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Distributed Model Predictive Control Strategy
Based on Battery State and Degradation
Awareness for V2G Frequency Response in
Charging Stations

Song Ke, Weijie Mai, Jinpeng Tian, Ruohan Guo, Shangyang He, and Chi Yung Chung

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.
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1. INTRODUCTION

LECTRIC vehicles (EVs), as environmentally friendly
Ealternatives 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-
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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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A (1) == TE A (1) + 3 APs(1) + 3 AP(1) + 3 AP
AP(1) = APy (1) + APy (1) = AP (2) (1)
APcs(l‘) = ZAPEVi(t)

AP(1) = TGIRG Af (1) - %GMG(t) 2)

where ¢ is the time instant; Af (¢) is the frequency deviation;
M and D are the inertia and damping of islanded microgrid,
respectively; 7, Rg, and AP are the deviations of time con-
stant, droop coefficient, and output power of the microtur-
bine, respectively; APy,(#), APy (1), and AP (¢) are the de-
viations of wind power output, photovoltaic (PV) power out-
put, and load power demand, respectively; APy, is the V2G
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FR power of the i"™ EV; AP,(¢) is the total disturbance pow-
er; AP(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 P, 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.

Renewable

| energy N

E Uy EVI DC E Acé‘ijf, ! 3
E _— E ASoC;, ! 3
N e DC/” Al
' DC ' ‘ |
: ! — /o | 1
i - : F States and i i i
| constraints [« : RC ECM !
| DCj«—{ in batteries | | l !

— Control signal; — Measured signal; / Operation state constraint of battery; f Physical limit of V2G charger

Fig. 1. SFR framework of frequency regulation for 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. wugy, i=
1,2,..,N is the control input of the i EV produced by the
proposed DMPC strategy; AC}S: and ASoC, are the deviation
of battery degradation rate and change of SoC of the i™ EV,
respectively; and a, 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.

ny 12

configuration

EV battery
1

Battery pack

DC charger
o - -
Battery cells

| Battery model

Fig. 2. Battery model for V2G.

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]. nym, 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:

(1) =up(t) +uy(t) +i,(¢) Ro(2) ©)
where the superscript 7 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;
uj(¢) is the terminal voltage of battery cell; u}(¢) is the
open-circuit voltage; u,(¢) is the voltage across the RC paral-
lel network (typically modeling transient response); i;(¢) is
the terminal current of battery cell, and i;(¢) >0 indicates
charging while i;(¢) <0 indicates discharging; and R,(¢) is
the instantaneous ohmic resistance.

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

du},(t)__ 1 ' |
i RO e

where R,(¢) and C,(¢) 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
Ry, R, C,, uy° are denoted as fRU’fR|’fC1’f;AZ°’ respectively.

“4)

The specific results are in [33], and the methodology is
adapted as:

©)

where SoC(t) is the charging/discharging SoC. The detailed
definition of SoC(¢) is given as:
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t

36000, ), HDu(Dd©)
where SoC,, is the initial SoC of the EV participating in
V2G FR; Q, is the rated capacity of the battery cell; #, is
the energy efficiency, and when i/(7) >0, 7, is set to be 1,
and when i}(7) <0, 7, is set to be 0.98 to account for typi-
cal energy losses in the discharging process; 7 is the integra-
tion element; and the integral term i;(7)u,(t) 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 e](¢) and power
pi(t) of the battery cell can be expressed as:

et _pryy

pi(t) =uy ()i (1)
The energy level and terminal current of the battery cell
are constrained by (8) and (9), respectively.

T.mi T, T.ma
Eb mmgeb(t) SEb max

SoC(t) =SoC,,+

(7

®)

_RT;QO Sl'g(t) < RZQO (9)

U pnom Z’l177wnom
where E/'™ and E/™ are the minimum and maximum al-
lowable energy levels of the battery cell, respectively; R}
and R, are the maximum allowable discharging and charging
C-rates, respectively; and u; . 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 Py,(¢) and energy E.(¢) are formulated as
the sums of the corresponding quantities of p;(¢) and e;(¢)
in individual battery cells, as given in (10) and (11), respec-
tively.

Ppy(t) = EPZ(t)

beB (10)
EEV(t): zeZ(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 C55 is given as:

—Ea

L}L cyc

R,T,

l
Clw=B, exp /| Al (12)

where Ea,, is an activation energy for cycle aging expressed
in 31700 J/mol; z,,. is an exponent constant that should be
around 0.5 for diffusion limited process; a,, is set to be
370.3 in cycling aging; R, is the universal gas constant; 7, is
the absolute temperature in Kelvin; A4 denotes the cumula-
tive charge passed through a battery over its life, either dur-
ing charging or discharging period; and B, is a pre-expo-
nential factor in 44" " that depends on current.

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

ACEs, to evaluate battery degradation rate due to V2G FR.

dcls i) -Ea,. +a,,l|i |
loss __ EVi _ b T Teye T Peye|"b |
AC‘EVI_ dt 3600 L\L C}c(l)exp R T
1
1— —
loss
CEVI' (13)
Eacyc—‘racw

B, (I)exp

cyc

i,f|)

Given that EV FR occurs over a short timescale, varia-
tions in parameters such as R, and 7, 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

R,T,
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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 u,(¢) is discretized
as:

At

=ul(k)e "+

A
7,(k)

uy(k+1) i,(k) R, (k)1

|
7,(k) =R,(k)C,(k)

where k is the discrete time step index; and At 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).

ir (k+1) PI[Pgevf,(k)—PEv,( )] =il (k) +K,APE (k) +
KZAPS%V, (15)

where the subscript i denotes the i EV in the CS; P~ is
the reference EV power from the controller; Py, is the EV
power predicted by the battery model; K, and K, are the pro-
portional and integral gains, respectively; and AP 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,
AP{(k) is introduced as a state variable.

APi(k) =Py, (k) = Ppy,(k) (16)

AP (k) between Prr(k) and Pgy,(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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| Power system |<—>| Dispatch center

) Point of common
l coupling switch

SFR framework of | Af |DMPC controller

Power
reference

islanded microgrid for V2G FR
f
Other Pev(?) | Constraints in V2G Battery
resources control model state
Fig. 3. Location of battery states in SFR framework of islanded microgrid

with V2G FR.

Based on (16), the V2G FR power model of the i™ EV in
the CS considering battery states and constraints is derived
and presented in (17) and Supplementary Material A Fig.
SA2. APY(¢) 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.

5dev OAPE(L) \ e OAP(1)
APSW(t) = #APE\ZO‘) + R

OPv(1) OUy(1)
where Uy, (#) and AUy,,(¢) 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
APF (t) for each EV. Hence, FR support is provided, mini-
mizing the mismatch between Py,,(¢) and PX(¢) 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 APp,(), the deviation of delayed co-
ordination control input received by the i™ EV from the ;"
EV Auf#(1), the deviation of SoC of the i" EV ASoC,(t),

and AC\ 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 i™ 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.

Xy (k+1) = Ay xpy (k) + By gy, (k) +
Z(LEV[]A EV[ijVj(k) +BEVjuEVj(k)) (18)

i#j

Vevi( k) = Coyixpy (k)

AUg(1)  (17)
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where Xpyi = I:Af(t)’ APG(l‘)v Apgilvz(t)v Auge\}(:jy(t)’ ASOCi(t)’
ACE"\S}f(t)]Te R" with R" indicating n,,-dimensional real Eu-

clidean space; ygy,;= [Af(t),APSi,Vi(t),ASoCi(t),ACé"\iﬁ(t)}T;
Agy; is the state-coordinated communication matrix from the
Jj™ EV to the i™ EV; ug,,(¢) is the output increment vector of
the i™ EV; A,,, is the discrete-time state transition matrix of
the i™ EV; B,,, is the control input matrix of the i" EV;
Ly; is the communication link matrix of the Jj™ EVs to the
i™ EV, and it is a 0-1 square matrix whose dimension corre-
sponds to the number of controllable EVs; and Cgy, is the
output matrix of the i" 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 i" and the j™ EVs, Apgy; 1s 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).

Tov kN, + 1K) =AML Xog(k) + ARLX cs(k| k1) +
N

EP,AE_S] BEVquVi(k+S| k) +
s=1

N,y
DAL Brup(k+s|k-1)

j#iLje{l.2,...N}s=1

)_)EV[(k+Nﬁ+ 1|k) :CEVifEVi(k+N1’+ llk)

19)
where s is the number of fixed prediction steps; N, is the
length of prediction horizon; X4 is the steady-state vector of
EVs; AY is the dynamic adjustment state vector of EVs; L,
is the local weight vector of the i EV; L/ is the neighboring
coupling weight vector of the i™ EV; and ~ denotes the corre-
sponding predicted value. Each EV executes its own DMPC
controller, computing its future input uEw(k+s| k) for a
fixed prediction step s. Note that X, A, L, and L] 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
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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 Jg, designed for each
EV at time £ is formulated as:

N(
Jov (k) =min 2(()?EW(k+n\k))2Q + (@R nlK)) +
n=0 ! !

i (ﬁEVj(k+n|k—l))i

J=Lj=i j

(20)

where Q,, R, and R, are the positive definite and symmetric
weighting matrices corresponding to the states, control in-
puts, and collaborative control inputs, respectively; and N, 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:

cha ref dis
PEVi,maXSAPEVi(k) SIJEVLma\x
SoCM < SoC,(k) <SoC™ @1
T T
ub,i’ lb,i € Qsafc
where PgV, ... and P, . are the maximum charging and

discharging power of the i™ EV, respectively; and SoC™"
and SoC;™ are the minimum and maximum acceptable SoC
limits for the i™ EV, respectively. Note that u;, and i}, must
remain within safety boundaries Q_; 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.

safe

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
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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 (D 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
(R,=0.2) and VSG control (J=200 and D=120) [24],
where R 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 7,,=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.

[evel - {5k - (3]
(@)

Communication topology
(interaction among 6 EVs)

EV],.M 0010100
010101
EVOJ -2 BV3 [ Lu=l} g g
010001
EVS5 EV4 001110

(b)
<-»> Communication link

Fig. 4. Communication topology of coordinated EVs in Cases 1-4. (a) Cen-
tralized droop control. (b) DMPC.

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 Af,,, and
the frequency settling time 7. Ty is defined when Af ()

first enters and subsequently remains within the absolute tol-
erance band of £0.02 Hz:

T :min{t20|Vr2t,

settle

Af (1) <0.02Hzf  (22)

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

N
deviation f zAPgﬁ,Vi(t)dt, the maximum output of the micro-
ti=1

turbine AP the cumulative battery degradation

Gmax>

N
f zAC,';’\if(t)dt, and the amount of information exchange
li=1

N N
O comm- fEAPgix(t)dt and fEAC,';’jf(t)dt correspond to the
ti=1 li=1

definite integral of AP{; in (16) and ACK 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 Q. is quantified using the bidirectional commu-
nication links and the collaborative interaction state vari-
ables, which is defined as:

EV global __ /)center
N ( N_ 1) ( mstates + mstates ) Qcomm - comm
Oeomm= 1 [ L& (23)
comm
EV global _ ydmpe
( zzLEVij mstates + 2Nm states Qcomm - Qcomm
i=1j=1
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where Q%" and Q4™ are the total amounts of communica-
tions in the centralized droop controller and DMPC control-
ler, respectively; mly.. is the number of collaborative state
variables of state-space EV model; m&%" is the number of
global state variables in the proposed DMPC strategy includ-
ing the frequency of islanded microgrid and microturbine

output; and Ly, is the element of Lyy,.
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Fig. 5. State comparison of four cases in Scenario 1. (a) Frequency devia-
tion. (b) Power deviation. (c) Microturbine output. (d) V2G FR power of
Cs.

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 SCI1. 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.

o 4.5
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Fig. 6. V2G FR power modeling for battery of EV1 in Case 1 of Scenario

1. (a) Power. (b) Voltage. (c) Current. (d) SoC.

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 | 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
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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, EVi, represents the reference power command generated
by the DMPC controller for the i" EV, while EVi_, repre-
sents the actual power output for the /™ 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-

N
ple metrics, including Af.g» Tiier szCé‘{jﬁ(t)dt, and
ti=1

N
f’;Apg;v,.(t)dt.

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

The results support that the proposed
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Fig. 7. Power allocation among EVs. (a) Power. (b) Power deviation.

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.
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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.

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 SAIIL 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., Af, g Do j ZAPg’\if( t)dt, and AP, 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.
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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.
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Fig. 9. Total degradation rate of four cases in Scenarios 1 and 2. (a) Sce-
nario 1. (b) Scenario 2.

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 1.34x 107 Ah to 1.40 x 107 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® Core™ 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
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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.
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