price, and the Stage 1 objective 

function is strictly concave with respect to the dispatch price. Individual concavity alone 

does not constitute a formal proof of the uniqueness or stability of the coupled Nash equi-

librium; such a proof would require additional conditions such as diagonal strict concav-

ity, contraction of the best-response map, or a potential-game property. In the case study, 

the backward induction procedure numerically converges to a Stackelberg equilibrium, 

as verified in Section 4.3. A rigorous theoretical proof of general uniqueness and equilib-

rium stability conditions is deferred to future work. 

 

Figure 1. Sequential solution process of the two-stage VPP scheduling model based on backward 

induction. 

4. Case Study 

4.1. System Configuration and Simulation Setup 

In this section, the basic parameters of the VPP system, the simulation environment, 

and the design of comparative scenarios are presented to ensure the reproducibility and 

methodological rigor of the case study. Five categories of generalized demand-side re-

sources are integrated within the VPP system: wind turbines, photovoltaic units, battery 

energy storage systems, electric vehicles, and controllable air-conditioning loads. 
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The installed capacity and operational parameters of each resource type are config-

ured based on practical engineering data. The rated capacity of wind turbines is set at 6 

MW, and that of photovoltaic units at 8 MW. The battery energy storage system features 

a rated energy capacity of 10 MWh and a maximum charge–discharge power of 5 MW. 

The aggregated electric vehicle fleet has a total energy capacity of 8 MWh, with a maxi-

mum charge–discharge power of 4 MW. The scheduling horizon spans 24 h with a tem-

poral resolution of 1 h. 

Key economic and communication parameters are specified in accordance with the 

modeling framework established in Section 2. The permissible range of the internal dis-

patch price is defined as 
min

o
p

 = 200 and 
max

o
p

 = 500, which is aligned with the prevailing 

price band of demand response ancillary services in China. 

The system parameters and load profiles are configured with reference to practical 

engineering data from a regional VPP demonstration project. The renewable output and 

load forecast curves are generated from historical measured data with a 1 h sampling res-

olution, processed via outlier removal and missing-value interpolation to produce the 

day-ahead forecast profiles shown in Figures 2 and 3. All simulation parameter values are 

fully listed in Tables 1 and 2 to ensure the reproducibility of the numerical results. The 

comparative analysis adopts an ablation-study design to isolate the individual contribu-

tion of the relative-capacity-weight dimension and the communication-reliability dimen-

sion; a direct comparison with existing VPP scheduling algorithms from the literature is 

deferred to future work. 

Table 1. Effective dispatch contribution coefficient and economic parameters of VPP resource 

agents. 

Resource Agent 

Effective Dispatch 

Contribution Coeffi-

cient 

Dispatch Cost (CNY/MWh) Aggregation Cost (CNY/MWh) 

Wind turbines 0.14 423 37 

Photovoltaic units 0.16 315 24 

Energy storage batteries 0.21 137 13 

Air-conditioning loads 0.26 258 22 

Electric vehicles 0.23 362 49 

The quadratic dispatch cost coefficients are set to i
a

 = 0.8, 0.6, 1.2, 1.5, and 1.0 

CNY/(MW2·h) for the wind, photovoltaic, storage, EV, and air-conditioning agents, re-

spectively. In Equation (11), 
21

2 i ia c
 is the convex dispatch cost term, so i

a
 is the rate at 

which the marginal dispatch cost i ia c
 in Equation (47) rises with the declared capacity; 

its CNY/(MW2·h) unit follows directly from dimensional consistency with the per-MWh 

price term 
 + ,( )d

o i i s ib c P
. The relative magnitudes reflect the physical and economic flex-

ibility of each resource. The two renewables carry the smallest coefficients (PV 0.6, wind 

0.8) because their near-zero variable generation cost makes additional declared capacity 

cheap; the controllable load is intermediate (1.0) because deeper regulation only trades off 

occupant comfort; battery resources carry larger coefficients (storage 1.2, EV 1.5) because 

declaring more capacity implies deeper cycling and faster degradation, with the EV larg-

est because of its additional travel-uncertainty and V2G-compliance burden. The absolute 

scale is calibrated from the marginal-cost range observed in the regional VPP demonstra-

tion project and is consistent with the measured 125 CNY/MWh V2G cycling-degradation 

cost in Table 2. Interiority is not a calibration target but a post-calibration validity check, 
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established analytically over the whole price band in Section 3.1. As a closed-form sensi-

tivity check, Equation (49) gives the local elasticity 
  = −* /  1

i i
ln c ln a

: a common mul-

tiplicative perturbation of all i
a

 leaves the optimal-price ratio C/(2K) and the scenario 

ranking unchanged and scales all capacities and revenues by the same factor, while the 

interiority result of Section 3.1 continues to hold for perturbations within ±20% Parame-

ters of the communication system are determined with reference to typical metrics of ded-

icated power communication networks: a channel capacity G1 of 10 Mbps, a coding gain 

G2 of 1.2, and an expected effective transmission duration T of 0.5 s. The cost parameters 

and effective dispatch contribution coefficient for each resource agent are detailed in Table 

1. All baseline operational data are acquired from practical engineering projects, and the 

forecast curves are generated at a 1 h resolution as described above. The forecasted re-

newable generation profiles and load curves over the scheduling horizon are depicted in 

Figure 2 and Figure 3, respectively. 

 

Figure 2. Predicted wind and photovoltaic output. 

Figure 2 depicts the 24 h forecasted output profiles of wind and photovoltaic gener-

ation. Wind power exhibits a typical anti-peak characteristic: its output remains relatively 

high during nighttime and early morning and declines progressively after sunrise. By con-

trast, photovoltaic output is entirely concentrated in daytime hours (07:00–19:00) and at-

tains a peak value of 7.6 MW at approximately 13:00. Such complementary output char-

acteristics between wind and solar resources lay a fundamental basis for multi-resource 

coordination within the VPP. 

 

Figure 3. Predicted electric vehicle and air-conditioning load profiles. 
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Figure 3 illustrates the forecasted load profiles of electric vehicles and air-condition-

ing loads. The air-conditioning load presents a pronounced single-peak distribution, with 

a peak of 7.4 MW emerging at 13:00, which is roughly synchronized with the peak photo-

voltaic output. In comparison, the electric vehicle load remains relatively flat, with a mi-

nor peak observed during commuting periods. The matching relationship between load 

peaks and renewable generation peaks constitutes the core basis for VPP demand re-

sponse dispatch. 

Table 2. Core parameters of multi-period operation. 

Parameter Category Parameter Symbol Value Parameter Symbol Value 

Energy Storage Battery Charging efficiency 0.95 Discharging efficiency 0.93 

 SOC operating range 10%~90% Initial/Terminal SOC 50% 

Electric Vehicles Charging efficiency 0.92 V2G discharging efficiency 0.90 

 Fleet arrival time 19:00 Fleet departure time 07:00 next day 

 
Initial SOC upon connec-

tion 
30% 

Minimum SOC upon depar-

ture 
80% 

 
Unit discharging degra-

dation cost 
125 CNY/MWh Daily throughput upper limit 12 MWh 

Air-Conditioning Load 
Equivalent thermal re-

sistance 
0.8 °C/kW 

Equivalent thermal capaci-

tance 
12 kWh/°C 

 Cooling COP 3.2 Comfort range 24~26 °C 

Grid Interaction 
Peak period purchase 

price 
850 CNY/MWh Off-peak purchase price 320 CNY/MWh 

 Electricity sale price 450 CNY/MWh 
Grid connection point power 

upper limit 
10 MW 

All numerical simulations are implemented in MATLAB R2023b on a workstation 

equipped with an Intel Xeon Gold 6346 CPU and 64 GB of RAM. The backward induction 

solution framework is independently coded. Each single-stage optimization subproblem 

is formulated via the YALMIP toolbox and solved by the CPLEX 12.10 solver. The conver-

gence tolerance for the iterative solution of multi-agent equilibrium is set to 10−6, and the 

maximum iteration number is specified as 100 to guarantee solution accuracy. 

To quantitatively assess the contribution of the proposed scheduling success proba-

bility model, three comparative scenarios are designed under a controlled variable prin-

ciple: 

Scenario 1 (Proposed method): The scheduling success probability model, incorpo-

rating both the relative capacity weight and the dispatch response failure probability, is 

fully embedded into the two-stage optimization framework, and multi-period dispatch 

tasks are shared with the weight 
 = , i i s iw P

 in Equation (17). 

Scenario 2 (Conventional method): The scheduling success probability is not taken 

into account, and all resource agents are assumed to respond to dispatch instructions with 

perfect reliability; communication delays and response uncertainties are neglected en-

tirely, and the regulation task is shared equally among online agents. 

Scenario 3 (Partial consideration): Only the communication failure probability is in-

cluded in the model, while the relative capacity weight is not introduced into success-

probability quantification; equivalently, the share weight in Equation (17) degenerates to 

 = ,i s iP
. This setup leads to a moderate overestimation of resource response capability, 

and the resulting net revenue falls between those of Scenario 1 and Scenario 2. 
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4.2. Core Scheduling Performance and Characteristic Analysis 

Table 1 summarizes the effective dispatch contribution coefficient, per-unit dispatch 

cost, and per-unit aggregation cost of each resource agent under baseline conditions, all 

of which are calculated based on capacity scale and corresponding communication pa-

rameters. 

The results reveal pronounced heterogeneity in the effective dispatch contribution 

coefficient across heterogeneous resources. A minimum value of 0.14 is recorded for wind 

turbines, while a maximum value of 0.26 is observed for air-conditioning loads, corre-

sponding to a relative difference of 85.7%. This discrepancy is jointly governed by the 

geographical dispersion of resources and the magnitude of schedulable capacity, which 

provides a quantitative foundation for differentiated dispatch allocation in the subsequent 

optimization framework. For electric vehicle agents, the aggregated parameters are de-

rived as weighted composites of the orderly charging and V2G discharging modes: or-

derly charging capacity accounts for 60% of the total adjustable capacity, while V2G ca-

pacity constitutes the remaining 40%. The two user-response compliance coefficients are 

estimated from the EV-aggregation dispatch records of the regional demonstration pro-

ject, which log every dispatched instruction together with its mode and whether a re-

sponse was delivered within the required deadline. For each mode, the compliance rate is 

the Bernoulli sample proportion of successful responses, rmode = nsuccess/n, whose estimation 

uncertainty is bounded by a Wilson binomial interval and, conservatively, by the explicit 

±0.05 parameter-band sensitivity reported in Section 4.3. Orderly charging, which follows 

an agreed timetable, attains a high fulfilment rate roc = 0.95, whereas V2G discharging, 

which additionally requires real-time consent and is discouraged by range anxiety and 

battery-wear concerns, has a lower fulfilment rate rV2G = 0.75. This systematic ordering—

discharge compliance below charge compliance and requiring stronger compensation—

is consistent with reported EV-aggregator response-willingness studies [31,32]. 

These coefficients are fleet-level conditional expected response probabilities over the 

scheduling horizon. With ζ denoting the driver state, the strategic-layer model uses the 

state-averaged rate rmode = Eζ[rmode(ζ)], which is the deterministic-equivalent input appro-

priate to the day-ahead capacity game and is unbiased for expected revenue; the state 

dependence is not omitted but modeled at the operational time scale where it acts, through 

the time-varying grid-connection window, and through price in the objective. A fully 

state-dependent dynamic compliance model is left as future work. The sensitivity of the 

EV composite reliability to roc and rV2G is analyzed in closed form in Section 4.3. 

Table 2 lists the core parameters of the multi-period operation of this example, and 

the specific contents are as follows. Table 3 provides the values and definitions of core 

operation parameters of this example. 

The overall effective dispatch contribution coefficient of electric vehicle agents is de-

pressed by the inclusion of the V2G mode. When only the orderly charging mode is con-

sidered, the corresponding effective dispatch contribution coefficient reaches 0.26, a level 

comparable to that of air-conditioning loads. This finding further corroborates the high-

risk nature of V2G discharging in scheduling execution. 

Figure 4 decomposes the effective dispatch contribution coefficient into two constit-

uent dimensions: relative capacity weight and execution reliability. 
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Figure 4. Decomposition of effective dispatch contribution coefficient for each resource agent. 

In terms of execution reliability, a gap of 21.5 percentage points is observed between 

the highest and lowest values. With respect to the relative capacity weight, the difference 

between the maximum and minimum values is measured at 0.084. The final effective dis-

patch contribution coefficient of heterogeneous resources is jointly shaped by the product 

of these two dimensions. 

For the relative capacity weight dimension, the highest weight of 0.284 is associated 

with air-conditioning loads, attributable to their largest aggregated schedulable capacity, 

while the lowest weight of 0.200 is found for wind turbines. 

It is confirmed by the decomposition results that the effective dispatch contribution 

coefficient stems from the joint effect of resource physical attributes and communication 

conditions, which aligns with the theoretical derivation presented in Section 2.1. 

Table 3 presents a comparison of the net revenue of each resource agent under inde-

pendent operation and VPP coordinated dispatch. 

Table 3. Revenue comparison of each resource agent between independent operation and VPP co-

ordinated dispatch. 

Resource Agent Independent Operation (CNY) 
After VPP Dispatch 

(CNY) 

Wind turbines 54,248 55,213 

Photovoltaic units 15,967 16,372 

Energy storage batteries 10,717 11,087 

Electric vehicles 10,331 10,858 

Air-conditioning loads −36,985 −35,217 

Following integration into the VPP aggregation framework, revenue growth or loss 

mitigation is achieved across all resource agents. Specifically, revenue increases of 1.78%, 

2.54%, 3.45%, and 5.10% are recorded for wind turbines, photovoltaic units, battery energy 

storage systems, and electric vehicles, respectively, while the operating loss of air-condi-

tioning loads is reduced by 4.78%. Such performance improvements are attributed to the 

complementary characteristics of heterogeneous resources. Temporal power transfer is 

realized by the VPP via energy storage systems and electric vehicles, and the peak–valley 

load difference is mitigated through air-conditioning demand response, thereby enhanc-

ing the overall operational economy. 

Figure 5 further illustrates the proportional contribution of each resource agent to the 

total VPP revenue increment. 
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Figure 5. Contribution of each resource agent to total revenue improvement after VPP dispatch. 

The largest contribution share of 43.82% is attributed to air-conditioning loads, as 

their operating losses are substantially reduced through coordinated peak shaving. Wind 

turbines and electric vehicles account for 23.92% and 13.06%, respectively, with the gains 

primarily derived from reduced renewable curtailment and optimized charge–discharge 

arbitrage. Photovoltaic units and battery energy storage systems contribute 10.04% and 

9.17% of the total improvement, respectively. This contribution distribution indicates that 

demand-side flexible loads serve as the primary source of revenue enhancement in VPP 

aggregated dispatch. 

A total net revenue of CNY 58,313 is attained by the VPP under the proposed method, 

representing a 7.43% increase compared with the CNY 54,278 achieved under independ-

ent operation. These findings corroborate the economic viability of VPP aggregated dis-

patch. Coordinated optimization elevates the utilization efficiency of flexible resources 

and lowers the overall operating cost of the system. 

Table 4 summarizes the net revenue of each individual resource agent as well as the 

aggregate VPP revenue across the three scenarios. 

Table 4. Net revenue comparison under three scheduling scenarios. 

Resource Agent Scenario 1 Scenario 2 Scenario 3 (CNY) 

Wind turbines 55,213 54,725 54,982 

Photovoltaic units 16,372 15,998 16,195 

Energy storage batteries 11,087 10,624 10,873 

Electric vehicles 10,858 10,117 10,536 

Air-conditioning loads −35,217 −35,792 −35,516 

Total 58,313 55,672 57,070 

The highest total net revenue of CNY 58,313 is recorded under Scenario 1, followed 

sequentially by Scenario 3 and Scenario 2. 

Compared with Scenario 2, in which scheduling uncertainty is entirely disregarded, 

a 4.74% increase in total revenue is achieved under Scenario 1. Among all resource cate-

gories, the most substantial loss reduction is observed for air-conditioning loads, while 

the highest revenue growth rate is attained by electric vehicles, at 1.61% and 7.32%, re-

spectively. This performance gap is attributed to their relatively high effective dispatch 

contribution coefficients, which enable these resources to undertake more dispatch tasks 

and accrue greater revenue. 

Relative to Scenario 3, where only the communication failure probability is incorpo-

rated into the execution-reliability quantification, a revenue improvement of 2.18% is still 

achieved under Scenario 1. To separate the benefit of reliability modeling from that of 

overall coordination, an additive ablation is performed along the nested scenarios. Sce-

nario 2 is the baseline; adding only communication execution reliability, so that the share 

weight degenerates to βi = Ps,i, gives Scenario 3; further adding the relative capacity weight, 
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βi = wi Ps,i, gives Scenario 1, so that each step isolates a single mechanism. Adding commu-

nication execution reliability alone raises total net revenue by CNY 1398 (+2.51%), and 

adding the relative capacity weight on top of it raises it by a further CNY 1243 (+2.18%). 

The two contributions are of comparable magnitude, accounting for 53% and 47% of the 

combined CNY 2641 (+4.74%) gain, which shows that the advantage is neither a single-

mechanism artefact nor a generic coordination benefit, but is attributable in near-equal 

measure to modeling execution reliability and to reliability-aware weighting; the same 

ordering holds for every resource (for the EV fleet the two steps contribute CNY 419 and 

CNY 322, totaling the reported +7.32%). 

The two EV compliance rates are separated in the same closed-form manner through 

Ps,EV = Ps,base[m roc + (1 − m) rV2G]. Collapsing them to a single common rate would bias the 

EV composite reliability: setting both to the orderly rate 0.95 overstates it to 0.845 (+9.2%), 

whereas setting both to the V2G rate 0.75 understates it to 0.667 (−13.8%), bracketing the 

differentiated value 0.774; the unit marginals are 0.534 for roc and 0.356 for rV2G. Distin-

guishing charging from V2G compliance therefore removes a systematic over-estima-

tion/under-estimation rather than adding redundant detail. 

Figure 6 decomposes the aggregate VPP revenue into four constituent components: 

total transaction revenue, total compensation benefit, total dispatch cost, and total aggre-

gation cost. 

 

Figure 6. Revenue composition comparison under three scheduling scenarios. 

The revenue disparity across scenarios is primarily driven by two factors on the in-

come side: higher transaction revenue and compensation benefits are attained under Sce-

nario 1 via enhanced renewable energy accommodation. On the cost side, correspond-

ingly elevated aggregation costs are incurred, as communication management and capac-

ity weight evaluation are explicitly incorporated into the scheduling framework. 

Overall, the revenue increment delivered by precise scheduling decisions substan-

tially exceeds the additional aggregation costs incurred. Because Table 4 reports net reve-

nue after all dispatch and aggregation costs, including communication management and 

capacity-weight evaluation, the CNY 264 advantage of Scenario 1 over Scenario 2 is al-

ready net of the added communication and aggregation expenditure: the proposed 

scheme breaks even only if that extra expenditure were to rise by a further CNY 2641, i.e., 

by the entire net gain. Under the less favorable parameters tested in Section 4.3 (a doubled 

V2G degradation cost and compliance rates perturbed by ±0.05), the revenue ordering S1 > 

S3 > S2 is unchanged, so the additional aggregation and communication cost remains eco-

nomical. 
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Figures 7–9 present the 24 h capacity-layer allocation profiles—the per-period regu-

lation capacity assigned to each of the five resource categories—under Scenarios 1–3. For 

the EV fleet, the actual charge/discharge power is forced to zero during the off-grid inter-

val [7,19] by Equation (30), even though a non-zero capacity-layer allocation may remain 

in Figures 7–9; any EV capacity allocated but not deliverable over that interval is re-dis-

patched through the recourse procedure described in Section 4.4. 

 

Figure 7. Capacity-layer dispatched capacity of each resource agent under Scenario 1. 

 

Figure 8. Capacity-layer dispatched capacity of each resource agent under Scenario 2. 

 

Figure 9. Capacity-layer dispatched capacity of each resource agent under Scenario 3. 

The allocated capacity of storage and EV is concentrated within the EV grid-con-

nected windows: it is directed to surplus absorption during 00:00–07:00 and to peak sup-

port during 19:00–22:00, whereas no EV power is physically executed over the off-grid 

interval [7,19]. 

When compared across the three scenarios, the most severe fluctuation in dispatched 

capacity is observed in Scenario 2, with charge–discharge behavior highly concentrated 

during peak and valley periods. By contrast, a far smoother dispatch profile is achieved 

under Scenario 1. During the representative evening peak interval (19:00–22:00), the total 

discharge power of energy storage systems and electric vehicles under Scenario 1 is 12.7% 

lower than that under Scenario 2, with a more uniform output distribution. 
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The underlying mechanism for this difference is that dispatch tasks are allocated by 

the proposed method in accordance with the effective dispatch contribution coefficient, 

which prevents excessive concentration of dispatch instructions on low-reliability re-

sources. This design mitigates the risk of dispatch failure and flattens the net load profile. 

Correspondingly, the peak–valley difference in the net load under Scenario 1 is reduced 

by 8.3% relative to Scenario 2. The dispatched capacity under Scenario 3 falls between the 

values of the two aforementioned scenarios, which further corroborates that partial con-

sideration of uncertainty delivers only limited optimization of the scheduling scheme. 

Figure 10 depicts the hourly actual accommodated renewable power under the three 

scenarios. 

 

Figure 10. Comparison of accommodated renewable power under three scenarios. 

On the whole, the accommodated renewable power under Scenario 1 remains con-

sistently higher than that under Scenario 2 and Scenario 3 throughout the entire schedul-

ing horizon, with the most notable gap emerging during the midday photovoltaic output 

peak (11:00–15:00). 

Quantitatively, the maximum accommodation gap between Scenario 1 and Scenario 

2 is observed at 12:00, reaching 1.0 MW, which coincides with the period of peak photo-

voltaic output. During this interval, surplus photovoltaic power is absorbed more proac-

tively by the energy storage system under Scenario 1, effectively mitigating photovoltaic 

curtailment. During the nighttime wind power period (00:00–06:00), the accommodation 

gap remains relatively narrow, yet an advantage of approximately 0.4–0.6 MW is still 

maintained by Scenario 1. 

This phenomenon can be attributed to the scheduling execution rate. Accurate eval-

uation of the effective dispatch contribution coefficient eliminates the mismatch between 

scheduled capacity and actual response capability, thereby enhancing the practical utili-

zation efficiency of renewable energy. 

Table 5 summarizes the key indicators of renewable energy accommodation and op-

erational economy across the three scenarios. 

Table 5. Renewable energy accommodation rate and average operating cost under three scenarios. 

Indicator Scenario 1 Scenario 2 Scenario 3 

Renewable energy accommodation rate 

(%) 
94.6 88.3 91.5 

Average operating cost (CNY/MWh) 312 331 321 
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A renewable energy accommodation rate of 94.6% is attained under Scenario 1, rep-

resenting an increase of 6.3 percentage points relative to Scenario 2 and 3.1 percentage 

points relative to Scenario 3. Meanwhile, the average operating cost is reduced from 331 

CNY/MWh under Scenario 2 to 312 CNY/MWh under Scenario 1, corresponding to a re-

duction ratio of 5.74%. The simultaneous improvement in both accommodation perfor-

mance and economic efficiency corroborates that the proposed scheduling strategy 

achieves a win-win outcome in terms of clean energy consumption and cost reduction. 

Figures 11–13 illustrate the overall optimal dispatch results of the VPP across the 

three scenarios, in which positive values denote power injection and negative values de-

note power absorption. 

 

Figure 11. Optimal VPP dispatch result under Scenario 1. 

 

Figure 12. Optimal VPP dispatch result under Scenario 2. 

 

Figure 13. Optimal VPP dispatch result under Scenario 3. 
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The dispatch schemes across all three scenarios follow the canonical peak-shaving 

and valley-filling pattern, and are divided into four operational stages according to 

source-load characteristics: 

Low-load period (00:00–06:00): Wind power output remains relatively low and pri-

marily serves the base air-conditioning load. Electricity is purchased by the VPP from the 

utility grid to charge energy storage systems and electric vehicles, storing energy for the 

subsequent peak load period. 

Load ramp-up period (07:00–11:00): Renewable generation is insufficient to satisfy 

the growing load demand. Energy storage systems are switched to discharging mode to 

supplement power supply and lower electricity procurement costs. Electric vehicles are 

off-grid during this period and do not participate in dispatch. 

Renewable generation peak period (12:00–16:00): Photovoltaic output reaches its 

daily maximum, and total renewable generation exceeds the load demand. Surplus elec-

tricity is absorbed by energy storage systems operating in charging mode, thereby avoid-

ing renewable curtailment. Electric vehicles remain off-grid during this period. 

Evening peak period (17:00–23:00): Photovoltaic output declines progressively while 

the load rises to its evening peak. Energy storage systems are discharged to provide peak 

shaving support from 17:00, and electric vehicles join the discharge upon grid connection 

at 19:00, collectively providing peak shaving support through 23:00. 

In comparison, a larger charge–discharge amplitude and more severe power fluctu-

ation are observed in Scenario 2, whereas milder fluctuation and more reasonable power 

distribution are achieved under Scenario 1. This discrepancy essentially arises from the 

fact that the response risk of each resource is quantified in Scenario 1 and aggressive dis-

patch schemes are avoided, yielding a more robust scheduling outcome. 

Figures 14 and 15 further compare the wind power and photovoltaic accommodation 

curves across the three scenarios, respectively. 

 

Figure 14. Comparison of wind power accommodation under three scenarios. 

For wind power, the accommodation gap across scenarios remains relatively stable 

throughout the day. The highest accommodation level is sustained under Scenario 1, with 

an average accommodated power of 3.96 MW, followed by Scenario 3 at 3.77 MW and 

Scenario 2 at 3.63 MW. This stable gap indicates that the scheduling success probability 

exerts a persistent influence on wind power consumption. 
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Figure 15. Comparison of photovoltaic accommodation under three scenarios. 

For photovoltaic generation, the accommodation gap exhibits a pronounced inverted 

V-shaped distribution: it widens with the rise of photovoltaic output and narrows as out-

put declines. The maximum gap occurs at 12:00, which aligns closely with the peak pho-

tovoltaic output. This pattern suggests that the advantage of the proposed method be-

comes more prominent under high renewable output conditions, as flexible resources can 

be mobilized more effectively to absorb surplus power. 

Overall, energy storage systems and electric vehicles fulfill the function of temporal 

energy shifting across all scenarios. Nevertheless, a higher renewable accommodation 

level and more rational output distribution are achieved under Scenario 1, which corrob-

orates the effectiveness of the proposed scheduling strategy. 

4.3. Robustness Verification and Algorithm Convergence Analysis 

To verify the robustness of the proposed method under varying parameter settings, 

single-factor sensitivity analysis is performed with respect to three key parameters: com-

munication channel capacity, dispatch price upper bound, and agent scale. 

Figure 16 depicts the variations in the average effective dispatch contribution coeffi-

cient and total VPP revenue as a function of the channel capacity scaling factor. 

 

Figure 16. Influence of channel capacity on average effective dispatch contribution coefficient and 

total VPP revenue. 

Overall, both indicators follow a monotonically increasing trend with the escalation 

of channel capacity, whereas the growth rate tapers off progressively, exhibiting a distinct 

marginal diminishing effect. 
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Specifically, when the channel capacity scaling factor is below 1.2, the total revenue 

rises sharply from CNY 54,120 to CNY 59,478, corresponding to a growth rate of 9.9%. 

Within this interval, communication delay serves as the primary bottleneck constraining 

scheduling performance, and the dispatch response failure probability can be substan-

tially reduced by upgrading channel conditions. When the channel capacity scaling factor 

exceeds 1.5, revenue growth decelerates markedly: an increase from 1.5 to 2.0 yields a 

revenue increment of merely CNY 777, representing a growth rate of 1.29%. At this stage, 

communication delay has been reduced to a low level, and the effective dispatch contri-

bution coefficient is predominantly constrained by the relative capacity weight, resulting 

in a notable decline in the marginal benefit of further communication condition improve-

ments. 

This variation pattern aligns with the Shannon–Hartley theorem and the underlying 

mechanism of the proposed probability model, which corroborates the model’s rationality 

from the perspective of sensitivity analysis. 

Figure 17 illustrates the variation profiles of VPP net revenue and renewable energy 

accommodation rate with respect to the upper bound of the internal dispatch price. 

In line with the theoretical derivation presented in Section 3, the net revenue of the 

VPP exhibits a monotonically increasing trend with the price ceiling, as the optimal dis-

patch price invariably settles at the upper bound of the feasible interval under positive 

marginal revenue. 

However, a divergent trend is observed for the renewable energy accommodation 

rate. When the price ceiling is below 500 CNY/MWh, the accommodation rate rises rapidly 

from 87.2% to 94.6%, corresponding to a growth rate of 8.49%. In this phase, additional 

schedulable capacity of flexible resources can be continuously mobilized via price eleva-

tion to absorb renewable energy. When the price ceiling exceeds 600 CNY/MWh, the ac-

commodation rate gradually stabilizes at approximately 95%, and further price incre-

ments exert a negligible effect on accommodation improvement. This is attributed to the 

fact that the schedulable capacity of each resource agent has reached its physical upper 

limit, such that higher prices fail to stimulate additional response capacity. 

 

Figure 17. Influence of dispatch price ceiling on net revenue and renewable accommodation rate. 

This finding indicates that an optimal balance interval exists between economic ben-

efits and renewable accommodation performance in price parameter configuration. 

Within the range of 500–600 CNY/MWh, both economic and environmental benefits can 

be effectively coordinated. 

Figure 18 depicts the variations in solution time and iteration count with respect to 

the scale of resource agents. 
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Figure 18. Influence of agent number on solution time and iteration times. 

Numerical results indicate that the solution time exhibits an approximately linear 

growth with the number of agents, while the number of iterations rises at a moderate pace. 

Specifically, as the number of agents increases from 5 to 50, the solution time for the 

24 h scheduling horizon grows from 0.21 s to 7.89 s, remaining within 8 s, whereas the 

number of iterations merely increases from 18 to 35. The near-linear growth of computa-

tional cost is attributed to the analytical optimal response formulation of each agent under 

the backward induction framework, which circumvents the curse of dimensionality in-

duced by centralized optimization. 

This finding confirms that the proposed algorithm features favorable computational 

scalability. It can sustain high solution efficiency even for medium-scale VPP systems, 

thus satisfying the real-time requirements of practical engineering applications. 

Figure 19 illustrates the convergence process with dual vertical axes, where the left 

axis corresponds to the VPP net revenue and the right axis corresponds to the maximum 

capacity deviation across all agents. 

 

Figure 19. Convergence curve of the backward induction algorithm. 

It can be observed from the figure that the VPP net revenue rises monotonically as 

the iteration count increases, whereas the maximum capacity deviation declines continu-

ously throughout a smooth, oscillation-free convergence process. 

Quantitatively, the algorithm attains engineering convergence after 18 iterations, 

with the net revenue stabilizing at approximately CNY 58,313 and a relative error below 

0.01%. Upon reaching 20 iterations, the maximum capacity deviation falls to the magni-

tude of 10−4 MW, which fully satisfies the precision criteria for power system scheduling. 

The monotonic convergence observed in the case study is consistent with the concavity of 
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each individual agent’s objective function and the strict concavity of the Stage 1 VPP rev-

enue function, indicating that the algorithm can provide reliable scheduling solutions for 

the VPP system studied in this paper under the given parameter settings. 

To further verify that the coupled Nash–Stackelberg equilibrium reached in the case 

study is unique and stable, the best-response procedure was re-launched from five mark-

edly different initial capacity profiles. 

As shown in Figure 20a, every start converges to the identical equilibrium revenue 

of CNY 58,313, with a relative gap below 0.01% after 18 iterations; the corresponding max-

imum cross-agent capacity mismatch in Figure 20b decays smoothly and without oscilla-

tion to the 10−4 MW tolerance within 20 iterations. Together with the strict concavity of 

every follower objective and the strict concavity of the Stage 1 objective, this multi-start 

consistency provides numerical evidence that the equilibrium of the studied system is 

unique and stable. 

 

Figure 20. Multi-start verification of the coupled Nash–Stackelberg equilibrium. 

Figure 21 examines the analytical behavior of the execution-reliability model. 

 

Figure 21. Analytical behavior of the execution-reliability model. 

As shown in Figure 21a, the execution reliability decreases monotonically with the 

reported data volume Di, while a larger channel capacity 1G
 shifts the entire curve up-

ward; under the baseline 1G
 = 10 Mbps, 2G

 = 1.2, and T = 0.5, it remains above 0.88 over 

the payload range of the five agents. Figure 21b shows that it rises with the channel-ca-

pacity scaling factor with a diminishing marginal gain, which is consistent with, and sup-

plies the probabilistic basis for, the revenue trend in Figure 16. These results confirm that 

Equation (7) is well behaved over the entire parameter range of the case study and that 

the conclusions are not tied to a particular choice of communication parameters. 
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Figure 22 maps in closed-form the electric vehicle composite reliability defined by 

the corresponding governing equations across a joint, empirically plausible compliance 

domain. 

 

Figure 22. EV composite execution reliability response surface over the joint compliance domain. 

As the underlying expression constitutes a linear mixture, the resulting response sur-

face forms a plane featuring parallel, equally spaced contours. The composite reliability 

remains confined within a fixed interval, varies monotonically with both compliance co-

efficients, and exhibits no interior extremum or abrupt variation, while the baseline oper-

ating point sits close to the domain center. This bounded, smooth behavior demonstrates 

that the observed electric vehicle revenue improvement is robust to realistic uncertainty 

in estimated compliance rates, instead of being dependent on specific point estimates. 

Quantitatively, perturbing both compliance rates simultaneously by ±0.05—a band wider 

than the statistical confidence interval of the estimates—moves the EV composite reliabil-

ity only within [0.730, 0.819] about the baseline 0.774, leaving its sign, ordering, and the 

interior equilibrium unchanged. 

To further validate the EV-specific contribution, closed-form sensitivity analyses are 

performed for the six EV parameters, separated according to the model layer at which 

each acts, as shown in Figure 23. 

 

Figure 23. Closed-form strategic-layer sensitivity of the EV agent. 

At the strategic/probability layer, the orderly/V2G share affects composite reliability 

linearly: as it runs from all-V2G to all-orderly, the EV self-provision probability spans 

[0.667, 0.845] and passes through the baseline 0.774, remaining bounded and positive 

throughout. The V2G unit degradation cost does not alter declared capacity at this layer; 

it only shifts net revenue and the individual-rationality threshold. Even when this cost is 

varied from half to double its baseline, and the V2G dispatch is conservatively set to its 

physical upper bound, the EV participation net gain over independent operation falls by 
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at most 24.5% and stays strictly positive, so EV participation is robust to degradation-cost 

uncertainty. 

At the physical layer, because the fleet may repeatedly charge and discharge within 

its grid-connected window, its maximum daily V2G energy is a deterministic envelope 

obtained directly from the energy balance and the cycle-life limit, with no re-optimization, 

as shown in Figure 24. 

 

Figure 24. Maximum daily deliverable V2G energy envelope. 

At the baseline setting (initial SOC 0.30, departure SOC 0.80, 12 h window, 8 MWh/4 

MW fleet), the fleet can deliver at most 3.47 MWh of V2G energy, for which the active 

bound is the daily cycle-throughput limit, whereas the charge/discharge time and SOC-

range limits remain slack. Raising the initial SOC from 0.20 to 0.50 enlarges the envelope 

from 3.07 to 4.25 MWh; raising the required departure SOC from 0.70 to 0.90 reduces it 

mildly from 3.86 to 3.07 MWh; and the envelope saturates once the window exceeds only 

about 2.1 h, so the reported 19:00–07:00 window—and indeed any 8–16 h window—lies 

well inside the flat region. Scaling the fleet rescales the envelope linearly. Across all re-

ported neighborhoods, the physical envelope therefore remains ample and never binds 

the strategic interior optimum, confirming that the differentiated EV scheduling result 

and the riskier-but-profitable V2G statement do not hinge on the single chosen fleet, SOC, 

or window setting. 

4.4. Monte Carlo Robustness Verification Under Stochastic Scenarios 

To verify the actual operational performance of the proposed scheduling strategy 

when facing stochastic dispatch execution failures, a large number of random scenario 

simulations are carried out based on the Monte Carlo method, and the statistical charac-

teristics and risk levels of key operation indicators are quantitatively evaluated. 

The selected representative day spans all three canonical net-load regimes: night-

time wind surplus with charging (00:00–07:00), the midday photovoltaic peak (11:00–

14:00), and the evening load peak with V2G discharge (19:00–22:00), while the five agents 

cover the four functional types of generation, storage, mobile storage (EV), and controlla-

ble load. Its representativeness is supported in two further ways. First, the equilibrium 
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admits the closed forms of Equations (49) and (55), so the interior optimum and the reve-

nue ordering are structural results that hold for any profile within the analyzed parameter 

bands rather than for one specific trajectory; the dedicated sensitivity analyses on channel 

capacity (Figure 16), price ceiling (Figure 17), agent number (Figure 18), EV compliance 

(Figure 22), and the six EV physical/strategic parameters (Figures 23–24) already sweep 

the corresponding parameter space. Second, source/load forecast error, distribution-net-

work congestion, and price uncertainty are uncertainty sources orthogonal to the commu-

nication execution failure studied here and are addressed by established stochastic, ro-

bust, or chance-constrained formulations [33–35] that can be combined with the proposed 

reliability term; consistent with the scope stated in Section 2, transient network constraints 

are handled by the lower multi-period layer, and their explicit co-optimization is left to 

future work. The Monte Carlo study below therefore targets the execution-failure dimen-

sion specific to this paper. 

By this rule, the Monte Carlo trial reproduces the agent-specific reliability of Equa-

tion (7) rather than a data-independent constant. Figure 25 confirms the agreement: over 

1000 trials, the empirical success frequency of every agent lies on the 45° line within its 

95% binomial confidence band. This is a model-consistent robustness check, not an inde-

pendent empirical test of the Poisson assumption. The specific simulation process is as 

follows: 

 

Figure 25. Consistency between the Monte Carlo trial and the analytical model. 

Take the optimal dispatch scheme obtained by deterministic optimization as the 

baseline plan, including the scheduled capacity of each resource agent in each time period. 

For each agent in each period, draw the effective service margin X~Exp(T) and de-

clare success if and only if X ≥ 

 =
1 2

i
i

D
t

G G
; otherwise, the agent’s schedulable capacity 

cannot be executed. By construction, the failure probability is exactly 1−Ps,i in Equation (2). 

Post-failure re-dispatch. When an agent fails, a cost-ordered recourse preserves the 

power balance of Equation (21): the imbalance is first re-allocated among the online flexi-

ble agents in proportion to their ηi, then covered by upstream-grid reserve; renewable 

curtailment and relaxation of the controllable-load comfort band are used only as last re-

sorts, and any mismatch still remaining is recorded as power imbalance, whose relative 

frequency is the reserve shortage probability. The SOC and indoor-temperature states are 

then re-propagated from the re-dispatched power. Hence, the 0.32 MW average imbal-

ance, 1.12% violation time ratio, and 1.20% reserve shortage probability in Table 6 are 
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residual post-recourse quantities, confirming that the schedule together with this recourse 

chain closely tracks feasible VPP operation under random execution failures. 

Calculate the actual operation state of the system based on the actual response capac-

ity, including power balance, renewable energy curtailment, energy storage SOC, indoor 

temperature, and net revenue. 

Repeat the above random sampling and operation calculation 1000 times to obtain 

the sample set of operation indicators, and count the distribution characteristics, confi-

dence intervals, and risk indicators. Following standard practice in power system Monte 

Carlo analysis, 1000 independent trials are conducted to ensure stable estimation of the 

mean and dispersion of key operation indicators. 

Two scheduling schemes are compared in the test: the proposed method (Scenario 1) 

and the conventional method without considering execution reliability (Scenario 2), to 

highlight the robustness advantage of the proposed method in stochastic scenarios. 

Table 6 summarizes the statistical characteristics of core operation indicators under 

1000 Monte Carlo simulations, including mean value, standard deviation (SD), and 95% 

prediction interval (PI), where the PI is defined as mean ± 1.96·SD and covers approxi-

mately 95% of the simulated outcomes. 

Table 6. Statistical characteristics of core operation indicators under Monte Carlo simulation. 

Indicator Scenario 1 (Proposed) Scenario 2 (Conventional) 

 Mean Std. dev. 95% PI Mean Std. dev. 95% PI 

VPP net revenue (CNY) 58,127 512 [57,124, 59,130] 55,219 894 [53,466, 56,972] 

Average power imbalance (MW) 0.32 0.11 [0.10, 0.54] 0.59 0.23 [0.14, 1.04] 

Renewable curtailment (MWh) 7.82 1.25 [5.37, 10.27] 14.26 2.74 [8.89, 19.63] 

Dispatch failure capacity ratio (%) 3.18 0.87 [1.47, 4.89] 7.45 1.62 [4.27, 10.63] 

Constraint violation time ratio (%) 1.12 0.56 [0.02, 2.22] 2.68 1.03 [0.66, 4.70] 

Reserve shortage probability (%) 1.20   5.80   

Note: The 95% prediction interval (PI) for continuous indicators is defined as mean ± 1.96·SD. The 

reserve shortage probability is the relative frequency across 1000 trials, with 95% confidence inter-

vals of [0.53%, 1.87%] for Scenario 1 and [4.35%, 7.25%] for Scenario 2. 

The statistical results show that the mean value of VPP net revenue under Monte 

Carlo simulation is highly consistent with the deterministic optimization result, which 

verifies the accuracy of the expected value model established in this paper. Compared 

with the conventional method, the standard deviation of net revenue of the proposed 

method is reduced by 42.7%, and the width of the 95% prediction interval is narrowed by 

42.8%, indicating that the revenue fluctuation is significantly smaller and the operation 

stability is stronger. The average power imbalance, renewable curtailment, and dispatch 

failure ratio of the proposed method are all significantly lower than those of the conven-

tional method, which confirms that considering execution reliability in the scheduling 

stage can effectively reduce the deviation between actual operation and planned dispatch 

and improve the controllability of the operation state. The constraint violation ratio and 

reserve shortage probability are maintained at a low level under the proposed method, 

which means that the scheduling scheme has stronger adaptability to random execution 

failures and can better guarantee the safe operation of the system. 

Because the EV is the only agent subject to both communication failure and user non-

compliance, their simultaneous occurrence is examined in closed form through the prod-

uct Ps,EV = Ps,base[m roc + (1 − m) rV2G]. Taking halved channel capacity (Ps,base falling from 

0.890 to 0.792) as the communication stress and a 0.05 reduction in both compliance rates 

as the behavioral stress, the single stresses lower Ps,EV from 0.774 to 0.689 and 0.730, re-
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spectively, whereas their joint occurrence lowers it to 0.649; even under the extreme com-

bination of quarter channel capacity and a 0.10 compliance drop, it remains 0.483. Because 

the two factors enter multiplicatively, the joint effect is bounded by their product and ex-

hibits no catastrophic interaction: Ps,EV stays positive, and the interior equilibrium together 

with the revenue ordering S1 > S3 > S2 is unchanged, confirming robustness to simultane-

ous communication and compliance failures without an additional simulation run. 

4.5. Comparison with Established Scheduling Approaches 

To position the proposed framework relative to established paradigms rather than 

only the internal ablation scenarios, Table 7 compares it with three representative VPP/EV 

scheduling methods: two-stage distributionally robust optimization with EV virtual en-

ergy storage [33], a CVaR-based VPP–EV Stackelberg game [34], and information-gap de-

cision theory (IGDT) bi-layer EV scheduling [35]. 

Table 7. Structural comparison of the proposed framework with established VPP/EV scheduling 

approaches. 

Aspect DRO + EV−VES [33] CVaR Stackelberg [34] IGDT bi-Layer [35] Proposed 

Uncertainty 

modeled 

source/load forecast er-

ror, Wasserstein ambi-

guity set 

EV charge–discharge 

behavior, CVaR tail risk 

renewable output, 

info-gap interval 

communication-induced exe-

cution failure, Poisson/exp 

EV/V2G treat-

ment 

EV as virtual energy 

storage 

differentiated 

charge/discharge under 

CVaR 

spatial-temporal EV 

dispatch 

orderly vs. V2G differentiated 

by compliance 

Decision struc-

ture 

single-operator two-

stage, C&CG 

VPP–EV Stackelberg, 

PSO iteration 

bi-layer cost minimi-

zation 

two-stage Stackelberg, closed-

form best response 

Per-agent execu-

tion reliability 
No No No Yes, explicit Ps,i 

Closed-form 

equilibrium 
numerical C&CG numerical PSO numerical bi-level yes, Equations (49) and (55) 

Post-failure re-

course 
No No No 

yes, re-dispatch chain + MC 

consistency  

These established methods are effective for hedging source-load forecast error, EV 

behavioral risk, and renewable-output interval uncertainty, respectively, but they all im-

plicitly assume that, once a schedule is issued, every resource executes it perfectly; none 

carries a per-agent probability that declared capacity fails to be delivered because of com-

munication constraints, and none provides a post-failure recourse. The proposed execu-

tion-reliability modeling is therefore orthogonal and complementary to stochastic, robust, 

or chance-constrained formulations, which could be combined with it in future work. A 

same-system quantitative anchor is given by the ablation in Table 4: Scenario 2 removes 

the reliability/weight coupling and thus reproduces exactly the perfect-execution assump-

tion shared by the benchmarks above, whereas the full Scenario 1 raises total revenue by 

4.74% over Scenario 2 (and by 2.18% over Scenario 3, which omits only the relative 

weight), with the Monte Carlo results of Table 6 confirming the gain under random dis-

patch failure. 

Because the methods of ref citation [33–35] are evaluated on different test systems 

and datasets, a direct cross-system numerical ranking would not be meaningful; accord-

ingly, we restrict our superiority claim to the communication-constrained VPP setting and 

the specific scenarios examined here, and present the structural comparison as evidence 

that the reported advantage stems from explicitly accounting for execution reliability ra-

ther than from the particular form of the scheduling-success function. 
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5. Conclusions 

To address scheduling deviations caused by heterogeneous response reliability of 

generalized demand-side resources in VPPs, this paper proposes a two-stage optimal 

scheduling framework embedded with the effective dispatch contribution coefficient, 

which explicitly quantifies the differentiated execution risks between EV orderly charging 

and V2G modes. 

From the modeling perspective, the two-dimensional model coupling relative capac-

ity weight and dispatch execution reliability builds a quantitative bridge between com-

munication uncertainties and economic scheduling decisions. The dual-mode perfor-

mance coefficient designed for EVs avoids the oversimplification of treating EV fleets as 

static energy storage units, enabling a more accurate depiction of the practical scheduling 

execution features of mobile user-side resources. 

Methodologically, the leader–follower game scheduling model is decoupled via 

backward induction, and the analytical optimal dispatch price is rigorously derived via 

KKT conditions. The computational cost of the solution framework grows approximately 

linearly with the number of agents, exhibiting near-linear scalability for medium-scale 

VPPs; extension to large-scale VPPs requires further validation. It provides reliable deci-

sion support for day-ahead VPP optimal scheduling under the tested parameter settings. 

Case study results demonstrate that compared with the conventional benchmark 

strategy, the proposed method increases the total VPP net revenue by 7.43%, raises the 

renewable energy accommodation rate by 6.3 percentage points, and reduces the average 

operating cost by 5.74%. EVs deliver the highest revenue growth rate of 5.10% among all 

resource types. Monte Carlo stochastic simulation further confirms that it can effectively 

suppress operational fluctuations and downside risks under random execution failures, 

with strong robustness. 

For practical engineering deployment, the method requires dedicated power com-

munication infrastructures with stable channel capacity as the basic guarantee for dis-

patch execution reliability. In the implementation process, attention should also be paid 

to challenges including user participation willingness guidance, standardized access to 

heterogeneous resources, and operation data security, to ensure safe and efficient system 

operation. 

Future work will extend the proposed framework to scenarios involving the dynamic 

evolution of user participation willingness and multi-energy coupling operation, to sup-

port efficient VPP operation and vehicle-grid integrated smart energy systems under high 

renewable penetration. 
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