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Abstract

INTRODUCTION: This paper addresses the challenges of integrating diverse customer-side resources into virtual energy
storage (VES) systems to enhance power system flexibility and renewable energy utilization.

OBJECTIVES: The study aims to develop an integrated framework for the identification and optimal scheduling of VES
systems, aggregating multi-type resources such as thermostatically controlled loads, electric vehicles, and distributed energy
storage systems.

METHODS: Quantitative models were established to characterize the operational features of each resource. A data-driven
clustering algorithm was employed to aggregate heterogeneous resources into unified VES units. A bi-level optimization

model was formulated to minimize the aggregator's operational cost while incorporating comfort penalty functions to
maintain user satisfaction.

RESULTS: Simulations across four scenarios (sunny, cloudy, high load, high EV penetration) demonstrated significant
improvements: the peak-to-valley difference was reduced by 21.6%-28.4%, photovoltaic utilization exceeded 98%, and
electricity purchase costs decreased by 4.8%—7.3%.

CONCLUSION: The proposed framework provides an effective and scalable approach for VES scheduling, significantly
enhancing renewable energy integration and operational flexibility in modern distributed power systems.
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1. Introduction flexible load scheduling [6]. Distributed energy resources

on the customer side, such as electric vehicles (EVs),
building air conditioning (HVAC) systems, and energy
storage systems (ESS), are regarded as potential "virtual
energy storage" resources due to their dispatch flexibility
and temporal controllability [7-9]. These resources can
provide functions similar to physical energy storage
without additional hardware investments, thereby enabling
grid load balancing and optimized dispatch [10,11].
Scholars both domestically and internationally have
conducted extensive research on Virtual Energy Storage

With the rapid global development of renewable energy,
power systems are facing increasingly severe challenges in
peak shaving and uncertainty [1-3]. The intermittent and
volatile nature of renewable sources such as wind and solar
energy leads to instability in power supply, particularly
during peak load periods, significantly increasing the
pressure on grid dispatch [4,5]. To address this issue,
traditional power system dispatch methods are gradually
shifting toward demand-side management (DR) and
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Systems (VES) [12-15]. Sivaneasan et al. proposed a
virtual energy storage capacity estimation method based on
demand response management, which assessed the virtual
storage potential of residential refrigerators and other
devices through simulations and mathematical models.
However, their modeling relies on empirical parameters,
making it difficult to accurately reflect the diversity of
devices and user behaviors [12]. Muessel et al. introduced
a deviation modeling-based representation method for
electric vehicle virtual energy storage, enabling scalable
resource aggregation. Nevertheless, this approach
primarily focuses on a single resource type and lacks
applicability for the coordinated scheduling of
heterogeneous resources [13]. Regarding building air
conditioning systems, Jin et al. investigated the virtual
energy storage potential of air conditioning loads coupled
with buildings, finding that it can effectively reduce
operational costs and carbon emissions. However, their
study mainly concentrated on a single building type and did
not fully account for the diverse needs of different user
groups [14]. Additionally, Fu et al. reviewed virtual energy
storage modeling methods and pointed out that most
existing research focuses on the control and optimization
of single resources, with insufficient attention to the
comprehensive identification and scheduling strategies for
multi-type customer-side resources [15].

In response to the aforementioned research status and
existing limitations, this paper proposes an integrated
framework for the identification of virtual energy storage
characteristics and operational optimization of diverse
customer-side resources. First, quantitative models of
virtual energy storage characteristics are established for
typical customer-side resources such as thermostatically
controlled loads, electric vehicles, and energy storage
systems, clarifying key parameters such as equivalent
capacity, charging/discharging power, and self-discharge
rates. Subsequently, a data-driven clustering algorithm is
employed to identify and aggregate heterogeneous
resources with similar characteristics, forming virtual
energy storage units. Finally, a bi-level optimization model
is constructed to minimize the total operational cost of
aggregators while ensuring user comfort. Simulation case
studies verify that the proposed method can effectively
identify virtual energy storage potential, achieve
coordinated scheduling and economic optimization of
multiple resources, and provide theoretical foundations and
technical support for the efficient application of virtual
energy storage systems.

2. Modeling of Virtual Energy Storage
Characteristics for Multi-Type Customer-
Side Resources

To accurately characterize the virtual energy storage
characteristics of diverse customer-side resources, this
paper establishes models for thermostatically controlled
loads, electric vehicles, and distributed energy storage
systems. Thermostatically controlled loads leverage
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thermal inertia to adjust power consumption without
significantly affecting user comfort, while electric vehicles
enable charging and discharging within available time
windows. Distributed energy storage systems exhibit well-
defined capacity and power constraints. By extracting key
parameters such as equivalent capacity,
charging/discharging power, self-discharge rate, and
temporal flexibility, this approach provides a unified
mathematical foundation for subsequent feature
identification, clustering analysis, and optimized
scheduling, while ensuring user comfort and practical
constraint feasibility.

2.1. Virtual Energy Storage Model for
Thermostatically Controlled Loads

Thermostatically controlled loads can achieve temporal
energy transfer through thermal inertia, thereby exhibiting
charging and discharging characteristics analogous to those
of energy storage systems. During power system
regulation, such loads can modulate their power
consumption in response to electricity price fluctuations or
changes in system load while maintaining user comfort,
thereby fulfilling the role of virtual energy storage [16,17].

Taking air conditioning load as an example, the dynamic
behavior of its indoor temperature can be described by a

first-order thermal balance model:
drn_z}u/_];n_ P (1)
dt RxC COPxC

Where Ti, represents the indoor temperature, 7o, the
outdoor temperature, R the building thermal resistance, C
the building thermal capacitance, P the cooling power, and
COP the coefficient of performance of the air conditioning
unit. This equation accounts for both the passive heat
exchange due to indoor-outdoor temperature differences
and the active cooling regulation provided by the air
conditioning system.

Based on the dynamic equations above, the equivalent
virtual energy storage parameters of thermostatically
controlled loads can be defined as follows:

Emax = C(Tmax _Tmin) (2)
Rate = P/COP (3)
k=1/RC “4)

Where E,. denotes the equivalent energy storage
capacity of the thermostatically controlled load,
representing the amount of thermal energy that can be
stored or released within the user-acceptable temperature
range; P, indicates the equivalent charging/discharging
power, reflecting the adjustable energy per unit time; k
represents the self-discharge rate, characterizing the rate of
energy dissipation when the load is inactive; and 7., and
Tmin correspond to the upper and lower comfort temperature
boundaries, respectively. Through these parameters, the
thermostatically controlled load can be abstracted as a
virtual energy storage unit with energy constraints, power
limitations, and self-discharge characteristics.
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Moreover, user comfort serves as a key constraint in the
regulation of thermostatically controlled loads. The
comfort sensitivity coefficient u; reflects the extent to
which users prioritize indoor comfort over energy cost
savings. Its value is typically determined from empirical
studies and behavioral surveys, generally ranging from 0.2
to 0.8 [18], where a higher value indicates stricter comfort
requirements and a lower value indicates greater flexibility.
It can be represented by a utility function:

1,7 <3, <T,

min =%in =% max

u (7:” ) {a(1—|Tm Ty Ty ~Tyin )s0therwise ©)

Where T,.; denotes the wuser’s preferred ideal
temperature, and o represents the comfort discount
coefficient. This utility function quantifies the comfort
level of thermostatically controlled loads at different
temperatures, and can be incorporated as either a constraint
or part of the objective function in optimization scheduling.

In summary, this model not only captures the dynamic
response characteristics and virtual energy storage
capabilities of thermostatically controlled loads, but also
incorporates power constraints, capacity limitations, self-
discharge properties, and user comfort considerations,
thereby providing a comprehensive mathematical
foundation for subsequent aggregation analysis and
scheduling optimization.

2.2. Virtual Energy Storage Model for
Electric Vehicles

EVs, as flexible demand response resources, can achieve
orderly energy temporal shifting by adjusting their
charging and discharging schedules in response to
electricity price signals. This capability enables peak
shaving and valley filling, demonstrating significant VES
characteristics [19]. To highlight the VES functionality of
EVs, existing studies predominantly develop models from
the perspectives of responding to grid price signals and
meeting user travel demands [20].

In the model, the daily driving distance and return time
of EVs follow a lognormal distribution. The parameters of
the lognormal distribution for daily driving distance and
return time of EVs are based on regional EV travel survey
data. To improve their representativeness at a national
level, these parameters are further adjusted using travel
behavior statistics from the China Transportation Research
Center. This allows the model to realistically reflect the
variability in EV usage, including differences in daily
travel distances and return times, which is essential for
accurately estimating EV availability for vehicle-to-grid
(V2G) services within the virtual energy storage
framework. While ensuring that the travel needs of vehicle
owners are met, the vehicles interact with the grid through
time-of-use electricity price incentives.

Using the Monte Carlo simulation method, the return
time of each EV #4i) can be compared with the end time of
off-peak pricing T, and the start time of peak pricing 7T
to determine the optimal start times for charging and
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discharging. According to the principle of "charging during
off-peak hours and discharging during peak hours," the
charging periods Tenars(i) and discharging periods Tichars(i)
for electric vehicle VES can be scheduled as follows:

T;‘hars (l) = t/(l)’o S ZL/’ (l) < T;ns (6)

Tns ,Tms ST/ (l.)<Tns

Tdchars (l) = { (7)

Ty (T, STy (<24

5 S

The discharge energy FEucha(i) and discharge duration
Tachar(i) of electric vehicle VES are determined by the total
battery capacity C.,, charging/discharging power P.,,
energy consumption per unit distance w, maximum depth
of discharge r, SOC limits, and daily driving distance S(i),
as expressed in the following formula:

Edchur (l) = mln{(SOCma\: - SOCmin )Cev - WS(l), rCev} (8)

Tyenar (1) = (SOC,,, = SOC,,,,)C,,JF,, ~wS(i)/ E, ®

min ev' " ev

Combining the charging and discharging constraints
during peak and off-peak electricity price periods, the
discharge end time Tuchare(i) and charging end time Tepare(i)
of electric vehicle VES can be calculated as follows:

Tdchare (l) = Tdc/mrs (l) + Tdc/mr (Z) (10)

Tighare ()
TLIIGVE (l) = 7‘(,‘/?/17‘5 (Z) + ( Z Pev + WS(Z)) / Pev (l 1)

1=Tchare (1)

The charging and discharging electricity of VES at
different time periods E..(?) and the virtual energy state
SOCEe(t) can also be dynamically calculated through
corresponding formulas:

T, .
T =Tohars »Ta =Tehare -charging
E, (0= P,.{ (12)

P =T ichars »T> =Tuchare -discharging
|

Sov_(t+1)=SOV_(t)+n,E,@)/C, (13)

where 7., is the battery’s charging and discharging
efficiency.

It should be noted that the virtual energy storage
characteristics of electric vehicles are significantly
influenced by the behavioral preferences of vehicle
owners. Related studies incorporate owners’ usage habits
to set redundancy constraints for VES indicators and
reduce the uncertainty of individual vehicle response
behaviors through aggregate control, thereby enhancing the
system’s robustness and operational stability. Furthermore,
some literature proposes methods to increase user
participation in VES by setting response willingness,
establishing consumer psychological models, and
introducing incentive mechanisms. Future research could
further integrate various incentive factors into the models
to more intuitively reflect the impact of incentive policies
on the virtual energy storage characteristic indicators of
EVs.

2.3. Virtual Energy Storage Model for
Distributed ESS
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As an essential component of virtual energy storage, the
ESS can realize bidirectional energy regulation through
charging and discharging processes, and its operational
characteristics can be directly abstracted as a virtual energy
storage unit. The modeling mainly considers the energy
balance relationship, SOC constraints, charging and
discharging power limits, and lifetime degradation factors
[21].

During the scheduling period, SOC of the energy
storage system changes with the charging and discharging
activities, and its dynamic behavior can be expressed by the
following equation:

SOC, (t+1)=SOC, (t)+n,P.(t)At— P,(t)At /1, (14)

Where SOC.(t) denotes the state of charge of ESS, P.(?)
and P4?) represent the charging power and discharging
power, respectively, #. and 74 denote the charging and
discharging efficiencies, respectively, 4¢ is the scheduling
time interval.

To ensure the safety and reliability of the energy storage
system, the SOC must satisfy the following boundary
constraints:

socC

es,min

S SOCES ([) S SOCCS,WZQX (15)

Here, SOCesmin and SOCps max are typically determined
by the battery characteristics and safety operation
requirements, in order to prevent lifespan loss and safety
risks caused by deep overcharging or overdischarging.

At the same time, the charging and discharging power is
limited by the rated capacity of the device:

0<P()<P,, 0<P()<P,,, (16)

On this basis, in order to more accurately reflect the
impact of battery lifetime on the scheduling strategy, a
degradation cost factor per unit of charged and discharged
energy g can be introduced to quantify the battery
degradation effect in the optimization objective.

Aieg (B + By )AL (17)

,max >

Cdeg =

Where Cyee represents the degradation cost caused by
the battery’s charging and discharging during the time
period. By considering this term in the scheduling
optimization model, frequent deep cycles of the energy
storage can be effectively avoided, thereby extending the
battery’s lifespan.

2.4. Unified Modeling and Aggregated
Optimization of VES

Feature Identification and Aggregation

In order to wunify heterogeneous customer-side
resources, their operational characteristics are first
represented by a standardized feature vector. For each
resource i, the virtual storage capability can be described
as:

E‘ :[Ei’Pct’;axﬁpdrf‘iax’nc,i’nd,iﬂyiﬁTi’ui] (18)
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Where E; is the equivalent energy capacity, y; is the self-
dissipation rate, 7; is the time flexibility index, and u;
reflects user comfort sensitivity.

Clustering K-means algorithms are applied to group
similar resources into aggregated VES units. The K-means
method is a classical and efficient unsupervised clustering
algorithm that partitions heterogeneous customer-side
resources into several homogeneous groups by minimizing
the distance between samples and their cluster centers. It
efficiently handles high-dimensional feature data with low
computational complexity and stable convergence, thereby
aggregating resources with similar characteristics into
unified VES units to provide a concise and accurate
representation for subsequent optimization[22]. For the &-
th cluster, its equivalent parameters are:

E = E.PY = RGP =R (9)
with energy boundaries:
S = ESOC!™ S =3 ESOC!™ (20)

This aggregation preserves the essential flexibility and
capacity of original resources while reducing the
dimensionality of the optimization problem.

Aggregated Energy State Dynamics
The temporal dynamics of aggregated energy states are
given by:
S, (t+) =8, + @ L, ()= P )/ 1, )At = 7,8, ()AL 21

where Si(?) is the SOC of unit & at time ¢ .
The operational limits are:
S LS (NSS™0<P (1)< PIEO<P (O<SPY (22)

To enforce mutual exclusiveness of
charging/discharging, a binary variable zi(#) can be
introduced:

P (D=2, (OR", Py () <=z ()P, 2, () € {01} (23)

Aggregator Optimization Model

At the aggregator level, the objective is to minimize
energy procurement cost while accounting for degradation
cost and user comfort:

J= i c(OG(t)AL + i i Ch e (P () + P, ()AL + A, Discomfort (24)

where c(?) is electricity price, G(?) is grid import, Cy deg
is degradation coefficient, and A..s is comfort penalty
factor.

The power balance is expressed as:

G(0)+ 2 Py () = L)+ D Py (1) = Py (1), V1 (25)
where L(#) is uncontrollable load and Ppy(?) is PV

generation.

3. Simulation Setup and Scenarios
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3.1. Simulation Environment and Parameter
Settings

The simulations are conducted in the MATLAB R2023a
environment, where the optimization model is formulated
as a mixed-integer linear program (MILP) and solved using
IBM ILOG CPLEX Optimization Studio (version 22.1).
MILP is chosen because it can simultaneously handle
binary decision variables and continuous variables. The
scheduling horizon is set to a typical day of 24 hours with
a time step of At= lhour. This temporal resolution
adequately captures the intra-day variations of load, PV
generation, and user behavior while keeping the problem
size computationally tractable.

The test system considers three types of customer-side
resources: TCLs, EVs, and ESSs. TCLs are modeled
through indoor temperature dynamics subject to comfort
constraints; EVs are characterized by stochastic
arrival/departure  times and travel-related energy
requirements; and ESSs are modeled with SOC dynamics,
efficiency, and degradation costs. Representative
parameters used in the numerical simulations are
summarized in Table 1.

Table 1. Parameter settings of customer-side

resources.
Resource Parameter Value Description
Device
Rated power 3.5kW rated
capacity
Coefficient
CoP 3.0 of
performanc
e
TCLs Indoor
[22,
Comfort range o temperature
26] °C
bound
Thermal capacity C >
ermal capacity KWh/ °C
Thermal resistance 2.0 °C/k
R W
. Mobile
Battery capacity 60 kWh storage size
Max
charge/discharge TkW Per EV
EVs Charging/dischargi
. 0.95
ng efficiency
SOC limits [0.2,0.9]
. 18:00-
Arrival/Departure 3:00
Capacity 100 kWh Per unit
ME.IX 50 kW Per unit
charge/discharge
ESSs . ) .
Charging/dischargi
. 0.95
ng efficiency
SOC limits [0.1, 0.9]

2 EA

0.03

Degradation cost yuan/kW Lincarized
h

cycling cost

A time-of-use (TOU) electricity tariff is adopted to
capture the impact of demand-side response in Table 2:

Table 2. The TOU electricity tariff.

Period Time interval Price (yuan/kWh)
Off-peak 0:00-7:00 0.30
Flat 8:00-16:00 0.50
Peak 17:00-21:00 0.90
Evening 22:00-23:00 0.40

3.2. Scenario Design
To comprehensively evaluate the applicability and

robustness of the proposed VES optimization framework,
four representative scenarios are designed in Table 3.

Table 3. Scenario settings.

Scenario Description Key Feature
A - Sunn; 011;v u(ipv:?}:es az:;(ﬂ(l)f Renewable
Y P P abundance

145 kW
PV generation is
reduced to 30% of the
sunny profile
C-High  Baseline load increased

B -

Cloudy Renewable scarcity

Load stress

demand by 20%
D - High Number of EVs tralrrlnpa(li:a(t)f n
EV doubled (60 — 120) sportatio
electrification

Scenario A represents a sunny day, where PV output
follows a clear-sky curve with a peak of 145 kW at noon,
highlighting the synergy between renewable generation
and VES. Scenario B corresponds to a cloudy day, where
PV generation is reduced to 30% of the sunny profile,
simulating renewable scarcity and intermittency. Scenario
C represents a high-demand condition, where the baseline
load is uniformly increased by 20% across all time slots,
reflecting grid stress during peak seasons or extreme
weather. Scenario D corresponds to high EV penetration,
where the EV fleet is doubled from 60 to 120 units,
examining the impact of transportation electrification on
system flexibility and scheduling performance.

Each scenario is simulated for 24 hours under the same
modeling framework. The outputs include grid power
exchange, charging/discharging strategies of VES units,
comfort indicators, EV departure SOC satisfaction, and
total system operating cost. By comparing across scenarios,
the peak-shaving capability and economic benefits of VES
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under diverse operating conditions can be systematically
assessed.

4. Simulation Results and Analysis

Based on the previously established models and
scenario designs, this section presents 24-hour optimal
scheduling simulations for four typical days (sunny,
cloudy, high load, and high EV penetration). The
simulations systematically analyze the performance of
VES in peak shaving and valley filling, self-consumption
of PV generation, and economic operation. The simulation
results include user load, PV output, VES charging and
discharging power, SOC, system load, and grid electricity
purchase/cost indicators, providing quantitative evidence
for evaluating the performance of VES optimal scheduling
strategies.

4.1. Typical Daily Energy Profiles and
Mismatch Characteristics

Under sunny conditions (see Fig. 1(A)), the PV output
exhibits a clear single-peak solar irradiance pattern. PV
power gradually rises from 7:00 in the morning, reaching
its peak between 10:00 and 13:00, with a maximum of
about 145 kW at 12:00. The total daily generation is
approximately 1,100 kWh, of which the single-peak period
(10:00-13:00) contributes around 42%. The user load
shows a typical double-peak pattern in the morning and
evening, with the morning peak occurring between 7:00
and 9:00 at about 115-120 kW and the evening peak
between 18:00 and 21:00 at around 120 kW. Between
11:00 and 14:00, PV output significantly exceeds the load,
resulting in surplus energy of about 48 kWh. Without
energy storage, this surplus would lead to PV curtailment.

Under cloudy conditions (see Fig. 1(B)), the PV peak
drops sharply to around 45 kW, and the total daily PV
generation is only 30-35% of that on a sunny day. The
midday surplus nearly disappears, while the evening load
deficit still exists. The user load curve shows no significant
change, indicating an increased reliance on the grid during
cloudy days. In this case, the system’s demand for peak-
shaving resources (such as VES) is significantly increased
to ensure effective support for the evening peak load while
maximizing the utilization of the limited PV generation.

Under high-load conditions (see Fig. 1(C)), the baseline
load increases by 20%, resulting in a midday peak of
approximately 138 kW and an evening peak of about 144
kW. Although PV generation still follows the sunny-day
pattern, the increased load exacerbates the mismatch
between PV output and load. While some PV surplus
remains at noon, the evening load deficit widens, requiring
the energy storage system to provide higher discharge
power during the night peak to reduce dependence on high-
cost grid electricity.

Under high EV penetration (see Fig. 1(D)), the number
of electric vehicles on the customer side increases to 120,

2 EA

significantly raising the evening charging load and pushing
the evening peak to about 155 kW. Meanwhile, the
increased nighttime off-peak charging demand provides
more scheduling flexibility for VES. In this scenario, VES
needs not only to absorb midday PV surplus but also to
meet nighttime EV charging demand, ensuring the
system’s peak-valley load regulation capability for the
following day.
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Figure 1. Typical Daily Energy Profiles for the Four
Scenarios

By comparing the four scenarios, a consistent temporal
pattern of “relatively abundant PV at noon—high load in
the evening” can be observed. This pattern reveals two key
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issues: (1) underutilized midday PV surplus: during sunny
and high-load conditions, PV output exceeds load demand
at noon, leading to potential PV curtailment. Without
energy storage, the surplus cannot be converted into
economic value; (2) high evening peak pressure: especially
under cloudy, high-load, or high EV penetration
conditions, the mismatch between evening peak load and
PV generation increases, resulting in higher grid electricity
dependence, elevated peak electricity costs, and increased
grid operational stress.

Overall analysis indicates that under optimal VES
scheduling, by absorbing surplus PV energy at noon,
discharging in the evening, and replenishing during
nighttime off-peak periods, the system can effectively
mitigate PV-load temporal mismatches, enhance PV self-
consumption, and reduce grid electricity costs.

4.2. Virtual Energy Storage Dispatch
Behavior Analysis

To mitigate the temporal mismatch between PV output
and user load, the system incorporates VES and employs
optimized scheduling to achieve intra-day energy shifting.
The simulation results indicate that VES exhibits a typical
dynamic pattern of “midday charging - evening
discharging - nighttime replenishment” with its charging
and discharging behavior closely aligned with PV
generation and load demand (see Fig. 2).

During the daytime PV peak period (10:00-14:00),
when PV generation exceeds load demand, VES primarily
operates in the charging mode. In Scenario A, VES
charging power remains within 28—-40 kW, and SOC rises
from 62% to 70%, effectively absorbing about 48 kWh of
surplus midday PV energy and significantly reducing
curtailment. In Scenario B, PV output declines to a peak of
approximately 45 kW, and VES charging power decreases
to 15-20 kW, with SOC rising only from 56% to 62% at
midday. Although the available energy is limited, VES still
ensures the effective utilization of scarce PV generation. In
Scenario C, corresponding to high load conditions, the
mismatch between PV output and load intensifies. VES
charging power ranges from 25-45 kW, and SOC increases
to around 72%, partially alleviating the power deficit. In
Scenario D, under high EV penetration, VES maintains
SOC within the range of 70-78% during midday, balancing
the need for evening discharging and nighttime
replenishment.

During the evening peak period (18:00-21:00), when
PV output is nearly zero, VES switches to discharging
mode to relieve system stress. In Scenario A, discharging
power reaches 30—40 kW, and SOC decreases from 50% to
35-38%, significantly reducing peak-hour grid purchases.
In Scenario B, due to insufficient midday charging,
discharging power is limited to 25-35 kW, with SOC
dropping to 30-32%, still providing some peak-shaving
effect. In Scenario C, the evening power deficit further
enlarges, and VES discharging power increases to 40-50
kW, with SOC declining from 48% to 32%, ensuring stable
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power supply under high-load conditions. In Scenario D,
large-scale EV charging exacerbates evening demand, with
VES discharging power maintained at 35—45 kW, and SOC
dropping from 48% to 32%, demonstrating its flexible
regulation capability under multiple load stresses.
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Figure 2. Simulated 24-hour VES
Charging/Discharging Power and SOC under Four
Scenarios

During the nighttime valley period (22:00-6:00), when
electricity prices are low, VES recharges moderately to
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restore SOC for the next day. Simulation results show that
in Scenario A, the typical nighttime charging power is 10-
15 kW, enabling SOC to recover from 30-35% to about
40%, ensuring sufficient capacity for absorbing surplus PV
energy the following midday. In Scenario D, due to higher
EV charging demand, the nighttime valley charging power
slightly increases to 15-20 kW, meeting the dual
requirements of EV charging and PV integration.

Overall, the SOC trajectory of VES throughout the day
follows a dynamic pattern of “rising at midday, declining
in the evening, and replenishing at night.” This operational
strategy not only enhances PV self-consumption but also
significantly reduces grid purchase costs during peak
hours. The degree of reliance on VES wvaries across
scenarios: in Scenario B, dependence on its discharging
capability is greater; in Scenario C, discharging demand
reaches the highest level; while in Scenario D, a trade-off
must be made between nighttime replenishment and
midday PV absorption. In summary, VES demonstrates
flexible dispatch capabilities across all typical scenarios,
serving as a key enabler for PV—storage coordination,
improving system economy, and enhancing operational
reliability.

4.3. System Operation Performance
Evaluation

After the introduction of VES and the implementation
of optimal scheduling, the system performance shows
significant improvement compared to the baseline scenario
without energy storage. The improvements are mainly
reflected in three aspects: reduction of peak-to-valley
difference, improvement of PV utilization rate, and
reduction of system electricity purchase costs.

Peak-to-Valley Difference (kW)
Peak-to-Valley Difference (kW)

A B C D
Scenarios

Figure 3. Peak-to-Valley Difference of Load with and
without VES in the Four Scenarios

First, regarding peak shaving and valley filling, the
intra-day charging and discharging behavior of VES
effectively smooths the load curve. In Scenario A (sunny
day), the peak-to-valley difference decreases from 95 kW
in the baseline to 68 kW, achieving a peak reduction rate
of 28.4%. In Scenario B (cloudy day), despite insufficient
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PV output, VES still reduces the evening peak load by
about 22 kW, lowering the peak-to-valley difference by
21.6%. Under Scenario C (high load), the discharge
capability of VES significantly reduces the maximum peak
load from 144 kW to 128 kW, alleviating grid stress under
high-load conditions. In Scenario D (high EV penetration),
VES charges during nighttime valleys and releases
approximately 38 kWh in the evening, reducing the peak-
to-valley difference by 24.1% and maintaining load curve
stability (see Fig. 3).
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Figure 4. PV Utilization Rate with and without VES
in the Four Scenarios

Second, regarding PV utilization, the VES charging
strategy significantly reduces midday PV curtailment.
Simulation results show that in Scenario A, PV curtailment
decreases from 4.3% to 0.8%, increasing utilization to
99.2%. In Scenario B, although PV output is only 35% of
that on a sunny day, VES raises the utilization rate from
92% to 98%. In Scenario C, VES absorbs 32 kWh of
midday surplus PV energy, improving utilization by 6.4%.
In Scenario D, due to the nighttime EV load providing
additional scheduling flexibility, the coordination of
midday charging and nighttime replenishment allows PV
generation to be almost fully utilized (see Fig. 4).
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Figure 5. Daily Electricity Purchase Changes with
and without VES in the Four Scenarios
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Finally, regarding electricity purchase and operational
costs, VES reduces overall electricity expenditure through
a “valley purchase - peak reduction” strategy. Comparisons
show that in Scenario A, total electricity purchase
decreases from 1,350 kWh to 1,298 kWh, reducing
operational costs by about 6.1%. In Scenario B, purchase
costs decrease by 4.8%. In Scenario C, electricity
purchases are reduced by 78 kWh, saving approximately
7.3% in costs. In Scenario D, while meeting EV charging
requirements, VES reduces electricity costs by 5.5%.
These results indicate that VES not only enhances
renewable energy utilization but also significantly
improves system economics (see Fig. 5).

4 4. Discussion and Outlook

This study constructs a multi-scenario optimization
model for customer-side VES systems and systematically
analyzes their role in peak shaving and valley filling, PV
utilization, and electricity cost reduction. Simulation
results indicate that VES can achieve flexible scheduling
across different typical day scenarios, significantly
enhancing both the economic efficiency and operational
stability of the system, while also verifying the feasibility
and effectiveness of coordinated scheduling among
multiple types of customer-side resources.

In the typical sunny-day scenario, VES charges during
the midday PV generation peak and discharges during the
evening load peak, effectively reducing the peak-to-valley
difference and improving local PV consumption. This
scheduling strategy not only improves the match between
user-side load and PV output but also mitigates grid load
fluctuations by leveraging storage flexibility. Consistent
with previous studies, distributed energy storage under
flexible scheduling can significantly alleviate the impact of
renewable energy variability on the grid [23]. Simulation
results show that VES absorbs excess PV energy at noon
and discharges in the evening, achieving notable peak
shaving while reducing reliance on grid electricity during
peak hours, thereby improving overall system economic
performance.

Under cloudy or low-irradiance conditions, despite
limited PV output, VES can still regulate charging and
discharging to smooth the load and reduce electricity
purchases. This demonstrates that customer-side virtual
energy storage possesses certain flexibility and robustness
under uncertainty, helping the system adapt to external
uncertain events [24]. Particularly under high-load
scenarios, VES can discharge energy to reduce evening
peak loads, alleviating grid dispatch pressure, reducing
high-cost electricity purchases, and improving system
stability.

From an economic perspective, optimized VES
scheduling significantly lowers electricity costs while
increasing PV self-consumption and the utilization
efficiency of customer-side resources. This indicates that
virtual energy storage not only provides technical peak-
shaving and valley-filling functions but also enhances
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proactive demand-side participation under market-based
mechanisms [25]. In scenarios with high EV penetration,
VES scheduling can accommodate both EV charging
demand and PV absorption, achieving effective peak-
valley load balancing and demonstrating the advantage of
virtual storage in coordinating multiple resource types.

However, this study has certain limitations. First, the
simulation scenarios and data are relatively idealized and
do not fully cover seasonal weather variations, load
randomness, or extreme fluctuations in PV output, which
may underestimate operational uncertainties. Second, the
optimization objectives mainly focus on economic
performance and PV utilization, without fully considering
storage degradation, user comfort, or the effects of more
complex electricity market mechanisms on scheduling
strategies [26]. Previous studies have shown that storage
degradation can significantly affect long-term operational
performance; therefore, future research could incorporate
storage lifetime degradation models and uncertainties in
electricity price forecasts to enhance the practical
applicability and decision-making value of the model [27].

Overall, customer-side VES demonstrates significant
potential to enhance grid flexibility, promote renewable
energy consumption, and optimize system economics, but
its performance is highly dependent on weather conditions,
load characteristics, and market environment. Future
research should integrate larger-scale measured data,
consider storage degradation and user behavior models,
and incorporate more complete market mechanisms to
further optimize coordinated scheduling strategies for
multiple types of customer-side resources, thereby
promoting the practical deployment of VES in real-world
power systems [28].

5. Conclusions

This paper proposes an integrated framework for the
identification and optimal scheduling of VES using
multiple types of customer-side resources. By establishing
quantitative models for thermostatically controlled loads,
electric vehicles, and distributed energy storage systems,
the framework effectively captures key VES characteristics
such as equivalent capacity, charging/discharging power,
self-discharge rate, and user comfort. A data-driven
clustering method is employed to aggregate heterogeneous
resources, and an optimal scheduling model is developed
to minimize the total operational cost of the aggregator.

Simulations under four typical scenarios-sunny, cloudy,
high load, and high electric vehicle penetration-
demonstrate that the proposed VES scheduling strategy
effectively enables a typical operational mode of “midday
charging-evening discharging-nighttime replenishment,”
significantly improving system performance. The results
show that the peak-to-valley difference is reduced by
21.6% - 28.4%, the photovoltaic utilization rate is
increased to over 98%, and electricity purchase costs are
decreased by 4.8% - 7.3%. These findings confirm the
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notable effectiveness of VES in enhancing both economic
efficiency and operational reliability of the system.

The integrated framework and optimization method
proposed in this study provide an effective technical
pathway and solution for coordinating multiple types of
customer-side resources, promoting the integration of
renewable energy, and supporting the sustainable operation
of power systems.
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