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Abstract

Under China’s dual carbon goals, the surging summer demand for air conditioning (AC)
has widen the power grid’s peak-to-valley difference, posing challenges to conventional
supply-side solutions. To address this issue, effective demand-side coordination is essen-
tial. However, existing demand response schemes typically optimize single resources in
isolation and overlook the dynamic evolution of user participation. This study proposes
a price-guided coordination mechanism integrating vehicle-to-grid (V2G) and AC loads
to establish a closed-loop value chain among the grid, aggregators, and users. A bi-level
optimization framework is developed to balance the interests of these stakeholders. The
model incorporates a V2G discharging willingness component that considers user psy-
chology and battery degradation, as well as an AC response model reflecting thermal
comfort. Simulation results demonstrate that the proposed mechanism effectively mitigates
peak loads and narrows the peak-to-valley difference while enhancing off-peak electricity
consumption. It accommodates the spatiotemporal and user-type heterogeneity of response
behaviors, yielding notable economic gains for all participants. This research validates a
comprehensive strategy for improving grid flexibility, protecting stakeholder interests, and
optimizing user engagement, offering both theoretical insight and practical guidance for
diversified resource integration.

Keywords: demand response; V2G; air conditioning; coordination; bi-level optimization;
price mechanism

1. Introduction

The ongoing urbanization process in China has led to substantial growth in air condi-
tioning (AC) loads during summer and winter, making them major contributors to peak
electricity demand. Empirical studies demonstrate that in certain regions, AC loads account
for over 40% of total electricity consumption during summer peak hours [1,2]. Traditional
approaches to maintaining grid stability primarily rely on expanding generation capacity,
typically through the installation of additional gas turbines. However, this method presents
several limitations, including high capital investment, long construction periods, low an-
nual utilization rates [3], and limited economic viability. Under China’s dual carbon targets,
the development of conventional thermal power generation, particularly coal-fired power
plants, faces increasing restrictions. Statistical evidence indicates a consistent decline in
the proportion of thermal power within the installed capacity mix [4,5], prompting system
operators to explore more flexible and cost-effective regulatory alternatives. As a result,
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leveraging demand-side flexibility for adaptive peak load management has become a key
research focus in the field of power system optimization.

The electric vehicle (EV) market has experienced rapid and sustained growth in recent
years. EVs and AC loads exhibit a highly correlated spatiotemporal distribution across
various application scenarios, such as commercial buildings, campuses, and residential
communities, where both can be categorized as destination-oriented energy resources [6,7].
Notably, vehicle-to-grid (V2G) technology effectively harnesses the energy storage potential
of EVs during parking periods, offering distinct advantages including minimal spatial
requirements, significant regulation capacity, and low marginal costs. These characteristics
establish a technically feasible and economically viable pathway for coordination between
heterogeneous load types.

Price-based mechanisms constitute a fundamental approach for engaging consumers
in demand response programs and have demonstrated significant potential in motivating
participation from distributed resources such as V2G and AC users. Well-designed pricing
schemes, including time-of-use tariffs, real-time pricing, and direct subsidies, can effectively
shape user charging and discharging behaviors [8-10]. However, most existing studies
adopt a single-stakeholder perspective, focusing exclusively on grid operational require-
ments [11], aggregator profit [12], or user economic and comfort preferences [13]. Such an
isolated focus prevents the comprehensive alignment of interests among all stakeholders.
Although a number of studies have attempted to integrate the objectives of grid operators,
aggregators, and end-users, for instance, by minimizing peak-valley differences while
improving participation rates [14], optimizing net power exchange and carbon emissions
in distributed energy systems while reducing battery degradation costs [15], or balancing
aggregator revenues with user electricity costs [16]. The predominant research emphasis
remains on the response characteristics of individual resource types, particularly AC loads.
This narrow scope tends to overlook both the spatial-temporal coupling effects and the
coordination among multiple flexible resources. Demand response mechanisms designed
for coordinated operation of V2G and AC loads are still in early stages of development,
lacking well-developed market architectures and mature pricing mechanisms for multi-
resource coordination. In particular, there is a scarcity of in-depth research on integrated
strategies that simultaneously incentivize both resource types while aligning the divergent
interests of various stakeholders. This gap continues to hinder the realization of operational
synergies and the full exploitation of demand-side flexibility in modern power systems.

The decision-making process for V2G and AC users regarding discharging behavior
or load adjustment is inherently complex and influenced by multiple interrelated factors.
Key determinants include incentive levels, psychological preferences, and battery degra-
dation costs [17,18]. For AC loads, variables such as household income, thermal comfort
requirements, and user demographic characteristics significantly affect price response,
exhibiting pronounced user heterogeneity [19]. In the case of EVs, battery degradation
costs [20] and travel demand [21] constitute crucial determinants influencing user partic-
ipation in discharging activities. Although existing studies have attempted to develop
user response models, most retain oversimplified models, typically employing price or
single cost components as core variables [22], while overlooking the combined influence
of psychological, behavioral, and technical dimensions. Consequently, these models fail
to accurately capture the intrinsic complexity of actual user decision-making processes.
Therefore, developing sophisticated, multi-dimensional behavioral response models that
incorporate user heterogeneity constitutes a crucial research direction for enhancing the
coordination between V2G and AC loads.

Addressing these research limitations, this paper first systematically examines both
qualitative and quantitative aspects of the necessity and feasibility of coordinating des-
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tination AC and V2G loads from the perspectives of grid regulation requirements and
resource spatiotemporal characteristics. Building upon this foundation and targeting the
coordination requirements of AC and V2G resources, a dynamic price-guided coordination
mechanism is proposed to establish a closed-loop value transfer framework connecting
the grid, load aggregators, and end-users. Within this framework, a bi-level optimization
game model is developed to facilitate the coordination of V2G and AC loads. This model
incorporates utility functions of multiple stakeholders, including the grid, load aggregators,
and consumers. Simultaneously, it introduces a V2G discharging willingness model that
captures user price elasticity, behavioral psychology, and battery degradation costs. In
parallel, an AC response willingness model is formulated to account for users’ thermal
comfort preferences, thereby enabling a more refined representation of heterogeneous user
response behaviors. Finally, case studies are conducted to validate the effectiveness of the
proposed mechanism. The results demonstrate its superior performance in enhancing social
welfare, ensuring individual rationality, improving user experience, and strengthening
demand response efficiency. These findings provide both a theoretical foundation and
methodological guidance for coordination strategies applicable to other heterogeneous
demand-side resources.

2. Problem Definition and Motivation
2.1. Characteristics of EV and AC Loads

With the continuing advancement of urbanization, AC loads and destination charging
loads exhibit a peak-on-peak phenomenon, thereby exacerbating stress on the power grid.
AC loads constitute a major contributor to peak electricity demand in both summer and
winter seasons. These loads are characterized by high temperature sensitivity and low
demand elasticity, primarily owing to their strong association with human thermal comfort
requirements. Empirical studies indicate that grid load rises sharply with increasing
ambient temperatures, particularly when outdoor temperatures climb from 33.3 °C to
44.4 °C [23]. Data from Shanghai show that cooling loads in residential and commercial
buildings account for more than 30% of the total load during peak hours in both summer
and winter [24]. The comparative relationship between typical daily grid load and AC load
is illustrated in Figure 1.
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Figure 1. Comparison of typical daily grid load and AC load curves in Shanghai in summer.

Regarding charging loads, destination charging constitutes a critical component of EV
charging load, characterized by both a large user base and considerable load magnitude.
Destination charging refers to charging activities conducted by EV owners at locations
where people spend extended periods of time, such as offices, commercial buildings,
and residential communities [25]. Empirical data from Shanghai indicate that on typical
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working days, destination charging in residential and office areas accounts for up to 70%
of the total public charging load. The temporal variation in the proportion of destination
charging throughout the day is illustrated in Figure 2.
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Figure 2. Ratio of destination charging load to total charging load.

The independent regulation of AC loads faces several inherent limitations, including
unidirectional adjustment capability, the sacrifice of users’ comfort, and restricted flexibility.
Current AC load management strategies primarily rely on adjusting operational parameters
or improving equipment efficiency. Although such measures can achieve peak load shaving,
they fail to enable valley filling and thus cannot promote the absorption of renewable
energy, thereby constraining AC flexibility. Moreover, prolonged limited power operation
frequently leads to user complaints due to degraded indoor comfort levels [26], which
further diminishes the adjustable potential.

EVs have now reached large-scale deployment, with V2G technology emerging as
an innovative solution to mitigate supply challenges posed by AC loads and enhance
grid operational flexibility. The principal advantages of the V2G approach are twofold.
First, EVs in destination scenarios exhibit strong spatiotemporal correlation with AC loads.
Specifically, residential users typically activate both household AC systems and V2G
equipment upon returning home in the evenings, whereas commercial facilities operate
central AC systems while simultaneously offering charging and discharging services for
employees’ vehicles during the daytime. By implementing coordinated load management
across these scenarios and leveraging V2G discharge capabilities, significant reductions in
grid peak demand can be achieved, ultimately achieving comprehensive peak shaving and
valley filling goals. The spatiotemporal distribution of user travel and charging behavior is
illustrated in Figure 3.

Second, compared with conventional AC load regulation methods such as temperature
setpoint optimization, V2G technology offers distinct advantages, including bidirectional
regulation capacity encompassing both peak shaving and valley filling, prolonged vehicle
parking durations, and considerable economic benefits. These characteristics establish
V2G as a high-quality, cost-effective flexibility resource for the power grid. A detailed
comparative analysis of these attributes is summarized in Table 1.

2.2. Spatiotemporal Coupling Characteristics

Both AC and V2G systems, as destination-based resources, share strong spatial and
temporal correlations and complement the temporal patterns of charging loads. This
inherent spatiotemporal coupling provides the physical foundation for leveraging V2G to
shave AC peak loads.
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Travel and Charging Spatiotemporal Distribution Analysis
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Figure 3. Spatiotemporal distribution of user travel and charging behavior.

Table 1. Comparison Between V2G and AC Loads.

Regulation Method Peak Shaving Valley Filling  Implementation Complexity User Experience
AC / (limited) X Low Sacrificing comfort
V2G . Y, Low Minimal user awareness,

negligible impact

Note: The symbols “1/” and “x” indicate the presence or absence of a specific capability, respectively.

To quantitatively assess the spatiotemporal coupling characteristics between AC loads
and EVs, this study introduces a set of evaluation indicators for measuring the coupling of
mobile energy resources. Specifically, a normalized similarity framework is proposed to
define two key metrics: the spatiotemporal coupling between AC load and discharging load,
and that between AC load and charging load. These metrics characterize the correlation
between the two types of resource across both temporal and spatial dimensions, satisfying
the following equations.

Ydis = 1- |P§ct - Nc*art‘ (1)
Yeh = 1 — [Paet — Pevyl 2)

where v4;s and 7y, represent the spatiotemporal coupling between AC load and discharging

*
act

AC load at time t; N7, , indicates the normalized value of parked vehicles at time ¢; and

P{y; represents the normalized charging load at time t. A higher 7 4;s indicates a greater

load, and that between AC load and charging load, respectively; denotes the normalized

degree of spatiotemporal overlap between vehicle parking rates and AC loads, implying
a stronger potential for V2G discharging to regulate AC loads. Conversely, a lower v,
reflects better temporal coordination between AC loads and charging loads, reducing the
risk of peak-on-peak load.

Normalized values are obtained using max-min normalization, which scales each
variable to the unit interval [0, 1]. For any variable V, the normalized value V" is calculated
as follows. v .

. + — min(V;) 3)

7 max(V;) — min(V;)

where V; represents the original value of the variable at time ¢, max(V;) and min(V;) denote
the maximum and minimum value of variable V, respectively.

Using data from Shanghai as a case study, the proposed evaluation indicators were
applied to quantify spatiotemporal coupling characteristics across different regions. The
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resulting heatmap, which illustrates the spatiotemporal coupling between residential and
office areas, is shown in Figure 4.

Temporal Correlation of Couple Load Profiles
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Figure 4. Spatiotemporal coupling heatmap of user traffic and charging behaviors in residential and
office areas.

The results indicate that, from the perspective of V2G discharge potential, y4;5 for both
residential and office areas, generally exceed 0.5. Specifically, y4;s in office areas exceeds
0.7 during the daytime AC load peak hours (08:00-16:00), whereas 7 4;s in residential areas,
demonstrate surpasses 0.7 during the evening AC load peak hours (19:00-24:00). These
findings reveal a strong spatiotemporal alignment between V2G discharge capability and
AC loads during these periods, suggesting significant peak shaving potential.

From the perspective of charging load coordination, v, in residential areas remains
below 0.5 during daytime hours (08:00-18:00), indicating effective temporal load shifting.
However, these values rise to above 0.6 during nighttime hours (22:00-24:00), suggesting
potential peak-on-peak risk caused by concurrent AC operation and EV charging. Similarly,
Yen in office areas exceeds 0.6 during morning commute hours (08:00-10:00) on weekdays,
implying the necessity of charging load peak-shifting to mitigate load superposition during
this period.

In summary, the analysis reveals substantial spatiotemporal overlap between EV
parking behaviors and AC loads. Without appropriate coordination, such an overlap could
intensify grid stress during peak hours. Therefore, there is an urgent need to develop an
efficient and cost-effective coordination mechanism between AC loads and charging loads.

3. Design of a Price-Guided Coordination Mechanism
3.1. Principles of Mechanism Design

To address the coordination challenges identified in Section 2, a price-guided coordi-
nation mechanism for integrating V2G and AC loads is proposed in this section. The core
of effective coordination lies in the formulation of a dynamic incentive pricing mechanism
that is scientifically grounded, reasonable, and sustainable. Such a mechanism should not
only encourage active user participation but also balance the interests of all stakeholders,
including the grid, aggregators, and users. The proposed coordination mechanism is built
upon three core principles, namely economic efficiency, consumer protection, and system
sustainability [27]. These mechanisms must balance efficiency with equity while ensuring
long-term operational sustainability.
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A.  Economic Efficiency Principle: This principle forms the core of electricity pricing
design and aims to maximize total social welfare. The value created through V2G and
AC load coordination originates from the collective contributions of multiple stake-
holders. Therefore, total social welfare should equal the sum of net benefits across all
participants, while ensuring that no individual participant incurs losses. This objec-
tive can be achieved through the construction and solution of optimization models.

B. Consumer Protection Principle: Serving as the cornerstone for maintaining user
participation and trust, this principle requires transparency and accessibility in
the determination of discharge electricity prices, real-time pricing, and historical
data. Furthermore, users who contribute equivalent value should receive equal
incentives, thereby preventing price discrimination and promoting both transparency
and fairness in the pricing process.

C.  System Sustainability Principle: This principle emphasizes the long-term financial
viability of the V2G model, particularly in relation to cost recovery mechanisms
for discharge pricing. This paper proposes that the system benefits arising from
V2G discharge, such as deferred investment in peak power generation capacity,
should be recovered by applying critical peak prices to non-V2G end-users during
peak hours. This approach establishes a beneficiary-pays virtuous cycle, prevents
cross-subsidization through the socialization of costs, and ensures the sustainable
development of V2G.

3.2. Closed-Loop Value Transfer Framework

To achieve efficient coordination between V2G and AC loads on the demand side, this
section establishes a closed-loop value transfer framework characterized by value-driven
incentives, price-guided coordination, and mutual beneficial outcomes for all stakeholders,
as illustrated in Figure 5. Centered on dynamic incentive pricing as the signal, this frame-
work integrates the entire value chain from the grid to aggregators and finally to end-users.
The enhanced benefits are ultimately fed back into the power grid, forming a closed loop
that ensures the sustainability of the model.

Power Grid Company
o . Price . Peak shaving and
Provide incentives signal Avoided cost valley filling

Aggregators | LA, LA, [IIIl | LA,

. Defer peaking Reduce peak load and
Price L.
Provide incentives sional power plant facilite renewable
= investment energy integration
AC AC, AC, [ITTT | AC,

Reduce charging load and
discharging during peak AC load
hours

Reduce capacity and energy charges,
and provide incentives

EV EV, EV, [I'll | EV,

——= Valueflow ———= Energyflow

Figure 5. Closed-loop value transfer framework among grid company, aggregators, and users.
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The primary stakeholders in demand-side resource coordination encompass the grid
company, aggregators, and end-users. The respective roles and revenue streams of each
party are outlined below.

A.  Grid Company: As the system operator, the grid company acts as both the initiator
of demand and the ultimate beneficiary of value generated through demand-side
coordination. Its key objectives involve ensuring system reliability, reducing overall
operating costs, and deferring grid infrastructure investments. By procuring flex-
ibility services from aggregators, it circumvents the need to dispatch insufficient
high-cost generators, thereby yielding significant economic gains from deferred capi-
tal expenditures and enhanced operational efficiency. The payments made for these
services are substantially lower than the costs of conventional alternatives, resulting
in positive net benefits.

B.  Aggregators: Serving as pivotal intermediaries that link the grid with distributed
end-users, aggregators pool dispersed V2G and AC resources and develop opti-
mal scheduling strategies in line with grid demand. Through effective resource
aggregation and coordination, they deliver high-quality demand response services
at costs below electricity market prices, earning margin-based profits. Their main
expenditures consist of incentive payments to end-users and operational platform
costs, while their revenue originates from electricity market settlements with the
grid company.

C.  End-Users: Comprising EV owners and AC users, end-users represent the ultimate
providers of flexibility. By responding to dynamic price signals from aggregators
and adjusting their charging, discharging, cooling, or heating behaviors, they re-
ceive financial compensation. For EV users, discharging during peak hours must
generate sufficient revenue to offset battery degradation costs and any loss of con-
venience. For AC users, moderately relaxing indoor temperature setpoints during
high-temperature peak hours yields energy-saving incentives or direct payments,
which should compensate for the temporary sacrifice in thermal comfort.

Within the closed-loop value chain involving the grid, aggregators, and users, the grid
functions as the upper-level decision-maker. With objectives focused on maximizing social
welfare, minimizing peak-to-valley load differences, and optimizing off-peak consumption,
it formulates optimal demand response incentive curves and transmits corresponding price
signals to lower-level decision-makers (i.e., aggregators). Aggregators, in turn, optimize for
both their own net benefits and those of end-users, jointly determining optimal charging and
discharging strategies while accounting for user responsiveness. The resulting discharge
power then feeds back into the upper-level optimization, directly influencing the upper
objective and ensuring iterative coordination.

4. Bi-Level Optimization Model of the Proposed Mechanism
4.1. Bi-Level Optimization Framework

To quantitatively implement the proposed mechanism, a bi-level optimization model
is developed. The upper level represents the grid company’s objective of maximizing total
social welfare and the proportion of off-peak electricity consumption while minimizing the
peak-to-valley load ratio. The lower level captures the aggregators’ benefit-maximization
behavior and user-side responses under price incentives. This bi-level game-theoretic
optimization structure is illustrated in Figure 6.
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Figure 6. Bi-level optimization model framework.

4.2. Upper-Level Grid Optimization Model
4.2.1. Objective Function of Upper-Level Model

The primary objective of the upper level is to maximize the total social net welfare,
defined as the sum of the net benefits for the grid company, aggregators, and all users,
while simultaneously minimizing the peak-to-valley load difference and maximizing the
proportion of off-peak electricity. To reconcile the non-commensurate nature of these
objectives, a max-min normalization procedure is implemented. The objective function is
expressed as follows.

Fup = min[—fiSW — fo/LFP — f3PLVT] 4)

Ath+fi=1 (5)

where f1, f», and f3 represent the corresponding weighting coefficients, and SW, LFP,
and PLVT denote the social welfare, peak-to-valley ratio, and proportion of off-peak
electricity, respectively. The weighting coefficients f1, f», and f3 are systematically derived
using the Analytic Hierarchy Process (AHP), which determines the final weights through
eigenvector calculation.

A. Social Welfare
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The social welfare is determined by the utility functions of the grid company, aggrega-
tors, and users, satisfying the following equation.

Nagg Nuser
SW = Ug + E Up;+ Z Uyser,i (6)
i=1 i=1

where N,go and Nyser represent the number of aggregators and users, respectively; ug is
the utility function of the grid company; 1, ; and . ; represent the utility functions of
the i-th aggregator and user, respectively.

(a) Utility Function of Grid Company

The utility function of the grid company is determined by the avoided costs resulting
from peak shaving and valley filling, offset by the incentive payments for demand response,
which can be expressed as follows.

Ug = ACCdr - Z Psh,t,iAtpdr,t (7)
teTge

where ACCy, represents the avoided cost due to load reduction, which is related to the
total response electricity; pq,; denotes the discharge price paid by the grid company to
aggregators during time period t; Py ;; represents the total peak-shaving power from V2G
users and AC users associated with the i-th aggregator during time period t; T4, indicates
the demand response period; and At is the time interval.

(b) Aggregator Utility Function

The utility function of an aggregator reflects the response subsidies received from the
grid company, the incentive payments provided to users, and the costs associated with
V2G equipment investment and operation and maintenance (O&M). The utility function
for the i-th aggregator satisfies the following equations.

n R .
— _C ) net,i,y 8
uA,l V2G,i +y;1 (1 + IRR)]/ ( )
Rnet,i,y = _OMVZG,i,y + Z Psh,t,i,yAt(Pdr,t - pinc,t) + CCsave,i,y (9)
teTge

M
Ccsave,i,y - Z APC,m,i,yPCa,m (10)

m=1

where Ryt represents the annual net revenue in year y; Cyzg and OMy;g represent
the initial investment and annual O&M cost of V2G equipment, respectively; CCsaye de-
notes annual savings from reduced capacity charges of the aggregator; pinc represents
the discharge electricity price paid by the aggregator to users during time period ¢; n
denotes the investment cycle in years; IRR indicates the internal rate of return; APc i,
represents the reduction in user electricity capacity in month m of year y; M indicates the
number of months; subscript i, y and m denotes the i-th aggregator, y-th year, and m-th
month, respectively.

(¢) Individual User Utility Function

The utility function of an individual user primarily depends on the incentives received
for participating in discharge activities and the cost of charging during off-peak hours,
satisfying the following equation.
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", ZT: (Psh,t,i,ypinc,t,i - Pdis,t,i,ypch,valley) At
€lge
u ,i =
- y; (14 IRR)?

(11)

where Pgyis; represents the discharging power of V2G users during time period ¢, and
Pch,valley denotes the charging electricity price during off-peak hours.

B.  Peak-to-Valley Ratio

LEP — Ppeak

(12)
P, valley

where Ppeax and Pygpey represent the maximum and minimum values of the total

load, respectively.

C. Proportion of Off-Peak Electricity

The proportion of off-peak electricity quantifies the share of total daily load consump-
tion that occurs during off-peak hours, expressed as follows.

v PAt
PLYT = —tShatley 17 (13)
Licty, DAt

where Tyap1ey denotes the off-peak hours, Tq,y represents the 24 h period, and Py indicates
the total load, including both AC loads and charging and discharging loads during time
period t.

4.2.2. Constraints of Upper-Level Model
A.  Security and Stability Constraints

To meet the requirements for power balance, generation output constraint, transmis-
sion line constraint, voltage stability, and overall system security, the following constraints
are formulated for the upper-level optimization model.

N

Ng Ngvy
121 Poenit + 121 Peyit— X (Pacit + Poad,t) — Plosst = 0

s.t. Pey, = Paisg — Pen,i (14)

B line,min k <h line k <h line,max,k
ui,min < ui < ui,max

where Pgep ) s denotes the active power of the I-th generator at time period £; Pac, indicates
the AC load of the I-th user at time period t; Pjo,q 1 represents other loads; Py ; signifies
the charging and discharging power of the [-th EVs, which can be positive or negative; P, |
represents the charging power of the I-th EVs; and Ng, Ngy, and Ni, denote the number of
generators, EVs, and loads, respectively. Py represents the power loss at time period .
Piine x represents the active power flow on transmission line k, constrained by upper and
lower capacity limits Pjine max k @Nd Pline min k- U; denotes the voltage magnitude at node i,
bounded within the allowable range U; max and U; min.

B. Incentive Price Mechanism Design Constraints

In accordance with the mechanism design principles outlined in Section 3, the dy-
namic incentive price model must satisfy the following constraints: price cap, individual
rationality, and fairness, formulated as follows.
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Pdr < Pdr_max

ug > 0

Up i >0,Vie Aagg
Uyser,i >0, Vi e Auser

(15)

where py, represents the demand response incentive price, bounded above by p4; max; and
Aagg and Ayser denote the sets of aggregators and users, respectively.

4.3. Lower-Level User Optimization Model
4.3.1. Objective Function of Lower-Level Model

The electricity price strategy transmitted by the aggregator to users aims to maximize
the joint net benefits of both aggregators and users, thereby achieving optimal coordination
between economic incentives and behavioral responses. The corresponding objective
function is expressed in the following equation.

Nagg Nuser
Fown = max Z up;+ Z Uyser,i (16)
i=1 i=1

where 1,4, i and uyser,; are detailed in Equations (8) and (11), respectively.

4.3.2. Constraints of Lower-Level Model

A. Power and Price Constraints

Given the operational limitations of V2G infrastructure, and the peak shaving and
valley filling objectives, discharging during off-peak hours is prohibited (i.e., the corre-
sponding discharge price is set to zero). Additionally, the discharging and charging power
should satisfy the following equations.

0< Pdis,t < Pdismax
0< Pch,t‘ < Pchmax
Pine,t < pdr,t

Psh,t = Pdis,t + PAC_sh,t

(17)

where Pgjs; and P, ; represent the discharge and charge power of the V2G equipment
during time period t, respectively; Pgis max and Pch max denote the maximum discharge and
charge capacities of the V2G equipment, respectively; Py, ¢, and Pac ¢n s represent the total
peak shaving power and the AC peak shaving power during time period ¢, respectively.

B.  User Response Willingness Constraints

The relationship between the peak shaving power and the incentive price of V2G and
AC users plays a key role in value transfer between the upper and lower levels.

For V2G users, participation in discharging is constrained by travel convenience,
battery degradation, equipment cost, and incentive prices. According to the consumer psy-
chology model [28,29], when the incentive price exceeds a threshold, the user’s responsivity
is proportional to the incentive price. This piece-wise linear formulation is widely adopted
in user response models due to its computational tractability in large-scale problems and
its effectiveness in capturing the aggregate response behavior. Therefore, the discharge
responsivity of vehicle users can be characterized as follows.

0 Pinc < Pth_dis
Adis = 9 Kais(Pinc — Pth_dis)  Pth_dis < Pinc < Ps_dis (18)
/\max_dis Pinc > Ps_dis
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where py,_g;s is the just noticeable difference (JND) for vehicle users, ps_gjs is the electricity
price saturation threshold, Ay, gis represents the upper limit of the vehicle users’ load
shifting ratio, and Kg;s is the slope of the linear region of the V2G piecewise linear function.

The relationship between the responsivity and the response energy is given by

Equation (19).
Eq

L. (19)

Adis =

t
Ed = f Pdis,TdT
" (20)
E. = f P Ch,TdT
to
where E. and E4 represent the charging electricity before coordination and the discharg-
ing electricity after coordination during peak hours, respectively, representing the time
integral of charging/discharging power. To resolve the potential circular dependency in
Equation (19), an iterative method is employed (see Figure 6). The process starts with
initializing the incentive price pinc, then determines Ag;5 and E4 through the user response
model, and iteratively solves the bi-level model until the incentive price converges.
For vehicle owners, the JND should exceed the incremental cost of V2G discharging.
This comprises both direct costs (e.g., battery degradation cost) and indirect costs (e.g., loss
of travel convenience, which is zero when the vehicle is not dispatched. Thus, the JND
satisfies the following equation.

Pth_dis > Closs (21)

where Cj,g5 represents the equivalent per-kWh battery degradation cost.
The equivalent per-kWh battery degradation cost is derived from the per-kWh depre-
ciation cost of the battery, which depends on the number of discharge cycles [30], satisfying

the following equation.
G

N (22)

Closs =

where N represents the battery cycle life, and C,, represents the battery cost per
unit capacity.

This simplified linear model is justified by the operational conditions assumed in this
study: (1) the limited discharge duration and low discharge power in destination scenarios
constrain the depth of discharge (DoD) to below 60%; (2) the C-rate is maintained below
0.5 C; and (3) the temperature is assumed to remain within the optimal operating range.
Under these constraints, a linear degradation approximation provides a reasonable balance
between model fidelity and computational tractability for coordination analysis [31,32].

For AC users, the relationship between the responsivity and incentive price simi-
larly satisfies the following equation. It is noteworthy that this formulation employs a
lumped-parameter model, which provides a computationally efficient representation of
aggregate AC load behavior for coordination studies, effectively balancing model fidelity

with tractability.
E,—E
Aac = == (23)

where E, and Ej, represent the electricity consumption during the peak hours before and
after executing the coordination mechanism, respectively.

The relationship between the AC responsivity and incentive price is calculated using
Equation (24).
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0 Pinc < Pth_AC

Aac = § Kac(Pine — Pth_ac)  Pih_ac < Pinc < Ps_AC (24)
/\max_AC Pinc > Ps_AC

where py, ac is the JND for AC users, ps_ac is the saturation value of the electricity price,
Amax_AC represents the maximum achievable load-shaving ratio of the AC load, and Kac is
the slope of the linear region of the AC load piecewise linear function.

C. EV Charging and Discharging Constraints

To ensure state of health and travel demand, the state of charge (SOC) during charging
and discharging operations is constrained within specified upper and lower bounds, as
expressed below.

EEV dis to (25)

SOCgy min < SOCgy+ < SOCEV,max

1 f 1 ¢
SOCgv,t = SOCgv,0 + +— (Uchf Pep,dT — Tf Pyis, rdT )
to

where SOCgy; and SOCgy denote the battery SOC at time t and at the initial charging time
to, respectively; Egy; represents the rated battery capacity of the electric vehicle; SOCgymax
and SOCgymin refer to the upper and lower SOC limits; and %, and 745 indicate the
charging and discharging efficiencies. The lower SOC limit is set to retain sufficient energy
to meet the user’s next travel demand.

5. Experimental Validation and Discussion
5.1. Parameter Settings

To verify the effectiveness of the proposed bi-level optimization model, the IEEE
14-bus system is adopted for analysis, as shown in Figure 7. In this figure, the arrows and
numbers represent electrical loads and bus numbers, respectively. Among them, the AC
loads and EVs are evenly distributed at Node 2 and Node 3.

A

2
@

Figure 7. IEEE 14-bus system model diagram.

A typical summer day in a selected region serves as the simulation scenario, with
the temporal distributions of AC load and charging/discharging load illustrated in
Figures 1 and 2, respectively. Based on historical user behavior data and a survey, the
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key parameters for the typical summer day are summarized in Table 2. These parameters
include time-of-use electricity prices for AC and EVs, upper limits of demand response
incentives, aggregator investment costs, and user response behavior parameters.

Table 2. Parameter Settings.

Stakeholders Parameter Value Parameter Value
Off-peak Hours [0:00,6:00]U[22:00,24:00] Peak hours [8:00,12:00]U[14:00,15:00]U[18:00,21:00]
Flat Hours [6:00,8:00]U[15:00,18:00]U[21:00,22:00] Critical peak hours [12:00,14:00]
Grid Companies Time-of-Use Electricity Price {critical peak, peak, flat, off-peak}
(CNY/KWh) = {1.45,1.17,0.68, 0.32} Par max L5CNY/kWh
Peak AC Load 20.15 million kW IRR 8%
Peak Charging Load 1.5 million kW / /
Ageregators V2G Investment Cost 700 CNY/kW V2G O&M cost 35CNY/kW
8gres V2G Service Life 8 years V2G Installed Capacity 2.8 million kW
) Charging and o
Kais [02,15] Discharging Loss 20%
Gy 600 CNY/kWh No 3500
Users Kac [0.05,0.1] Pth,AC 0
Amax_dis Vehicle Parking Percentage Amax_AC 0.2
Number of AC Users 42.5 million Number of V2G Users 600 k private users, 200 k office users
SOCmin 60% SOCmax 100%

On the grid side, the demand response program is activated when the total load
reaches 85% of the peak value. The corresponding demand response period runs from 09:45
to 17:15, aiming to reduce the peak AC load by approximately 15% to maintain system
reliability and supply adequacy.

For aggregators, the primary costs stem from the investment and O&M expenditures
of V2G infrastructure. To ensure economic feasibility, the revenue from participating in
demand response must be sufficient to offset these costs while maintaining a reasonable
profit margin.

For AC and V2G users, the relationship between incentive prices and responsivity,
along with the boundary regions, is derived based on the empirical user behavior pa-
rameters of both types of users, as depicted in Figure 8. Notably, the upper limit of the
V2G responsivity is not constant but is constrained by the time-varying vehicle parking
percentage, which does not exceed 1. This relationship is detailed in Figure 3. Assuming
that the user response behavior parameters follow a uniform distribution, Monte Carlo
random sampling is employed to simulate the response characteristics of AC and V2G
users. Considering thermal comfort constraints for AC users, the maximum responsivity is
limited to 20%.

5.2. Analysis of the Proposed Coordination Mechanism

To validate the effectiveness of the proposed coordination mechanism, three simu-
lation scenarios are designed for comparative analysis. The objective is to assess system
performance from multiple perspectives, including individual rationality, coordination
optimization, and overall economic efficiency. The scenarios are configured below.

Scenario 1 (Baseline Scenario): Only thermal generation units are invested in, without
implementing any load regulation strategies. In this case, conventional generation units are
dispatched to meet load demand. This scenario serves as a benchmark for evaluating the
economic efficiency and system performance of traditional capacity expansion approaches
relative to the proposed coordination mechanism in shaving peak loads.

Scenario 2: The proposed bi-level game model is employed, but only regulates AC
loads. In this scenario, demand-side management strategies are implemented to adjust AC
loads, evaluating the effectiveness of single-type flexible load regulation on system peak
shaving and its impact on user comfort.
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Figure 8. Relationship Between Incentive Prices and User Responsivity.

Scenario 3: The proposed coordination mechanism is implemented, enabling synergis-
tic regulation of both AC and V2G loads. This scenario leverages the proposed optimization
model to achieve coordination between AC and charging/discharging loads, examining its
comprehensive impacts on system flexibility enhancement, peak loads reduction, stake-
holder profitability, and users’ response willingness.

5.2.1. Grid Regulation Capability

Based on the bi-level optimization model and parameters established in Section 4, the
demand response incentive price curves for Scenarios 2 and 3, along with the corresponding
AC and charging/discharging load curves, are depicted in Figures 9 and 10, respectively.
As shown in Figures 9 and 10, the system regulation performance under the three scenarios
is compared in terms of peak-to-valley ratio and off-peak electricity consumption.

3% 104
Office AC Peak Shaving Load Scenario 1: Office Initial Load
Office Charging/Discharging Load Scenario 2: Office Load
Office AC Load 3: Office Load
2.5 Residential AC Peak Shaving Load Scenario 1: Residential Initial Load
Residential Charging/Discharging Load Scenario 2: Residential Load
Residential AC Load Scenario 3: Residential Load

Peak load: 20,414MW
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Pedk load: 19,435MW

2
£
5 1.5
(]
K]
14
Peak load: 7355MW
eak load: 6937MW
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Figure 9. Load Comparison for the Three Scenarios.
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Figure 10. Incentive Price Curve for Bi-level Optimization Model-based Demand Response.

In Scenario 1, where no demand-side control measures are implemented, the superim-
posed AC and charging loads yield a peak load of 20,410 MW and a valley load of 7610 MW.
The peak-to-valley ratio is 2.68, and the proportion of off-peak electricity is 25.4%.

In Scenario 2, applying demand response to AC loads only reduces the total AC load
by 1055 MW (comprising 637 MW in office areas, accounting for 5.1% of the regional AC
load of 12,480 MW, and 418 MW in residential areas, accounting for 5.3% of the regional AC
load of 79,200 MW). Consequently, the peak-to-valley ratio decreases to 2.55, representing
a 5% reduction compared with Scenario 1. Due to reduced electricity consumption during
peak hours, the proportion of off-peak electricity increases to 26%.

In Scenario 3, under the coordination mechanism, V2G discharging power reaches
1541 MW (including 342 MW in office areas and 1199 MW in residential areas), while AC
loads are reduced by 1055 MW. This yields a total peak load reduction of approximately
13%, and lowers the peak-to-valley ratio to 2.32, corresponding to a 13% reduction com-
pared to Scenario 1. By shifting some discharge energy to charging during off-peak hours,
the proportion of off-peak electricity increases to 30.4%, marking a 20% improvement
compared to Scenario 1. These results demonstrate that price-guided coordination be-
tween AC and V2G loads can effectively exploit the flexible demand potential, achieving
simultaneous peak shaving and valley filling. The coordination mechanism significantly
reduces system peak load and the peak-to-valley ratio, while increasing the proportion of
off-peak electricity.

Furthermore, from a spatial distribution perspective, during daytime peak hours,
residential AC load is lower than that of office areas, yielding a smaller adjustable potential
despite similar relative reduction percentages. In terms of V2G resources, the total V2G
resource in residential areas exceeds that of office areas, providing greater adjustable
capacity during peak hours.

5.2.2. Economic and Behavioral Analysis

The utility functions for the grid company, aggregators, and users are presented in
Figure 11. As shown in Figure 11, the economic outcomes for each stakeholder differ sub-
stantially across the three scenarios. In Scenario 1, which relies on investing in generation
units to secure power supply, no avoidable costs are generated; thus, the utilities for the
grid company, aggregators, and users are essentially zero.
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Figure 11. Utilities of the Grid Company, Aggregators, and Users.

In Scenario 2, where AC users participate in demand response, net benefits of approx-
imately 2.3 billion CNY and 3.2 billion CNY are brought to AC aggregators and users,
respectively. These benefits primarily originate from the incentive payments for load re-
duction. The peak-shaving benefit is equivalent to deferring roughly 17.3 billion CNY in
generation units and networks investment, achieving a total social welfare of 17.2 billion
CNY. This confirms that single-type load participation can yield meaningful yet limited
welfare improvements.

In Scenario 3, with both AC and V2G users participating in coordination, the ag-
gregator and user net benefits increase markedly to 6.2 billion CNY and 6.1 billion CNY,
respectively. The remarkable growth results from the synergistic effect of coordinated re-
sources, which unlocks greater peak-shaving capacity and creates additional V2G revenue.
The peak-shaving benefit is equivalent to reducing grid investment costs by approxi-
mately 45.9 billion CNY, providing a total social welfare of 45.4 billion CNY. Overall, the
closed-loop value transfer among the grid, aggregators, and users demonstrates significant
mutual economic benefits, ensuring the sustainable and self-reinforcing operation of the
coordination mechanism.

From the perspective of user experience, the response willingness of AC and V2G
users is illustrated in Figure 12. Figure 12 reveals distinct heterogeneity between AC
and V2G users. AC users’ participation in demand response entails a sacrifice in thermal
comfort; therefore, their response willingness rarely reaches 100%. In contrast, V2G users
are primarily constrained by battery degradation costs; when the revenue offsets these
costs, their response willingness can reach full participation. Under the given incentive
prices, the average response rates of AC and V2G users during the demand response period
are 13-16% and 75-85%, respectively.

These findings indicate that V2G users have certain advantages over AC users in terms
of user experience and response willingness. The proposed coordination mechanism can
effectively identify and utilize the heterogeneous response characteristics, thereby precisely
unleashing their adjustable potential. Furthermore, the average responsivity in residential
and office areas is constrained by time-varying parking availability, confirming the model’s
capability to capture spatial and behavioral diversity under uniform price signals.
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Figure 12. Response Rates of V2G and AC Users.

5.2.3. Spatiotemporal Coupling Evaluation

To validate the effectiveness of the proposed coordination mechanism in mitigating
the peak-on-peak phenomenon, the spatiotemporal coupling evaluation indicators in
Section 2.2 are employed. Considering that the spatiotemporal coupling of travel remains
unchanged, only the spatiotemporal coupling between charging loads and AC loads
in Scenario 3 is evaluated. The spatiotemporal coupling heatmap of user charging in
residential and office areas is shown in Figure 13.
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Figure 13. Spatiotemporal Coupling Heatmap of User Charging in Residential-Office Areas under
Scenario 3.

A comparison between Figures 4 and 13 reveals a substantial reduction in spatiotem-
poral coupling following the implementation of the coordination mechanism. Specifically,
in residential areas, the value of 7, during the nighttime hours (22:00-24:00) decreases
from above 0.6 to below 0.1. Similarly, in office areas, during weekday morning hours
(08:00-10:00), the value drops from above 0.6 to below 0.4. These results indicate that the
proposed coordination mechanism effectively alleviates the peak-on-peak problem caused
by the superposition of regional AC load and charging load.

6. Conclusions

Against the backdrop of the dual carbon goals, power systems are confronted with
rising electricity demand coupled with inefficient and high-cost peak-shaving methods.
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Traditional solutions, whether relying on single-type load regulation or generation-side
expansion, struggle to mitigate the growing peak-to-valley difference amid economic
and environmental constraints. To address this limitation, this study proposes a price-
guided coordination mechanism that effectively mobilizes demand-side flexibility, thereby
achieving cost-efficient peak load regulation. The main contributions and findings are
summarized as follows.

(1) The necessity and feasibility of coordination between V2G and AC loads were
systematically demonstrated. Both exhibit highly overlapping spatiotemporal distributions
in destination-based scenarios such as commercial buildings, campuses, and residential
communities. The advantages of V2G, including small coverage, substantial adjustable
potential, and low marginal regulation costs, provide a techno-economic foundation for
coordination with AC loads.

(2) A value transfer framework and a bi-level optimization model are developed to
achieve multi-stakeholder win-win outcomes. A dynamic incentive-driven closed-loop
value transfer mechanism is proposed, interconnecting the grid company, load aggregators,
and end-users. Based on this framework, a bi-level optimization model is developed
to balance stakeholder interests and realize multi-party win-win outcomes. The model
integrates behavioral and technical heterogeneity, explicitly considering AC users’ thermal
comfort preferences and V2G users’ battery degradation costs, thereby enhancing the
model’s realism and practical applicability for practical deployment.

(3) The proposed coordination mechanism demonstrates superior performance in
load management through multi-scenario simulations. Specifically, it achieves a 13%
reduction in peak load, a 13% decrease in the peak-to-valley ratio, and a 20% increase in
off-peak electricity consumption. Furthermore, the mechanism generates a total social
welfare of approximately CNY 45.4 billion, while deferring investments in generation
and transmission infrastructure and improving aggregator and user profitability, thereby
confirming its multi-win effectiveness and strong practical potential.

In summary, the proposed coordination mechanism offers a technically feasible and
economically efficient new pathway for enhancing demand-side flexibility and mitigating
peak load pressures in power systems. Its demonstrated efficacy in peak shaving and
stakeholder benefits are potentially transferable to other networks with similar demand-
side flexibility resources. Future research will further focus on incorporating the uncertainty
of renewable energy generation, refining heterogeneous behavioral modeling, detailed
battery degradation models, and developing multi-timescale coordination strategies to
further improve the robustness and scalability of the proposed mechanism.
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Abbreviations

The following abbreviations are used in this manuscript:

AC Air Conditioning

V2G  Vehicle-to-Grid

EV Electric Vehicle

JND  Just Noticeable Difference
O&M  Operation and Maintenance
SOC  State of Charge

DoD  Depth of Discharge

AHP  Analytic Hierarchy Process
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