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Based on Battery State and Degradation 

Awareness for V2G Frequency Response in 
Charging Stations
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Abstract——The lack of battery state and degradation aware‐
ness in electric vehicles (EVs) participating in vehicle-to-grid 
(V2G) frequency response (FR) can accelerate battery degrada‐
tion and impair frequency support. To address this issue, we 
propose a distributed model predictive control (DMPC) strategy 
based on battery state and degradation awareness for V2G FR 
in charging stations (CSs), explicitly integrating battery state 
and degradation into the proposed strategy. First, a resistor-ca‐
pacitor (RC) equivalent circuit model of batteries is integrated 
into the V2G FR. This allows the controller to capture internal 
battery states including state-of-charge and battery degradation 
rate. The model also monitors signals such as voltage and cur‐
rent, thereby enhancing both model fidelity and practical imple‐
mentability. Second, an equivalent degradation model of batter‐
ies is embedded within the V2G FR, enabling the controller to 
jointly account for battery state and degradation while support‐
ing V2G FR. Finally, a cross-scale hierarchical framework for 
V2G control strategy is developed to decouple and coordinate 
battery-level states and grid-level power dispatch, achieving hi‐
erarchical coordination across individual batteries and the CS. 
Simulation results demonstrate that the proposed DMPC strate‐
gy improves frequency regulation effectiveness, limits V2G FR 
tracking deviation, enhances battery operation safety and degra‐
dation preservation, and achieves more balanced V2G FR pow‐
er allocation among EVs.

Index Terms——Vehicle-to-grid (V2G), frequency response, dis‐
tributed model predictive control (DMPC), electric vehicle 
(EV), charging station (CS), battery state, battery degradation.

I. INTRODUCTION

ELECTRIC vehicles (EVs), as environmentally friendly 
alternatives to conventional internal combustion engine 

vehicles, have become a major focus in the future develop‐
ment of the automotive industry. Most research works about 
vehicle-to-grid (V2G) [1] - [3] focus on V2G at the schedul‐
ing and optimization level, coordinating EVs with storage 
and generation to reduce costs and demonstrate potential val‐
ue of V2G. The power provided by V2G is no longer limit‐
ed to peak shaving and energy balancing, but is increasingly 
utilized in the scenarios involving sudden load surges and 
grid resilience restoration [4], [5]. EVs have also emerged as 
a valuable resource for grid frequency support through V2G 
technology [6], [7].

Given the widespread use of the system frequency re‐
sponse (SFR) framework in modeling frequency dynamics 
for load frequency control (LFC) [8], V2G control often em‐
ploys a similar approach, incorporating EVs as load-side con‐
trollable resources for frequency recovery analysis. The 
large-capacity batteries in EVs provide them with substantial 
potential for frequency response (FR) [9]. EVs are aggregat‐
ed in charging stations (CSs) and controlled by CS aggrega‐
tors to follow the automatic generation control signals 
[10], [11].

V2G is being progressively integrated with primary fre‐
quency regulation and other active frequency support strate‐
gies under extreme grid disturbances [12]. Due to the inher‐
ent complexity of modeling and controlling V2G FR, particu‐
larly under the SFR framework, model predictive control 
(MPC) has emerged as a promising coordination strategy. Its 
ability to handle multi-timescale dynamics, system con‐
straints, and predictive decision-making makes it well-suited 
for managing the charging and discharging of multiple EVs 
[13]. The uncertainty of EVs is often simplified as a state-of-
charge (SoC) boundary [14] in MPC. Adaptive MPC can 
overcome the uncertainty of SoC ranges of EV [15]. MPC is 
used in [16] and [17] to improve grid dynamics and mi‐
crogrid performance in frequency recovery. The inertial and 
droop characteristics are modelled by MPC to regulate EVs 
in [18]. In [19], MPC is combined with a virtual synchro‐
nous generator (VSG) for V2G FR and virtual inertia. Dis‐
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tributed MPC (DMPC) strategy has shown its success in dis‐
tribution networks for aggregated heterogeneous thermostati‐
cally loads [20] and demand response [21]. Therefore, the 
DMPC strategy allows the CS to make decentralized deci‐
sions independently, reducing the need for information ex‐
change and protecting privacy.

Within MPC for V2G, a state-space model of the EV and 
V2G system must be established. V2G operation typically 
encompasses multiple components including the converter, 
the EV, and the power grid. Inappropriate model of V2G 
control may even introduce oscillatory behavior during grid 
frequency restoration [22]. While the AC/DC inverters of 
EV chargers are modeled in both [23] and [24], V2G invert‐
ers are also incorporated into the MPC-based FR framework 
in [19], where EV demands are modeled based on SoC con‐
straints.

However, SoC is often the sole constraint considered in 
existing V2G research, while other internal battery states are 
neglected. In the battery equivalent circuit, parameters such 
as internal resistance and capacitance vary nonlinearly with 
SoC and influence charging/discharging dynamics. Conse‐
quently, if the V2G scheduling layer does not account for 
these internal battery states, V2G FR power commands may 
conflict with the battery management system (BMS), risking 
voltage or current violations and limiting safe and practical 
implementation.

Therefore, accurate prediction of the internal battery states 
is critical for effective MPC in FR control of V2G during 
grid disturbances. The charging/discharging rates and safety 
constraints of batteries, including voltage, current, and SoC 
limits, restrict their feasible operation region [25]. Neglect‐
ing these factors can result in overstressed battery operation, 
adversely affecting both its lifespan and operation safety. 
The FR power of battery is constrained by SoC and ramp-
rate limits in [26]. The FR model in [27] considers the life-
induced operation cost and the service quality. The resistor-
capacitor (RC) equivalent circuit model (ECM) for batteries 
in [28] simplifies internal electrochemical dynamics while 
ensuring accuracy and computational efficiency, making it 
well-suited for FR in V2G applications [29]. The RC ECM 
of batteries and its parameters play a crucial yet often over‐
looked role in the design and implementation of V2G con‐
trol strategy (Problem 1). In addition, the impact of V2G op‐
eration on battery degradation is experimentally quantified in 
[30], highlighting that battery degradation is a non-negligible 
factor in the V2G control strategy. Most existing MPC con‐
trol strategies lack explicit battery state and degradation-
aware modeling, which limits their ability to predict internal 
battery states, enforce operation constraints, and consider bat‐
tery degradation. This limitation compromises the reliability 
and effectiveness of V2G FR (Problem 2).

Inspired by the above discussion, in this paper, the FR 
control of V2G leverages a DMPC strategy to construct a co‐
ordinated control strategy for EVs in the CS. In contrast to 
existing approaches, this paper explicitly integrates the bat‐
tery state and degradation awareness for V2G FR, hence the 
proposed DMPC strategy enables a more realistic and re‐

sponsive provision during FR. Specifically, battery power 
limits and SoC constraints are incorporated into the pro‐
posed DMPC strategy. This ensures that the BMS is tightly 
integrated with the V2G control strategy, allowing coordinat‐
ed execution of V2G FR while maintaining battery operabili‐
ty and converter compliance with power commands. The 
main contributions of this paper are summarized as follows.

1) In response to Problem 1, we integrate an RC ECM of 
batteries into V2G FR, enabling the controller to accurately 
capture internal battery signals such as voltage and current. 
This improves the physical fidelity of the predictive model 
and ensures practical implementability, with a tracking devia‐
tion maintained below 3 kWs over a 20 s simulation period.

2) In response to Problem 2, we design an equivalent deg‐
radation model of batteries for the proposed DMPC strategy, 
allowing the controller to account for the degradation factor 
of EVs participating in V2G FR. The battery state and degra‐
dation awareness improve degradation preservation by more 
than 4.5%, ensuring safer and more sustainable battery opera‐
tion.

3) We propose a cross-scale hierarchical framework for 
V2G control strategy, achieving hierarchical optimization 
across individual EVs and the CS. Simulation results demon‐
strate an improvement in FR performance, reducing frequen‐
cy settling time by 6.5 s and providing more balanced V2G 
FR power allocation among EVs.

The remainder of this paper is organized as follows. In 
Section II, the problem formulation and preliminaries are 
presented. Section III details methodology. In Section IV, the 
case study is presented. Finally, conclusions are drawn in 
Section V.

II. PROBLEM FORMULATION AND PRELIMINARIES 

A. Problem Formulation in V2G FR

Existing V2G control strategy within SFR and LFC com‐
monly adopts first-order inertial models and enforces V2G 
FR power constraints through hard bounds on SoC and pow‐
er, which oversimplifies the underlying battery dynamics 
[31]. This strategy fails to adequately capture the heteroge‐
neous limitations of individual EVs in the CS, due to varia‐
tions in their battery states and operation constraints. Such 
shortcomings may result in power limit violations or subopti‐
mal power allocation, adversely affecting both the effective‐
ness of frequency regulation and the efficiency of V2G set‐
tlements.

Thus, we focus on the challenges of real-time implementa‐
tion for V2G control strategy in FR, particularly those aris‐
ing from the lack of detailed battery modelling and opera‐
tion constraints.

B. Preliminaries of LFC in Islanded Microgrid

In this context, we revisit the role of internal battery 
states in V2G FR. As shown in (1) and (2), V2G contributes 
to grid FR by adjusting charging and discharging power in 
real time.
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where t is the time instant; Df (t ) is the frequency deviation; 
M and D are the inertia and damping of islanded microgrid, 
respectively; TG, RG, and DPG are the deviations of time con‐
stant, droop coefficient, and output power of the microtur‐
bine, respectively; DPWT( )t , DPPV( )t , and DPL( )t  are the de‐

viations of wind power output, photovoltaic (PV) power out‐
put, and load power demand, respectively; DPEVi is the V2G 

FR power of the ith EV; DPd( )t  is the total disturbance pow‐
er; DPCS( )t  is the aggregated V2G FR; and N is the number 
of controllable EVs in the CS.

During this process, as illustrated in Fig. 1, the battery 
and BMS must coordinate with the DC/DC converter to de‐
liver the required V2G FR power. The internal battery states 
(e.g., SoC, current, voltage) affect the parameters in the RC 
ECM of batteries, thereby constraining the available charg‐
ing/discharging power PEV and the dynamics of FR. The 
charging/discharging of each EV is managed by its local 
DMPC controller, and the distributed DMPC controllers ex‐
change state information via a communication network to co‐
ordinate control decisions, which in turn directly influence 
the frequency regulation performance of islanded microgrid. 
This highlights the interaction between the battery model 
and the overall frequency control of islanded microgrid.

The state-space model of frequency regulation of islanded 
microgrid, including CS, is developed using the method pre‐
sented in [32]. Then, the SFR framework for frequency regu‐
lation of islanded microgrid is shown in Fig. 1. uEVi i =
12...N is the control input of the ith EV produced by the 
proposed DMPC strategy; DC loss

EVi and DSoCi are the deviation 
of battery degradation rate and change of SoC of the ith EV, 
respectively; and αsoc is the coordinated coefficient between 
different SoCs and the V2G FR power. The battery model 
for V2G is shown in Fig. 2 and its RC ECM is also intro‐
duced. Note that the variables in Fig. 2 are defined in the 
following equations.

The V2G FR power in the CS is constrained by battery 
states. The constraints of batteries are incorporated into the 
proposed DMPC strategy to facilitate EV participation in 
FR, as discussed in Section III. The frequency for islanded 
microgrid and the regulation power of the microturbine are 
regarded as globally accessible state variables within the pro‐
posed DMPC strategy for each EV.

III. METHODOLOGY

To address the above issue, a state-space EV model based 
on an RC ECM is developed, with an equivalent degradation 
model of batteries incorporated. The state-space EV model 
in the proposed DMPC strategy improves EV state predic‐
tions within the control horizon. By treating battery states as 
operation constraints, the proposed DMPC strategy ensures a 
more reasonable power allocation and prevents constraint vi‐
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olations.

A. RC ECM of Batteries

Existing V2G studies often neglect the battery states, re‐
maining disconnected from the BMS. The RC ECM is used 
to capture the key dynamic characteristics of batteries such 
as transient voltage response while balancing modeling accu‐
racy and computational efficiency. Therefore, we incorporate 
the RC ECM of batteries into the proposed DMPC strategy 
for V2G FR.

As shown in Fig. 2, the battery pack of an EV typically 
consists of multiple battery cells connected in series and par‐
allel [29]. nsmp denotes a battery pack with n battery cells 
connected in series and m battery cells connected in parallel 
per series string. The overall battery model can be construct‐
ed by aggregating voltage, current, and power according to 
the series-parallel configuration of the pack. The derivation 
process is described by:

uT
b(t ) = uoc

b (t ) + u1
b(t ) + iT

b(t ) R0(t ) (3)

where the superscript T refers to the physical quantities mea‐
sured or defined at the external terminals of the battery or 
EV system; the subscript b denotes the index of battery cell; 
uT

b(t ) is the terminal voltage of battery cell; uoc
b (t ) is the 

open-circuit voltage; u1
b(t ) is the voltage across the RC paral‐

lel network (typically modeling transient response); iT
b(t ) is 

the terminal current of battery cell, and iT
b(t ) > 0 indicates 

charging while iT
b(t ) < 0 indicates discharging; and R0(t ) is 

the instantaneous ohmic resistance.
u1

b(t ) is governed by the following differential equation as:

du1
b( )t
dt

=-
1

R1( )t C1( )t u1
b(t ) + 1

C1( )t iT
b(t ) (4)

where R1(t ) and C1( )t  are the state-varying resistance and 
capacitance of the RC branch, respectively. Equation (4) cap‐
tures the transient response of the battery cells due to charge 
redistribution and internal electrochemical processes, and it 
plays a critical role in accurately predicting the terminal volt‐
age.

The parameters of the RC ECM such as resistances and 
capacitances influence the dynamic voltage response and 
thus constrain the available charging/discharging power, di‐
rectly affecting the performance of the proposed DMPC strat‐
egy for V2G FR in frequency regulation of islanded mi‐
crogrid. The parameters of the RC ECM at various SoCs can 
be identified through experiments on individual battery cells. 
In this paper, the identified parameter results of 
R0 R1 C1 u

oc
b  are denoted as fR0

 fR1
 fC1

 fuoc
b
, respectively. 

The specific results are in [33], and the methodology is 
adapted as:
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where SoC (t ) is the charging/discharging SoC. The detailed 
definition of SoC (t ) is given as:

SoC (t ) = SoCini +
ηb

3600Q0
∫

0

t

iT
b(τ )ub(τ )dτ (6)

where SoCini is the initial SoC of the EV participating in 
V2G FR; Q0 is the rated capacity of the battery cell; ηb is 
the energy efficiency, and when iT

b(τ ) > 0, ηb is set to be 1, 
and when iT

b(τ ) < 0, ηb is set to be 0.98 to account for typi‐
cal energy losses in the discharging process; τ is the integra‐
tion element; and the integral term iT

b(τ )ub(τ ) represents the 
accumulated terminal power.

Equation (6) is derived from the energy balance and de‐
scribes the variation in the battery state of energy. Within 
the modeling accuracy considered in this paper, this energy-
based representation serves as an approximate SoC for sys‐
tem-level energy flow analysis.

The real-time adjustment of energy level eT
b(t ) and power 

pT
b(t ) of the battery cell can be expressed as:
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The energy level and terminal current of the battery cell 
are constrained by (8) and (9), respectively.

E Tmin
b £ eT

b(t ) £E Tmax
b (8)

-R-
bQ0

uT
bnom

£ iT
b(t ) £ R+

bQ0

uT
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where E Tmin
b  and E Tmax

b  are the minimum and maximum al‐
lowable energy levels of the battery cell, respectively; R+

b 
and R-

b are the maximum allowable discharging and charging 
C-rates, respectively; and uT

bnom is the nominal voltage of the 
battery cell.

The RC ECM of batteries in (3)-(9) describes the internal 
states of the battery cell and characterizes the relationship 
among voltage, current, and circuit parameters within an in‐
dividual battery cell. The RC circuit balances an accurate 
representation of battery states with computational efficien‐
cy. This model also explicitly updates the states of voltage, 
current, and circuit parameters. Incorporating this model into 
the V2G control strategy enables accurate state and con‐
straint-aware power dispatch, particularly in real-time FR 
scenarios.

The battery pack consists of multiple cylindrical battery 
cells connected in series and parallel. Consequently, the total 
charging power PEV( )t  and energy EEV( )t  are formulated as 
the sums of the corresponding quantities of pT

b( )t  and eT
b( )t  

in individual battery cells, as given in (10) and (11), respec‐
tively.

PEV( )t =∑
bÎB

pT
b( )t (10)

EEV( )t =∑
bÎB

eT
b( )t (11)

where B is the set of all battery cells within the battery pack.
Therefore, the battery model is constructed based on the 

RC ECM of individual battery cells and the pack structure. 
This model determines the states of internal voltage and cur‐
rent and provides the external V2G FR power. Establishing 
such a model enables seamless integration with V2G control 
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strategy and achieves battery-state awareness. In the pro‐
posed DMPC strategy, the RC ECM allows each EV to accu‐
rately respond according to its own battery state and coordi‐
nated decisions among EVs, enabling reasonable power allo‐
cation to support frequency regulation of islanded microgrid 
while ensuring battery safety.

B. Equivalent Degradation Model of Batteries

Distributed EVs in the CS have heterogeneous battery 
states and interact with the grid through V2G. This interac‐
tion induces battery degradation and affects coordination con‐
trol. Therefore, to account for battery degradation caused by 
EV FR, an equivalent degradation model of batteries is estab‐
lished. Based on an empirical degradation model and param‐
eters in [34], the battery degradation C loss

EVi is given as:

C loss
EVi =Bcycexp ( -Eacyc + αcyc || iT

b

RgTr )·Ahzcyc (12)

where Eacyc is an activation energy for cycle aging expressed 
in 31700  J/mol; zcyc is an exponent constant that should be 
around 0.5 for diffusion limited process; αcyc is set to be 
370.3 in cycling aging; Rg is the universal gas constant; Tr is 
the absolute temperature in Kelvin; Ah denotes the cumula‐
tive charge passed through a battery over its life, either dur‐
ing charging or discharging period; and Bcyc is a pre-expo‐
nential factor in Ah1 - zcyc that depends on current.

To make (12) suitable for different operation conditions, 
(12) has been differentiated against time in (13), denoted as 
DC loss

EVi, to evaluate battery degradation rate due to V2G FR.
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Given that EV FR occurs over a short timescale, varia‐
tions in parameters such as Rg and Tr are neglected. Accord‐
ingly, (13) is employed to describe the real-time battery deg‐
radation rate during the FR process as it offers higher accura‐
cy than (12).

During participation in V2G FR, the battery degradation 
rate is evaluated using (13), serving as a key reference for 
power allocation in the DMPC-based FR control. As this 
evaluation involves current and energy, the RC ECM of bat‐
teries in (3)-(11) is embedded into the proposed DMPC strat‐
egy to facilitate accurate state prediction and effective inte‐
gration of battery degradation awareness.

C. State-space EV Model Based on ECM

As shown in Supplementary Material A Fig. SA1, a model 
for V2G control strategy in FR is first established to incorpo‐
rate the battery state and related constraints into the state-
space model, and we define this model as V2G control mod‐
el.

In this model, the coupled real-time interaction between 

the battery model and the V2G control system is investigat‐
ed. The details of the state-space EV model can be found in 
Supplementary Material A.

To facilitate MPC computation, the state-space EV model 
is discretized. The dynamic behavior of u1

b(t ) is discretized 
as:
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ïïïï
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u1
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b(k )e
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Dt
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b(k ) R1(k ) (1 - e
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Dt
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τ1( )k =R1( )k C1( )k

(14)

where k is the discrete time step index; and Dt is the time in‐
terval between two consecutive sampling instants.

In addition to the execution of the proposed DMPC strate‐
gy, it is essential to clarify the process and principles of bat‐
tery state updating. To track the power commands assigned 
to the EV, the output power is composed of the aggregated 
contributions from all battery cells within the battery pack. 
The terminal voltage of each battery cell is determined by 
(3) and (4). To abstract the complexity of the power convert‐
er, a proportional-integral (PI) current control loop is em‐
ployed according to (15).

iT
bi( )k + 1 =PI [ ]P ref

EVi( )k -PEVi( )k = iT
bi( )k +KPDP dev

EVi( )k +

KI∑
τ = 0

k

DP dev
EVi( )τ Dt (15)

where the subscript i denotes the ith EV in the CS; P ref
EVi is 

the reference EV power from the controller; PEVi is the EV 
power predicted by the battery model; KP and KI are the pro‐
portional and integral gains, respectively; and DP dev

EVi is the  
deviation of EV power predicted by the battery model.

To explicitly account for power tracking performance and 
dynamic response, and further mitigate its impact on FR, 
DP dev

EVi( )k  is introduced as a state variable.

DP dev
EVi( )k =P ref

EVi( )k -PEVi( )k (16)

DP dev
EVi(k ) between P ref

EVi(k ) and PEVi(k ) functions both as 
an output deviation indicator and as a state variable within 
the DMPC to enable accurate prediction and optimization of 
V2G FR power in the proposed DMPC strategy. The V2G 
FR power modeling based on battery states is detailed in 
Supplementary Material A Fig. SA2. Unlike existing ap‐
proaches that treat power and SoC as hard constraints, we 
further incorporate BMS-level current and voltage limits, 
forming dual constraints on V2G FR power. This ensures re‐
liable DMPC execution. Together, the V2G control model 
and power response model in Supplementary Material A 
Figs. SA1 and SA2 establish a unified link between battery 
states and V2G FR power while accounting for states and 
constraints of the battery from V2G participation.

The V2G control model incorporating battery states can 
be integrated into the SFR framework of islanded microgrid 
with V2G FR, as illustrated in Fig. 3.

This V2G control model serves as the prediction model 
for the proposed DMPC strategy, extending conventional 
converter constraints by including battery state limitations to 
ensure safe and reliable control. The detailed derivation of 
the state-space EV model is presented as follows.
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Based on (16), the V2G FR power model of the ith EV in 
the CS considering battery states and constraints is derived 
and presented in (17) and Supplementary Material A Fig. 
SA2. DP dev

EV (t ) is used as an index to characterize the dynam‐
ic response process of the EVs. This V2G FR power model 
can be used to analyze the FR process of EVs with respect 
to their battery management.

DṖ dev
EVi(t ) = ¶DP dev

EVi( )t
¶P ref

EVi( )t DP ref
EVi(t ) + ¶DP dev

EVi( )t
¶UEVi( )t DUEVi(t )    (17)

where UEVi(t ) and DUEVi(t ) are the terminal voltage and its 
deviation of the battery pack, respectively.

The objective of the DMPC controller is to take the state 
variables and the designed communication states of each EV 
as inputs for coordination, and generate the corresponding  
DP ref

EVi(t ) for each EV. Hence, FR support is provided, mini‐
mizing the mismatch between PEVi(t ) and P ref

EVi(t ) and miti‐
gating battery degradation during the FR process.

Therefore, a state-space EV model and corresponding 
DMPC controller are designed for each EV. The state vector 
of the EV incorporates DPEVi(t ), the deviation of delayed co‐
ordination control input received by the ith EV from the j th 
EV Dudelay

EVij (t ), the deviation of SoC of the ith EV DSoCi(t ), 
and DC loss

EVi in (13). Equation (13) is nonlinear and serves to 
quantify and compare the differential impact of V2G FR 
power on cycle-induced loss of battery capacity. It is linear‐
ized using a Taylor series expansion. In order to ensure the 
reasonable allocation of response power among the EVs 
while protecting the information privacy among them, only 
the SoC is exchanged among the EVs. The response power 
of the ith EV is influenced both by the output of its own 
DMPC controller as the command and by the coordinated 
component. The battery state update in the EV is considered 
in the state equations. To reduce the complexity of the solu‐
tion, the SoC information of other EVs is differenced and 
treated as a coordination term, which is incorporated into the 
control model of each EV. Additionally, the individual bat‐
tery degradation is set as the control objective of the DMPC. 
The state equations are given in Supplementary Material A.

Therefore, a discrete state-space EV model is established 
for each EV within the CS.

ì

í

î
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ï

ï
ïï
ï

xEVi( )k + 1 =AEVi xEVi( )k +BEViuEVi( )k +

                        ∑
i ¹ j

( )LEVij AEVij xEVj( )k +BEVjuEVj( )k

yEVi( )k =CEVi xEVi( )k

(18)

where xEVi = [Df ( )t  DPG( )t  DP dev
EVi( )t  Dudelay

EVij ( )t  DSoCi( )t  

]DC loss
EVi (t )

T
Înev with nev indicating nev-dimensional real Eu‐

clidean space; yEVi = [ ]Df ( )t DP dev
EVi( )t DSoCi( )t DC loss

EVi ( )t T
; 

AEVij is the state-coordinated communication matrix from the 
j th EV to the ith EV; uEVi(t ) is the output increment vector of 
the ith EV; AEVi is the discrete-time state transition matrix of 
the ith EV; BEVi is the control input matrix of the ith EV; 
LEVij is the communication link matrix of the j th EVs to the 
ith EV, and it is a 0-1 square matrix whose dimension corre‐
sponds to the number of controllable EVs; and CEVi is the 
output matrix of the ith EV.

State collaboration among EVs is implemented as follows. 
In addition to monitoring the frequency of islanded mi‐
crogrid, information exchange between EVs is limited to 
SoC, with no other state variables transmitted. If a communi‐
cation link exists between the ith and the j th EVs, AEVij is de‐
fined, with details shown in Supplementary Material A; oth‐
erwise, it is set to be a zero matrix. This design reduces 
communication burden and enhances user privacy.

In this paper, we construct the V2G control model, which 
is capable of sensing battery states, interfacing with both the 
BMS and the V2G system. The resulting state-space EV 
model can be integrated into the state-space framework of 
the DMPC controller for individual EVs.

D. Proposed DMPC Strategy with Battery State Constraints 
for LFC

The future states and predicted outputs of all controlled 
EVs within the prediction horizon are derived from (18).
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x̄EVi( )k +Np + 1| k =ANp

CS L i XCS( )k +ANp

CS L'i
-
X CS( )k | k - 1 +

                                 ∑
s = 1

Np

As - 1
CS BEViuEVi( )k + s | k +

                                 ∑
j ¹ ijÎ{12N}

∑
s = 1

Np

As - 1
CS BEVjuEVj( )k + s | k - 1

ȳEVi( )k +Np + 1| k =CEVi x̄EVi( )k +Np + 1| k

(19)

where s is the number of fixed prediction steps; Np is the 
length of prediction horizon; XCS is the steady-state vector of 
EVs; ANp

CS is the dynamic adjustment state vector of EVs; L i 
is the local weight vector of the ith EV; L'i is the neighboring 
coupling weight vector of the ith EV; and  ̄ denotes the corre‐
sponding predicted value. Each EV executes its own DMPC 
controller, computing its future input uEVi( )k + s | k  for a 
fixed prediction step s. Note that XCS, ACS, L i, and L'i are fur‐
ther illustrated in Supplementary Material A (SA1)-(SA4).

Based on the controller output, the states of each EV can 
be updated, and future states can be predicted. As the 
DMPC controller is employed for each EV, the primary ob‐
jective is to allocate the V2G FR power effectively, acceler‐
ate the frequency recovery of the islanded microgrid, reduce 
the output of the microturbine, and minimize the battery deg‐
radation. Since these control objectives are all related to the 
state variables in the EV state equations, the variation of the 
entire state vector is adopted as the optimization target. The 

Power system Dispatch center

SFR framework of
islanded microgrid

Constraints in V2G
control model

Other
resources

Power allocationPower
referenceDMPC controller

for V2G FR

PEV(t) Battery
state

∆f
EV

CS

ECM

Point of common
coupling switch

Fig. 3.　Location of battery states in SFR framework of islanded microgrid 
with V2G FR.

1444



KE et al.: DISTRIBUTED MODEL PREDICTIVE CONTROL STRATEGY BASED ON BATTERY STATE AND DEGRADATION AWARENESS...

multi-objective control problem, including V2G FR power 
and battery degradation, is coordinated through a weighting 
matrix to balance these control objectives. Therefore, the 
control objective of DMPC controller JEVi designed for each 
EV at time k is formulated as:

JEVi( )k =min∑
n = 0

Nc (( )x̄EVi( )k + n | k
2

Qi

+ ( )ūEVi( )k + n | k
2

Ri

+

)∑
j = 1j ¹ i

N ( )ūEVj( )k + n | k - 1
2

Rj

(20)

where Qi, Ri, and Rj are the positive definite and symmetric 
weighting matrices corresponding to the states, control in‐
puts, and collaborative control inputs, respectively; and Nc is 
the control horizon that is set to be 10.

The cost function in (20) incorporates state variables such 
as frequency recovery of islanded microgrid, V2G FR pow‐
er, power deviation, as well as the states representing coordi‐
nation among multiple EVs. By tuning the associated 
weights, the cost function can balance these objectives, 
achieving an optimal coordination and desired control perfor‐
mance. The control constraints in the proposed DMPC strate‐
gy are given as:

ì
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î

ïïïï

ï
ïï
ï

P cha
EVimax £DP ref

EVi(k ) £P dis
EVimax

SoC min
i £ SoCi(k ) £ SoC max

i

uT
bii

T
biÎΩsafe

(21)

where P cha
EVimax and P dis

EVimax are the maximum charging and 
discharging power of the ith EV, respectively; and SoC min

i  
and SoC max

i  are the minimum and maximum acceptable SoC 
limits for the ith EV, respectively. Note that uT

bi  and  iT
bi must 

remain within safety boundaries Ωsafe to prevent overcharg‐
ing.

The workflow of the proposed DMPC strategy is further 
illustrated in Supplementary Material A Fig. SA3. The 
DMPC controller receives the frequency deviation of the is‐
landed microgrid, as shown in (1). Simultaneously, it col‐
lects outputs from all EVs within the CS, including SoC, 
V2G FR power, and the error between the actual V2G FR 
power from the BMS and that predicted by the state-space 
EV model, enabling real-time evaluation of the EV states 
and control effectiveness. Based on these inputs, the DMPC 
controller generates optimal power control commands for 
each EV, forming a cross-scale hierarchical framework for 
V2G control strategy.

IV. CASE STUDY

A. Simulation Setup and Cases

In this paper, the state-space EV model with battery state 
and degradation awareness is incorporated into the predictive 
model of the DMPC controller for V2G FR. The simulation 
models used in this paper are the same as those employed 
for the DMPC controller and state observer design, ensuring 
the consistency between control design and simulation analy‐
sis. The battery model is based on an RC ECM [33], and the 
V2G control model follows the LFC modeling commonly 
used in FR control [19]. The objective is to ensure that the 

V2G FR satisfies the internal battery state constraints of 
EVs while enhancing the FR performance and improving the 
rationality of power allocation in the proposed DMPC strate‐
gy. Accordingly, in the simulation study, the effectiveness of 
the proposed DMPC strategy is evaluated by comparing dif‐
ferent controllers and by employing various EV models with‐
in the controller. The control horizon of 10 steps is selected 
with a sampling time of 0.1 s, resulting in a prediction hori‐
zon of 1 s. The selected horizon provides a good balance, en‐
suring satisfactory tracking performance and stable operation 
while maintaining real-time feasibility.

The simulation is conducted in an islanded microgrid for 
frequency regulation, including a CS. The detailed parame‐
ters are given in Supplementary Material B Table SBI. The 
cost function weights are set to be [0.3, 0, 0.3, 0.1, 0, 0.3]. 
The weights for generator output and SoC variation are set 
to be zero to simplify the optimization, which is applicable 
to CSs with a larger number of EVs. However, for the sake 
of clarity in presenting the simulation results, 6 EVs in dif‐
ferent SoC ranges are considered in the CS, with initial SoC 
values of 75%, 65%, 55%, 45%, 35%, and 25%, respective‐
ly. The fluctuations of wind and PV power or load are intro‐
duced as disturbances, with FR jointly provided by microtur‐
bines and the CS participating in V2G. A load disturbance is 
applied at 4 s, and the frequency recovery process is ob‐
served over a 20-s period. Three disturbance scenarios are 
considered, listed as follows.

1) Scenario 1: with step load disturbance of 0.1 p.u. at 4 s.
2) Scenario 2: with 0.1 p.u. step disturbance superimposed 

with ±0.08 p.u. stochastic fluctuation.
3) Scenario 3: with the same step disturbance as Scenario 

1, used for comparison with other typical control strategies.
Note that Scenarios 1 and 2 are designed to evaluate the 

V2G FR capability to ① respond to sudden, large, and deter‐
ministic load changes, and ② maintain steady-state regula‐
tion and robustness under uncertain disturbances. Scenario 3 
compares the proposed DMPC strategy with a centralized 
MPC and two model-free controllers including droop control 
(Rcs = 0.2) and VSG control (J = 200 and D = 120) [24], 
where Rcs is the droop coefficient of CS; and J is the mo‐
ment of inertia. The centralized MPC uses the same model 
and constraints without distributed coordination. Other set‐
tings and disturbances match those in Scenario 1. 

In each scenario, four simulation cases are considered as 
follows.

1) Case 1: the proposed DMPC strategy (with communica‐
tion among EVs) is adopted.

2) Case 2: centralized droop control (baseline strategy) is 
adopted.

3) Case 3: DMPC (without communication among EVs) is 
adopted.

4) Case 4: VSG control is adopted.
In Case 1, the battery model is incorporated into the 

DMPC controller, enabling accurate predictions of battery 
voltage and current, which are treated as state constraints. 
Apart from the specific differences, all other settings in Cas‐
es 2-4 are kept the same as those in Case 1. Case 2 adopts 
the centralized droop control, as shown in Fig. 4(a). Case 3 
adopts the DMPC, as shown in Fig. 4(b), and neglects the 
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communication among EVs, meaning that each EV within 
the CS operates its own independent MPC controller. Case 4 
models each EV as a first-order inertial element, and its time 
constant TEV = 0.5  s. For Case 4, the battery model employed 
in Case 1 is replaced with a first-order inertia link to repre‐
sent the dynamic response of the EV when executing power 
commands. The modeling of the first-order inertia link is 
consistent with other existing research [19] on V2G FR. 
However, the battery degradation rate is still calculated us‐
ing (12) and (13) for comparison.

B. Results and Discussions

The effectiveness of the proposed DMPC strategy is evalu‐
ated primarily from two perspectives: frequency recovery 
and execution of the V2G FR control. Frequency recovery is 
assessed using two metrics: the frequency nadir Dfnadir and 
the frequency settling time Tsettle. Tsettle is defined when Df (t ) 
first enters and subsequently remains within the absolute tol‐
erance band of ±0.02 Hz:

Tsettle =min{t ³ 0 |"τ ³ t |Df (τ ) | £ 0.02 Hz} (22)

The execution of the proposed DMPC strategy is evaluat‐
ed using four performance metrics: the cumulative frequency 

deviation ∫
t
∑
i = 1

N

DP dev
EVi( )t dt, the maximum output of the micro‐

turbine DPGmax, the cumulative battery degradation ∫
t
∑
i = 1

N

DC loss
EVi ( )t dt, and the amount of information exchange 

Qcomm. ∫
t
∑
i = 1

N

DP dev
EVi( )t dt and ∫

t
∑
i = 1

N

DC loss
EVi ( )t dt correspond to the 

definite integral of DP dev
EVi in (16) and DC loss

EVi in (13) of all 
EVs over the simulation interval, respectively. The state com‐
parison of four cases in Scenario 1 is shown in Fig. 5. The 
amount of Qcomm is quantified using the bidirectional commu‐
nication links and the collaborative interaction state vari‐
ables, which is defined as:

Qcomm =

ì
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ïï
ï

ï
ïï
ï

N ( )N - 1 ( )mEV
states +mglobal

states     Qcomm =Qcenter
comm

( )∑
i = 1

N∑
j = 1

N

LEVij mEV
states + 2Nmglobal

states     Qcomm =Qdmpc
comm

(23)

where Qcenter
comm and Qdmpc

comm are the total amounts of communica‐
tions in the centralized droop controller and DMPC control‐
ler, respectively; mEV

states is the number of collaborative state 
variables of state-space EV model; mglobal

states  is the number of 
global state variables in the proposed DMPC strategy includ‐
ing the frequency of islanded microgrid and microturbine 
output; and LEVij is the element of LEVij.

The simulation presented in this paper is carried out using 
MATLAB R2024a and Simulink. The simulation results are 
analyzed separately for Scenario 1 and Scenario 2. Note that 
additional comparisons with other typical control strategies 
(as defined by Scenario 3) are provided in Supplementary 
Material C.
1)　Scenario 1

The step disturbance primarily examines the transient re‐
sponse characteristics of the control strategy such as the fre‐
quency nadir, frequency settling time, and steady-state error. 
Therefore, in Scenario 1, following a step disturbance in 4 s, 
the EVs participating in V2G under the proposed DMPC 
strategy provide frequency support according to the control 
commands issued by the DMPC controller, jointly support‐
ing the frequency alongside the microturbine in the islanded 
microgrid. The frequency deviation, power deviation, micro‐
turbine output, and V2G FR power of CS are illustrated in 
Fig. 5. By taking the first EV (EV1) as an example, the 
V2G FR power modeling for battery of EV1 in Case 1 of 
Scenario 1 is shown in Fig. 6. The quantitative metrics re‐
garding frequency recovery performance and execution of 
the V2G FR control are summarized in Supplementary Mate‐
rial C Table SC1. Figures 5(b) and 6 jointly illustrate the 
role of the battery model within the proposed DMPC strate‐
gy.

As illustrated in Fig. 6, the battery states adhere to the im‐
posed state constraints, effectively maintaining voltage and 
current within the safe operation region. The dynamic re‐
sponse of the battery model to  power commands closely re‐
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sembles a first-order inertial system, as commonly assumed 
in existing studies. 

Owing to the inherent response delay of the closed-loop 
control system, a deviation between the power command 
and actual power is inevitable. However, this deviation di‐
minishes gradually after approximately 3.7 s following the 
disturbance, once the power command becomes constant. 
The system frequency subsequently enters the stable region 
about 4.9 s after the disturbance, which is significantly short‐
er than those in Case 3 (6.2 s) and Case 4 (11.4 s), indicat‐
ing the positive impact of incorporating battery state con‐
straints on the FR performance of the DMPC controller.

Although the centralized droop control in Case 2 exhibits 
smaller oscillation amplitudes, it suffers from a steady-state 
frequency deviation of 0.03 Hz. The typical safe operation 
region is set to be 0.02 Hz, and such a steady-state frequen‐
cy deviation is unacceptable. Centralized droop control fea‐
tures simple implementation, fast response, and robustness to 
model uncertainties, enabling direct local reaction to system 
disturbances. However, it struggles to handle complex opera‐
tion constraints and offers low power allocation accuracy, be‐
ing tied to predefined droop coefficients.

To further clarify the differences in control performance 
and communication architecture, we compare Case 1 and 
Case 2. The DMPC in Case 1 enables secondary frequency 
regulation and full frequency restoration, though its power 
commands may exhibit transient oscillations. In contrast, the 
centralized droop control in Case 2 stabilizes frequency devi‐
ations but cannot restore the frequency to its nominal value, 
providing only primary frequency control. Therefore, the 
power deviations in Case 1 are larger than those in Case 2, 
which is acceptable. Moreover, the centralized structure of 
Case 2 increases the number of links, reduces reliability, and 
raises privacy concerns, whereas the distributed structure of 
Case 1 reduces communication requirements and enhances 
scalability and data security, making it a more practical 
choice.

In Case 3, the communication among individual EVs is 
neglected, and each MPC controller lacks access to the actu‐
al power responses and states of other EVs. In Case 4, a 

first-order inertia element is employed for modeling, which 
makes it difficult to explicitly incorporate internal battery 
states and constraints into the DMPC controller. Moreover, 
the inherent delay of the first-order inertia element leads to a 
larger power deviation. As a result, both Case 3 and Case 4 
exhibit more severe frequency oscillation amplitudes.

By taking Case 1 as an example, the power allocation re‐
sults of individual EVs within the proposed DMPC strategy 
are presented. Due to variations in the SoC, the power allo‐
cation among EVs is illustrated in Fig. 7. Note that in Fig. 
7, EViref represents the reference power command generated 
by the DMPC controller for the ith EV, while EVireal repre‐
sents the actual power output for the ith EV considering the 
battery dynamics and constraints. Generally, EVs with high‐
er SoC are allocated with larger power responses. However, 
the incorporation of power deviations of EV model within 
the DMPC controller results in a nonlinear relationship 
among SoC levels, power allocation, and power deviations. 
The metrics in Table SAII reveal that Case 1 demonstrates 
superior performance over Case 3 and Case 4 across multi‐

ple metrics, including Dfnadir, Tsettle, ∫
t
∑
i = 1

N

DC loss
EVi ( )t dt, and 

∫
t
∑
i = 1

N

DP dev
EVi( )t dt. The results support that the proposed 

DMPC strategy combines the control objectives while coordi‐
nating the battery states and power responses of the individu‐
al EVs.

2)　Scenario 2
To evaluate the performance of the V2G control system 

with the battery model under realistic and unpredictable dis‐
turbances, Scenario 2 is designed with continuous random 
frequency fluctuations based on Scenario 1. Scenario 2 tests 
the robustness and dynamic regulation capability of the con‐
troller. Compared with the step disturbance scenario, continu‐
ous random frequency fluctuations impose more frequent 
and irregular control actions, which limit the effectiveness of 
EV coordination. The state comparison of four cases in Sce‐
nario 2 is shown in Fig. 8.

The frequency recovery trend is similar to that in Scenario 
1, with the frequency nadir in Case 1 being 0.1359 Hz. In 
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Case 2, centralized droop control slightly improves frequen‐
cy stability and attenuates oscillations. However, it still fails 
to address the challenges of complex model constraints, 
steady‐state deviation, and optimal coordination of power al‐
location because of the control framework. 

Under random disturbances, Case 1 still outperforms Case 
3 (0.2960 Hz) and Case 4 (0.2024 Hz) in frequency stability. 
This is because, in Case 3, the EVs lose their coordinated ef‐
fects, and the share of microturbine output increases by 
84.3% compared with that in Case 4, thereby reducing the 
V2G contribution. Due to the large inertia of the microtur‐
bine, the oscillation amplitude becomes more pronounced.

In Case 4, with the EVs modeled as first‐order inertial ele‐
ments, their V2G FR power cannot accurately track rapidly 
varying control commands under random disturbances, result‐
ing in a significant power deviation. The accumulated devia‐
tion reaches -10.416 kWs, which is not considered in the 
control strategy design. Consequently, the first ‐ order inertia 
modeling is inadequate for frequency regulation in the sce‐
narios with high stochasticity.

The performance metrics are listed in Supplementary Ma‐
terial A Table SAII, along with detailed illustration. These 
metrics collectively reflect the dynamic performance, control 
efficiency, and communication requirements for different cas‐
es. From the results presented in Table SAII, it can be ob‐
served that in scenarios 1 and 2, Case 1 and Case 2 perform 
significantly better than Case 3 and Case 4 in the first four 

metrics, i.e., Dfnadir, Tsettle, ∫∑
i = 1

N

DP loss
EVi( )t dt, and DPGmax, which 

highlights the effectiveness of the EV model for V2G con‐
trol and the superiority of the proposed DMPC strategy. Fur‐
thermore, a comparison between Case 1 and Case 2 reveals 
that, while achieving nearly identical frequency response per‐
formance (the frequency nadir differs by only 0.001 Hz in 
Scenario 1 and 0.008 Hz in Scenario 2), Case 1 requires few‐
er communication links and a lower microturbine output. 

This indicates that Case 1 can achieve comparable frequency 
regulation performance with reduced communication and 
generation effort, thereby demonstrating a more efficient uti‐
lization of the V2G capability.
3)　Battery Degradation Analysis

The battery model in this paper enables the calculation of 
the V2G FR power during the response process and the bat‐
tery state variables. This model is applied consistently across 
all four cases in Scenarios 1 and 2 for estimating the total 
degradation rate in the battery degradation analysis. The to‐
tal degradation rate of four cases in Scenarios 1 and 2 are 
shown in Fig. 9. By integrating over the simulation period, 
the battery degradation of the EVs participating in the V2G 
process is obtained. Since parameter tuning of the battery 
model is not the focus of this paper, the parameters from 
[34] are adopted for the battery modeling. This serves solely 
to validate the impact of the proposed DMPC strategy on 
battery degradation. More accurate calculations require inves‐
tigations conducted over longer time scales in V2G studies.

Frequent load disturbances of this nature, if solely support‐
ed by V2G responses, can cause a significant increase in 
charging and discharging cycles of batteries, adversely affect‐
ing their lifespan. As shown in the metrics in Supplementary 
Material C Table SC1, for Case 1, such V2G responses lead 
to an accumulated degradation rate increase of 4.5%, rising 
from 1.34 ´ 10-3 Ah to 1.40 ´ 10-3 Ah after time integration.
4)　Computational Effort Scales with Increase of EVs

The wall-clock simulation time is measured on a desktop 
equipped with an Intel(R) Core(TM) i7-14700KF CPU @ 3.40 
GHz. For a simulation duration of 20 s, the total computa‐
tion time is 9.49 s, indicating that the optimization can be 
solved efficiently within each control step.

Furthermore, the computational effort of the cross-scale hi‐
erarchical framework for V2G control strategy is evaluated 
under different EV fleet sizes. The simulation time increases 
almost linearly from 9.49 s to 38.50 s as the number of EVs 
grows from 6 to 48. This near-linear trend indicates that the 
dominant computational load comes from per-EV dynamic 
calculations, and the model scales predictably as the fleet 
size increases.

By adopting the RC ECM, the proposed DMPC strategy 
incorporates battery state constraints and can be effectively 
implemented in CSs. The cross-scale DMPC embeds these 
constraints into the local optimization problem and quanti‐
fies the battery degradation of each EV, enabling frequency 
regulation with battery-aware management. The cross-scale 

Case 1; Case 2; Case 3; Case 4

0.0005
0.0010
0.0015
0.0020
0.0025

To
ta

l d
eg

ra
da

tio
n

ra
te

 (A
h·

s-1
)

0 5 10 15 20
Time (s)

(a)

To
ta

l d
eg

ra
da

tio
n

ra
te

 (A
h·

s-1
)

0 5 10 15 20
Time (s)

(b)

0.0005
0.0010
0.0015
0.0020
0.0025

Fig. 9.　Total degradation rate of four cases in Scenarios 1 and 2. (a) Sce‐
nario 1. (b) Scenario 2.

-0.2

0

0.2

0.4

-0.3

-0.1

0.1

0.3

Fr
eq

ue
nc

y 
de

vi
at

io
n

(H
z)

-20
-10

0
10
20
30

Po
w

er
 d

ev
ia

tio
n

(k
W

)

-200
-240

-160
-120
-80
-40

0

V
2G

 F
R 

po
w

er
 o

f C
S

(k
W

)

-150

150

-100
-50

0
50

100

M
ic

ro
tu

rb
in

e 
ou

tp
ut

(k
W

)

0 5 10 15 20
Time (s)

(a)

0 5 10 15 20
Time (s)

(b)

0 5 10 15 20
Time (s)

(c)

0 5 10 15 20
Time (s)

(d)
Case 1; Case 2; Case 3; Case 4

Fig. 8.　State comparison of four cases in Scenario 2. (a) Frequency devia‐
tion. (b) Power deviation. (c) Microturbine output. (d) V2G FR power of 
CS.

1448



KE et al.: DISTRIBUTED MODEL PREDICTIVE CONTROL STRATEGY BASED ON BATTERY STATE AND DEGRADATION AWARENESS...

hierarchical framework readily scales to large V2G systems 
and requires only the communication topology among coordi‐
nated EVs. The modeling and controller design are unified, 
and each EV performs local optimization with limited coordi‐
nation. Moreover, the state-space formulation aligns with the 
sampling rates of hardware-in-the-loop (HIL) platforms, fa‐
cilitating real-time implementation.

V. CONCLUSION

This study addresses the limitation in existing V2G FR 
control, where the modeling of EVs often neglects the inter‐
nal battery state and degradation. A DMPC strategy based 
on battery state and degradation awareness is proposed to en‐
able EVs to participate in grid frequency regulation. By em‐
bedding an RC ECM of batteries into the DMPC, the pro‐
posed DMPC strategy accurately captures the SoC and bat‐
tery degradation rate, thereby enhancing the physical fidelity 
of the V2G model and improving its FR performance. More‐
over, an equivalent degradation model of batteries is incorpo‐
rated into the multi-objective optimization process, achieving 
coordinated management of battery states and degradation 
performance. Simulation results show that the proposed 
DMPC strategy shortens the frequency settling time by 6.5 
s, reduces the V2G command tracking deviation to 2.77 
kWs, improves the degradation suppression rate by more 
than 4.5%, and realizes more balanced power allocation 
among EVs. The proposed cross-scale hierarchical frame‐
work coordinates the optimization objectives between the 
battery and grid levels, achieving hierarchical optimization 
from individual batteries to the entire CS, and providing a 
practical pathway toward battery state and degradation-aware 
V2G control strategy.

Although the models facilitate theoretical validation, they 
have limitations in capturing the complex nonlinearities and 
parameter variations of real batteries, which may affect the 
accuracy and generalizability of the simulation results. Fu‐
ture research will focus on investigating time-varying param‐
eters in the RC ECM of batteries, developing data-driven 
battery degradation models, extending the strategy to large-
scale heterogeneous EV fleets, and conducting experimental 
or HIL validation to verify practical performance.

REFERENCES

[1] J. Sharma, C. K. Sundarabalan, and C. Balasundar, “Advanced energy 
management strategy for enhancing battery lifespan in solar PV-pow‐
ered EV charging stations with hybrid energy storage systems,” Re‐
newable Energy, vol. 251, no. 2, p. 123443, Oct. 2025.

[2] X. Xu, Z. Qiu, T. Zhang et al., “Distributed source-load-storage coop‐
erative low-carbon scheduling strategy considering vehicle-to-grid ag‐
gregators,” Journal of Modern Power Systems and Clean Energy, vol. 
12, no. 2, pp. 440-453, Mar. 2024.

[3] M. A. Nasab, W. K. Al-Shibli, M. Zand et al., “Charging management 
of electric vehicles with the presence of renewable resources,” Renew‐
able Energy Focus, vol. 48, no. 1, p. 100536, Mar. 2024.

[4] S. Ke, L. Chen, J. Yang et al., “Vehicle to everything in the power 
grid (V2eG): a review on the participation of electric vehicles in pow‐
er grid economic dispatch,” Energy Conversion and Economics, vol. 
3, no. 5, pp. 259-286, Oct. 2022.

[5] S. Ke, R. Guo, W. Mai et al., “Enhancing resilience of networked mi‐
crogrids using V2G: a distributed model predictive control approach 
with non-intrusive battery surrogate,” IEEE Transactions on Industry 
Applications, vol. 62, no. 2, pp. 3368-3381, Mar. 2026.

[6] K. Knezovic, S. Martinenas, P. B. Andersen et al., “Enhancing the 
role of electric vehicles in the power grid: field validation of multiple 
ancillary services,” IEEE Transactions on Transportation Electrifica‐
tion, vol. 3, no. 1, pp. 201-209, Mar. 2017.

[7] X. Li, C. Li, F. Luo et al., “Electric vehicles charging dispatch and op‐
timal bidding for frequency regulation based on intuitionistic fuzzy de‐
cision making,” IEEE Transactions on Fuzzy Systems, vol. 31, no. 2, 
pp. 596-608, Feb. 2023.

[8] K. Sabahi, M. Jamil, Y. Shokri-Kalandaragh et al., “Deep determinis‐
tic policy gradient reinforcement learning based adaptive PID load fre‐
quency control of an AC micro-grid,” IEEE Canadian Journal of Elec‐
trical and Computer Engineering, vol. 47, no. 1, pp. 15-21, Mar. 2024.

[9] X. Zhang, D. Shin, Y. Son et al., “Three-stage flexibility provision 
framework for radial distribution systems considering uncertainties,” 
IEEE Transactions on Sustainable Energy, vol. 14, no. 2, pp. 948-961, 
Apr. 2023.

[10] S. Kiani, K. Sheshyekani, and H. Dagdougui, “An extended state 
space model for aggregation of large-scale EVs considering fast charg‐
ing,” IEEE Transactions on Transportation Electrification, vol. 9, no. 
1, pp. 1238-1251, Mar. 2023.

[11] S. Gao, R. Dai, W. Cao et al., “Combined provision of economic dis‐
patch and frequency regulation by aggregated EVs considering electric‐
ity market interaction,” IEEE Transactions on Transportation Electrifi‐
cation, vol. 9, no. 1, pp. 1723-1735, Mar. 2023.

[12] L. Ding, S. Ke, J. Yang et al., “A heuristic-fuzzy improved virtual syn‐
chronous generator control strategy for charging station frequency reg‐
ulation,” Journal of Energy Storage, vol. 99, p. 113411, Oct. 2024.

[13] L. Liu, Z. Hu, and A. Mujeeb, “Automatic generation control consider‐
ing uncertainties of the key parameters in the frequency response mod‐
el,” IEEE Transactions on Power Systems, vol. 37, no. 6, pp. 4605-
4617, Nov. 2022.

[14] M. Wang, Y. Mu, Q. Shi et al., “Electric vehicle aggregator modeling 
and control for frequency regulation considering progressive state re‐
covery,” IEEE Transactions on Smart Grid, vol. 11, no. 5, pp. 4176-
4189, Sept. 2020.

[15] B. Khokhar and K. P. Parmar, “A novel adaptive intelligent MPC 
scheme for frequency stabilization of a microgrid considering SoC con‐
trol of EVs,” Applied Energy, vol. 309, p. 118423, Mar. 2022.

[16] J. Mu, Z. Yang, D. He et al., “Multi-objective DMPC for heteroge‐
neous electric vehicle platoons with communication delay under 
switching communication topology,” IEEE Transactions on Transpor‐
tation Electrification, vol. 12, no. 1, pp. 275-284, Feb. 2026.

[17] M. A. Nasab, M. A. Dashtaki, B. Ehsanmaleki et al., “LFC of smart, 
interconnected power system in the presence of renewable energy 
sources using coordinated control design of hybrid electric vehicles,” 
Renewable Energy Focus, vol. 50, p. 100609, Sept. 2024.

[18] M. Khan and H. Sun, “Complete provision of MPC-based LFC by 
electric vehicles with inertial and droop support from DFIG-based 
wind farm,” IEEE Transactions on Power Delivery, vol. 37, no. 2, pp. 
716-726, Apr. 2022.

[19] S. Ke, J. Yang, L. Chen et al., “A frequency control strategy for EV 
stations based on MPC-VSG in islanded microgrids,” IEEE Transac‐
tions on Industrial Informatics, vol. 20, no. 2, pp. 1819-1831, Feb. 
2024.

[20] M. Liu, Y. Shi, and X. Liu, “Distributed MPC of aggregated heteroge‐
neous thermostatically controlled loads in smart grid,” IEEE Transac‐
tions on Industrial Electronics, vol. 63, no. 2, pp. 1120-1129, Feb. 
2016.

[21] Y. Shi, H. D. Tuan, A. V. Savkin et al., “Distributed model predictive 
control for joint coordination of demand response and optimal power 
flow with renewables in smart grid,” Applied Energy, vol. 290, p. 
116701, May 2021.

[22] S. Ke, L. Ding, J. Tian et al., “Feedback inertia control and energy-
based inertia estimation for frequency response enhancement in V2G-
enabled charging stations,” Journal of Power Sources, vol. 647, p. 
237123, Aug. 2025.

[23] S. Ke, L. Ding, X. Shi et al., “Response characteristics and regulation 
feasibility of DC charging station controlled by GFM/GFL virtual iner‐
tia for grid frequency stability,” IEEE Transactions on Transportation 
Electrification, vol. 11, no. 3, pp. 7743-7758, Jun. 2025.

[24] S. Ke, J. Yang, Z. Lu et al., “Consistency collaboration control strate‐
gy based on adaptive virtual inertia in multiple charging stations,” 
IEEE Transactions on Energy Conversion, vol. 39, no. 2, pp. 896-913, 
Jun. 2024.

[25] S. A. G. K. Abadi, J. Choi, and A. Bidram, “A method for charging 
electric vehicles with battery-supercapacitor hybrid energy storage sys‐
tems to improve voltage quality and battery lifetime in islanded build‐

1449



JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 14, NO. 4, July 2026

ing-level DC microgrids,” IEEE Transactions on Sustainable Energy, 
vol. 14, no. 3, pp. 1895-1908, Jul. 2023.

[26] B. M. Gundogdu, S. Nejad, D. T. Gladwin et al., “A battery energy 
management strategy for U.K. enhanced frequency response and triad 
avoidance,” IEEE Transactions on Industrial Electronics, vol. 65, no. 
12, pp. 9509-9517, Dec. 2018.

[27] Q. Ma, W. Wei, L. Wu et al., “Life-aware operation of battery energy 
storage in frequency regulation,” IEEE Transactions on Sustainable 
Energy, vol. 14, no. 3, pp. 1725-1736, Jul. 2023.

[28] X. Sun, H. Xie, D. Qiu et al., “Incentivizing EVs to provide frequen‐
cy regulation services by aggregative game-based mechanism,” IEEE 
Transactions on Vehicular Technology, vol. 73, no. 9, pp. 12787-
12800, Sept. 2024.

[29] S. Stock, J. Hagemeister, S. Grabmann et al., “Cell teardown and char‐
acterization of an automotive prismatic LFP battery,” Electrochimica 
Acta, vol. 471, p. 143341, Dec. 2023.

[30] J. Gong, D. Wasylowski, J. Figgener et al., “Quantifying the impact of 
V2X operation on electric vehicle battery degradation: an experimental 
evaluation,” eTransportation, vol. 20, p. 100316, May 2024.

[31] C. Mu, W. Liu, and W. Xu, “Hierarchically adaptive frequency control 
for an EV-integrated smart grid with renewable energy,” IEEE Trans‐
actions on Industrial Informatics, vol. 14, no. 9, pp. 4254-4263, Sept. 
2018.

[32] Z. Afshar, H. Rahmanei, I. Bhogaraju et al., “Hierarchical frequency 
and SOC control of power grids with battery energy storage systems,” 
IEEE Transactions on Power Electronics, vol. 39, no. 7, pp. 7925-
7937, Jul. 2024.

[33] R. Arya, S. Modi, and S. Ganguli, “Parameter estimation of first-order 
RC model of lithium-ion batteries in electric vehicles using slime 
mould algorithm,” in Linear and Nonlinear System Modeling. Hobo‐
ken: Wiley-Scrivener, 2024, pp. 173-195.

[34] M. Petit, E. Prada, and V. Sauvant-Moynot, “Development of an em‐
pirical aging model for li-ion batteries and application to assess the im‐
pact of vehicle-to-grid strategies on battery lifetime,” Applied Energy, 
vol. 172, pp. 398-407, Jun. 2016.

Song Ke received the Ph. D. degree in electrical engineering from Wuhan 
University, Wuhan, China, in 2024. He is currently a Postdoctoral Fellow 
with The Hong Kong Polytechnic University, Hong Kong, China. His re‐
search interests include user behavior modeling, battery management sys‐
tem, and intelligent control strategy design in vehicle to grid.

Weijie Mai received the B.Eng. degree in electrical engineering from The 

University of New South Wales, Sydney, Australia, in 2012, and the Ph.D. 
degree in electrical engineering from The Hong Kong Polytechnic Universi‐
ty, Hong Kong, China, in 2017. He currently serves as the Vice-President at 
Shenzhen Auto Electric Power Plant Co., Ltd., Shenzhen, China. His re‐
search interests include electric vehicle charging, energy storage system, 
smart grid, demand side management, demand response optimization, power 
system stability and control, planning and operation, and computational in‐
telligence application.

Jinpeng Tian received the Ph.D. degree in mechanical engineering and elec‐
trical engineering from Beijing Institute of Technology, Beijing, China, and 
Swinburne University of Technology, Melbourne, Australia, in 2021 and 
2022, respectively. From 2023 to 2024, he worked as a Postdoctoral Re‐
search Fellow at the Hong Kong Polytechnic University, Hong Kong, Chi‐
na, where he is currently a Research Assistant Professor. His research inter‐
est includes management of energy storage system, particularly rechargeable 
battery.

Ruohan Guo received the Ph.D. degree in electrical engineering from the 
Swinburne University of Technology, Melbourne, Australia, in 2024. He is 
currently a Postdoctoral Research Fellow with the Department of Electrical 
and Electronic Engineering and the Research Centre for Grid Modernisation 
at the Hong Kong Polytechnic University, Hong Kong, China. His research 
interests include battery health prognostics and management, fault detection, 
and screening and repurposing of retired battery for second-life application.

Shangyang He received the M.S. degree in automation from the Huazhong 
University of Science and Technology, Wuhan, China, in 2023. He is work‐
ing toward the Ph.D. degree in the Department of Electrical and Electronic 
Engineering at Hong Kong Polytechnic University, Hong Kong, China. His 
research interests include operation of ultra-fast electric vehicle charging sta‐
tion, energy storage system, deep learning, deep reinforcement learning, and 
graph neural network.

Chi Yung Chung received the Ph.D. degree in electrical engineering from 
The Hong Kong Polytechnic University, Hong Kong, China, in 1999. He is 
currently the Head of the Department of Electrical and Electronic Engineer‐
ing, the Chair Professor of Power Systems Engineering, and the Founder 
and Director of the Research Centre for Grid Modernisation at the Hong 
Kong Polytechnic University. His research interests include smart grid, re‐
newable energy, power system stability and control, planning and operation, 
computational intelligence application, electricity market, energy storage, 
and electric vehicle charging.

1450


