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Abstract—The increasing penetration of distributed energy re-
sources presents both challenges and opportunities for system fre-
quency control, necessitating advanced strategies for virtual
power plants (VPPs). This paper proposes an optimal operation
method for a VPP comprising photovoltaics (PVs), battery energy
storage systems (BESSs), and an electric vehicle charging station
(EVCS), to provide frequency regulation services (FRS) and max-
imize its profitability via energy management of BESS and EVCS.
As a key contribution, a new model that determines the optimal
power capacity for FRS by strategically scheduling the aggre-
gated charging flexibility of EVs is proposed. To address the crit-
ical challenge of reliable service delivery under signal uncertainty,
a robust BESS operational model employing a feasible region for
state of charge (SoC) is developed. This new model can update
boundaries of BESS operation, guaranteeing FRS commitments
under any sequential response without violating physical limits
and avoiding the suboptimal relying on conservative margins.
Case studies demonstrate that the proposed method can effi-
ciently enhance VPP revenues with guaranteed power capacity
for FRS, highlighting the economic and technical benefits of inte-
grating EVCS flexibility.

Keywords—Electric vehicle charging station, frequency regula-
tion, optimization, uncertainty, virtual power plant.

I. INTRODUCTION

During recent years, modern power systems have been un-
dergoing fundamental reshaping due to the rapid proliferation
of distributed energy resources (DERs). This transformation is
driven by the dual trends of increasing photovoltaic (PV) pene-
tration on the generation side and escalating electric vehicle
(EV) adoption on the demand side. While critical for decarbon-
ization, the variability and uncertainty of DERs pose challenges
to the stable and reliable operation of power system, necessitat-
ing effective frequency regulation services (FRS) to mitigate
these risks [1]. To effectively integrate and control DERs, es-
tablishing and operating virtual power plants (VPPs) has been
widely adopted. VPP can coordinate PVs, battery energy stor-
age systems (BESS), and adjustable loads into a dispatch entity
through information and communication technologies,
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enabling it to participate in energy and FRS markets, and im-
proving the utilization rate of renewable energy [2].

In the literature, the potential of VPP to provide FRS is well-
documented. In [3], a VPP provides FRS by coordinating wind
power generators and BESSs. Based on this, [4] further consid-
ers the uncertainty of wind power and proposes a game-based
model of VPP operation for both FRS and energy market. The
work in [5] introduces a coordinated control strategy for a VPP
consisting of distributed BESSs and water heaters. However,
the primary enabler of the power capability for FRS, i.e., BESS,
is often constrained by high capital investment, resulting in a
relatively limited capacity within a VPP. Besides, keeping state
of charge (SoC) for multiple purposes (energy shift and fast
power response) is still a research challenge.

On the other hand, electric vehicle charging stations
(EVCSs) emerge as pivotal aggregation hubs, capable of har-
nessing the latent flexibility of numerous individual EVs. By
coordinating the charging processes of all connected EVs, an
EVCS can modulate its aggregate power consumption in real
time, allowing it to function as a virtual BESS, rapidly adjusting
its charging curve [6]. Thus, the fast-response characteristics of
a physical BESS can be formed for providing ancillary services
like FRS. Ref. [7] proposes a multi-timescale frequency control
strategy of VPP, involving EV charging piles. In [8], a stochas-
tic scheduling approach that addresses multi-source uncertainty
on integrated PV-BESS-EVCS systems is proposed. In [9], a
hierarchical scheduling strategy under a cloud-edge framework
for EV aggregators is designed to provide concurrent frequency
and voltage regulation. In [10], an optimization method of VPP
operation is proposed, considering EV clusters and the uncer-
tainties of DERs for both energy and FRS markets.

While the existing work acknowledges the potential of
VPPs in providing FRS, a clear methodology for how to opti-
mally determine and reliably prepare an expected power capac-
ity for FRS from integrated EVCS and BESS remains a signif-
icant research gap.

This paper proposes an optimal operation method for a VPP
integrating an EVCS to enhance its participation in both energy



and FRS markets. 4 new optimization model of VPP operation
utilizing EV charging flexibility for FRS is proposed. It aims to
maximize the total operational profits of a VPP considering
both energy market and FRS provision. Furthermore, a robust
BESS model to securely prepare the power capacity for FRS is
proposed. A feasible region of SoC is introduced, guaranteeing
operational safety under stochastic FRS request signals without
conservative reservations, maximizing the utilization of BESS
for both energy trading and FRS.

II.  EVCS INTEGRATED VPP FOR FRS

A. EVCS Integrated VPP Framework

The proposed VPP integrates distributed PV, BESS, and
EVCS at the system level into a coordinated framework,
achieving the collaborative optimization of flexible loads and
renewable energy, as shown in Fig 1.
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Figure 1. Overall structure of the proposed VPP system

This structure enables the VPP to achieve joint optimization
of power purchase and sale, along with FRS while considering
the uncertainty of request. PP%¢ donates the baseline power
generation of VPP at time t, presenting the working condition
without FRS signal. P2¢ is the power which is optimized to re-
spond to FRS request signals. When frequency deviates out of
the range, the real time power generation switches to P2 from
Ppase providing FRS.

As a main contribution, an optimization model is proposed
to prepare the power capacity for FRS which can be activated
to response to FRS request signals in real time.

B. Revenues from FRS

This paper presents the up/down FRS capacity based on the
optimization problem of maximizing the revenue of the VPP.
The difference between the baseline power curve and the re-
sponse curve contributes to the capacity for FRS [11] as below.

max{FRS revenues — operation cost} (1)
C? = At(Ppase — ppc) vt e TVP )
Ctdown — At(Ptac _ Ptbase) Vvt € Tdown (3)

Here, TP and T%°"" respectively represent the upward-
regulation and downward-regulation time periods. Thus, the
power capacity is unlocked by switching to the optimized re-
sponse curve, contributing to the FRS revenues.

III. DER OPERATION MODELS

It is assumed that a VPP has PVs, BESSs and an EVCS, and
their operation models are formulated in this section.
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A. PV Operation Model

The PV generation describes the active power output of the
photovoltaic units integrated into the VPP. The output power of
photovoltaic at each time step t is limited by the maximum
power [12] as follows.

0 < pgw,base < ppv,max (4)

0 < p; % < ppymax Q)

b , -
Here, pf*”**¢ and pf™*¢ denote PV power generation under

baseline and response state, respectively, while pP¥™%* repre-
sents the rated maximum generation capacity of the PV system.

B. BESS Operation Model

The dynamic charging and discharging characteristics of the
BESS in the VPP provides fundamental support for energy
management and frequency regulation, constrained by both the
baseline and the response trajectory. The model reflects the
BESS actions in the baseline and response states as follows.

pi" = (1= yop""™ + yepi™ ©)
P = (1= yop™"* + yepi ™ @)
0 < pfh < bypehmax ®)

0 < pf < (1 = byp?iome ©)

Here, pf, and pj;, represent the expected power of BESS
charging and discharging, respectively. The expected power is
calculated using the FRS request signal y, as the weight for op-
timization. When y, = 0, the BESS power equals the baseline
power. Otherwise, i.e. y, = 1, it changes to the response trajec-
tory, responding to the FRS signal during time T% and T4°%",
phmax and pdismax in (8) and (9) are the maximum power
limits, and b, is the binary parameter indicating charging or dis-
charging at time t.

The traditional BESS scheduling for FRS uses conservative
and fixed SoC margins to accommodate deviations from a
planned trajectory caused by uncertain request signals below.

S0Cyy1 = SoCy + (" pE" At — pfSAt/n®s)/C (10

Here, n" and n%s are charging and discharging efficiency
and C is the rate capacity of BESS. Despite simplicity, this
method is suboptimal as it unnecessarily restricts the BESS ca-
pacity. Moreover, fixed margin risks either SoC violations from
extreme FRS request signals or crippled profitability.

This work proposes a concept of SoC feasible region that
enables the upper and lower boundaries of SoC for each time
step by considering both the baseline operation and the extreme
FRS response scenarios, ensuring operational safety without
sacrificing capacity. The change of SoC at time t highly de-
pends on the FRS signal y, based on (6) and (7) as follows.

(11)
(12)

Here, upper and lower limits of the SoC feasible region of
the baseline curve are shown in (13) and (14) while the limits
of response trajectory are shown in (15) and (16) as follows.

ASoCPese = (ntpf™ oAt — pftSP Aty

ASoCE = (nhp™*“At — pf* At /%) /C



L(t +1) < L(t) + ASoCP*¢ vy, = 0 (13)
Ut +1) = U(t) + ASoCP*¢ vy, =0 (14)
L(t+1) < L(t) + ASoCf vy, =1 (15)
U(t+1) = U(t) + ASoCH vy, = 1 (16)

At time t + 1, if there is no FRS request signal, the battery
operates according to the baseline, corresponding to (11). Oth-
erwise, the change of SoC is formulated by (12). The maximum
value of SoC that BESS can reach at time t + 1 is the sum of
SoC, and the maximum of ASoC2%¢ and ASoC&* as follows.

(17
(18)

This model comprehensively depicts the dynamic operation
characteristics of the BESS in VPP, allows SoC; for all time in-
tervals to fall within the feasible region of [L(t), U(t)], guaran-
tees operational safety while maximizing the capacity.

L(t + 1) < max{L(t) + ASoCP%s¢, L(t) + ASoCf} vt
Ut + 1) = max{U(t) + ASoCP%°,U(t) + ASoCf} vt

C. EVCS Operation Model

The EVCS model is used to describe the charging behaviors
of a single EV and the aggregated power characteristics [12] of
the entire charging station within a VPP. This model considers
the arrival and departure time of each EV, the power limit of
individual charging points, and the overall capacity constraints
of'the charging station. Additionally, the model strives to ensure
that each EV completes required charging demand within the
available connection time window, while enabling the overall
load of the EVCS to respond to FRS signals. The mathematical
model established in this section provides the operational basis
for integrating EVCS into the VPP collaborative optimization
framework. The connection status of vehicle m at time t is rep-
resented by a binary variable a,, ; as follows.

(19)
(20)

Ame = {01}V t € [TZT, T,2P)
Uy = {0}V ¢ & [T, TP

Here, T¥" and T2 represent the arrival and departure
times of vehicle m. When a,,,, = 1, it indicates EV m is con-
nected to station and can be charged; otherwise, it represents an
unconnected state. The charging power of each EV is limited
by the maximum allowable power p/i%*, for both the baseline
state pb%¢ and response state pf;, where y, is the request sig-
nal as shown in (6) and (7) and pZ) "™ is the maximum allow-
able power of each EV m as follows.

0 < (1= yPhse + yepsie < b ™ @1
The total power of EVCS is equal to the sum of the charging
power of all the vehicles that are currently being charged below.

pe’e = Z[(l — YOPRES + v i) 22)
m

Before each EV departs, energy demand needs to be satis-
fied. However, to respond to the FRS signal, some energy may
be cut down, which are constrained as follows.

dep
T

[(1 — yOPEEE + i3S, At + sy = Ened 23)

=T
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Here, E, 7 is the energy demand of vehicle m and s,,, is a
slack variable representing the energy gap that vehicle m still
needs to meet after the charging process is completed. This con-
straint ensures that each EV can obtain the necessary energy
within the charging window.

IV. OPTIMIZATION OF VPP OPERATION

A. Power Capacity for FRS

The FRS model describes the operational characteristics of
capacity reservation and real-time activation, contributes to the
stability of the system frequency by adjusting the power of PV,
BESS and EVCS. The model focuses on the switching rela-
tionship between baseline power and FRS response power
while guaranteeing the power balance constraints during both
normal operation and FRS response phases, ensuring physical
feasibility and compliance with the operating norms of Aus-
tralian National Electricity Market (AEMO) as follows.

PP — Pl = (1= y)PP™C + y, P (25)

Here, PSe% and Ptbuy respectively denote the power that the
VPP sells and purchases at time t. Combining each DER, the
baseline and response power profiles of the VPP described in
(2) and (3) and are reformulated as follows.

b __ ..chbase EVCS,base dis,base pv,base
PP = py; + — D — P vt (26)
ac _ ,,Chac EVCS,ac dis,ac pv,ac
P =py¢ + D — Pt 22
27

vt € (TW y Town)

B. Optimization Model

The objective of this study is to maximize the expected total
revenue of the VPP in the energy market and the FRS market.
Within the scheduling period, the VPP achieves revenue from
power purchase and sale transactions, capacity backup, and fre-
quency regulation through the coordinated operation of PV,
BESS, and EVCS. Meanwhile, penalty costs resulting from
charging demand defaults are also taken into consideration. The
MILP problem of the VPP operation is formulated below.

maxz Rgrid + RFRS,res + RFRS,ac + REVCS _ Penalty (28)

teT
subject to:
T
RYTid — Z (n.tsellptsell _ ﬂfuyptbuy)At (29)
t=1
T
RFRSres — Z n.{es(cgip + Ctdown) (30)
t=1
T
RFRS.ac — Z ytn?c(cgip + Ctdown) (3])
t=1
T
REVCS — z T[fVCSprCSAt (32)

t=1



n

Penalty = cg4¢ Sm 33)
lack ;1
(4-(27) (34)

. b . ..
Herein, 75" and 7, represent the time-of-use electricity

prices for selling and buying at time t. RFRS™eS donates the
compensation received by the VPP for the reserved capacity re-
ported to the FRS market, and RFRS:4¢ denotes the revenue from
FRS supported by the VPP. Besides, 7{®° and nf¢ are the
prices for reserve capacity and activated FRS capacity. C;”* and
C3°"™ are calculated from (2)-(3) and (26)-(27).

The revenue from EVCS, REVSS| is the summation of ser-
vice fee mEVS times charging power over the whole period.
However, by actively curtailing the energy demand of some
EVs during the upward-regulation period, the VPP can increase
the available capacity for FRS, thereby maximizing the poten-
tial revenue. Thus, the penalty coefficient ¢y, is introduced,
indicating the negative impact of s, in (24).

V. CASE STUDY

A. Simulation Parameter Settings

1) FRS Request Signal Setting

For request signals setting, the overall process follows a fre-
quency regulation time window. If a frequency modulation sig-
nal occurs within the upward-regulation time window, it is
identified as an upward-regulation signal; conversely, if it oc-
curs outside this time window, it is regarded as a downward-
regulation signal. In this paper, the frequency modulation win-
dow time is set to approximately half of the middle point as the
high-probability activation time for FRS. The specific period
and probability settings are given in TABLE 1.

TABLE L. ACTIVATION PERIOD AND PROBABILITY OF FRS
FRS Type Time Period Request Probability
Upward- 6:30-7:30 0.4
Regulation 17:00-21:00 0.55
Downward- 00:00-6:00 0.01
Regulation 12:00-14:00 0.45
Others Other times 0.01

2) Energy and FRS Market Prices

The grid electricity price 7% and ;™ are based on the
actual electricity price in New South Wales, from AEMO [14].
The specific price of the 5-minute resolution FRS has not been
found in public information. This work assumes the reserve
price to be 0.01 AUD/kWh while the FRS price is set at 0.8
AUD/kWh, slightly higher than the electricity price.

3) EVCS Charging Prices and Vehicle Scheduling

The price of EVCS charging is based on Tesla charging sta-
tions [15]. This study adopts a time-of-use electricity price of
0.66 AUD/kWh for peak hours (10:00-20:00) and 0.42
AUD/kWh for off-peak hours, based on market data. The aver-
age daily power consumption per charging stall is 251 kWh [16],
and each charging stall charges 7 vehicles per day. For the sim-
ulation, the daily vehicle throughput for each charging stall is
set to 10. Referring to Tesla “Model” series [17] and usage pat-
terns, this study set the EV energy demand to average 36 kWh
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(ranging 20-65 kWh), aligning with real-world patterns. EV ar-
rival and departure data is generated using a multi-peak distri-
bution to emulate realistic urban charging patterns, including
workplace and commuter charging peaks.

B. Optimization Results

This paper generates three cases to highlight the effects of
the participation of EVCS for FRS market. Optimization and
numerical simulations are conducted with 5-minute-interval on
MATLAB using YALMIP and solved by CPLEX [18].

1) Case 1: BESS + Curtailable PV
In this case, the VPP has no EVCS while the PV energy is
curtailable. The optimized power capacity is shown in Fig 2.
The VPP provides limited upward-regulation capacity in the ab-
sence of EVCS integration.
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Figure 2. Optimized power capacity for Case 1

2) Case 2: BESS + Non-curtailable PV + EVCS
This case enables the integration of EVCS, with Non-cur-
tailable PV, as in Fig 3. The upward-regulation capacity in-
creases significantly due to the scheduling of EVs.
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Figure 3. Optimized power capacity for Case 2

3) Case 3: BESS + Curtailable PV + EVCS
Compared to Case 2, this Case demonstrates that by allow-
ing PV curtailment, the VPP offers additional downward-regu-
lation power capacity without compromising the predetermined
EVCS dispatch schedule, as shown in Fig 4.
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Figure 4. Optimized power capacity for Case 3

The comparison of the maximum available FRS capacity of
each case is presented in Fig 5.
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Figure 5. Comparison of power capacity for FRS

The optimization results of three cases indicate the integra-
tion of the EVCS can significantly enhance the total power ca-
pacity for FRS. By rescheduling the charging requirement of
each aggregated EV, the VPP unlocks substantial upward-reg-
ulation capacity. It is noted the PV curtailment means consum-
ing more power, contributing to downward-regulation capacity.

C. Real-Time Validation

Considering the uncertainty of FRS request signals, this pa-
per conducts Monte Carlo simulation with 10,000 realization
scenarios generated based on TABLE . to test the robustness
of each model under random FRS response. The average reve-
nue is given in TABLE II.

TABLE II. ACTIVATION PERIOD AND PROBABILITY OF FRS

Revenue Item Case 1 Case 2 Case 3
Grid Trading ($) 3413.05 -1265.99 -1704.57

FRS Reserve ($) 142.76 293.71 432.17
FRS Response ($) 2390.44 8187.74 10433.77
EVCS Charging ($) NA 18868.76 18876.33

Penalty ($) NA -246.04 -245.61
Total ($) 5946.26 25838.17 27792.08

The negative sign of grid trading means the VPP purchases
power from the main grid. While the integration of EVCS leads
to purchasing power from the grid, it contributes more profits
to the VPP. Although allowing PVs to participate in FRS by
curtailing its power generation slightly increases electricity pur-
chase costs, the resulting FRS revenue gains lead to a 7% in-
crease in the total profit, validating the superior economic per-
formance of the proposed model.

It is notable that the application of the SoC feasible region
corresponding to (13)-(18) ensures the robust performance val-
idated by the Monte Carlo simulation. Sufficient BESS SoC is
maintained, and no constraint violations are observed.

VI. CONCLUSION AND FUTURE WORK

This paper presented an optimal operation strategy for a
VPP integrating an EVCS to co-optimize its participation in en-
ergy and FCAS markets. The proposed method calculates the
optimal FRS capacity by leveraging the aggregated flexibility
of EVs. Critically, a robust BESS model with feasible region is
developed to securely prepare this capacity. This ensures that
the BESS can reliably provide FRS under real-time uncertainty
without violating physical limits, overcoming the limitations of
conservative, static margins. Case studies validated the ap-
proach enhances the profitability and flexibility of the VPP,
maximizing market value.
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In future work, the proposed VPP operational model can be
extended for a broader system context with consideration of
network operating constraints such as bus voltage limits. Be-
sides, the coordination and competitive dynamics among mul-
tiple VPPs can be considered and addressed regarding their col-
lective impacts on power system operation and energy market.
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