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Abstract—The rapid proliferation of electric vehicles (EVs),
together with the emerging vehicle-to-grid (V2G) technologies,
introduces substantial operational flexibility to modern power
systems. However, effectively leveraging such flexibility faces
challenges of aggregating the small-scale and heterogeneous
operational flexibility of vehicles under stochastic driving be-
haviors. To address these challenges, this paper proposes a
generalized virtual energy storage (VES) model to characterize
the operational flexibility for both uni-directional EVs and bi-
directional V2Gs. First, the VES model enables computationally
efficient aggregation of heterogeneous vehicle flexibility while pre-
serving the essential operational constraints. Second, a structured
integration approach is developed to reduce the dimensionality
of VES model parameters and eliminate the need to explicitly
predict the energy variation terms induced by stochastic vehicle
arrivals and departures. Third, a physics-constrained forecasting
approach is proposed to ensure coherent and physically consistent
predictions of the multi-dimensional VES model parameters.
The proposed framework is validated using real-world charging
datasets and applied to joint energy and frequency market
participation of charging station. The results show that the
proposed methods achieve a multi-time-scale day-ahead modeling
accuracy of aggregated vehicle flexibility at approximately 86 %
with a Pearson correlation coefficient (CORR) of 0.93. For
joint market participation, the market performance gap induced
by aggregation remains below 5%, while the combined loss
caused by aggregation and prediction is within 10%. Notably, the
computational efficiency of obtaining optimal bidding strategies
is improved from 10-22 mins to seconds through aggregation.

Index Terms—Vehicle-to-grid (V2G), charging and discharg-
ing flexibility, virtual energy storage (VES) model, physics-
constrained forecasting method, energy and frequency market

I. INTRODUCTION
RIVEN by the decarbonization and electrification of
transportation sector, electric vehicles (EVs) have expe-
rienced rapid adoption around the world. As of 2024, global
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electric cars had reached 58 million, accounting for 4% of
total passenger car fleet. The annual sales of electric cars
have been growing at an exponential rate worldwide. As a
center of growth, nearly half of China’s car sales were electric
in 2024 [1]. Many countries even announced plans to phase
out internal combustion engine (ICE) passenger cars, such as
United Kingdom, France, and Norway [2]. The rising adoption
of EVs in place of fossil-fueled vehicles brings both challenges
and opportunities to modern power system operation. On one
hand, the incurred substantial charging demand represents
a rapidly growing stochastic electric load, exacerbating the
stress of power grid operation [3]. On the other hand, EVs
represent substantial flexible resources that can be exploited
for supporting modern power system operation. While the
charging demand can be shifted across time due to their
long parking duration, the emerging vehicle-to-grid (V2G)
technologies meanwhile enable connected vehicles to operate
as distributed energy storage systems. However, unlocking
such flexibility relies on models to aggregate the small-scale,
heterogeneous, stochastic and temporally coupled flexibility
of individual vehicles to enable system-level commitment
and dispatch when providing grid services, such as demand
response [4], peak shaving [5], frequency regulation [6], etc.

In recent years, many works have focused on developing
methods to characterize and aggregate of charging and dis-
charging flexibility of EVs. Typically, Pertl et al. [7] proposed
to estimate the aggregated energy storage capacity of fleet by
summing up the individual battery capacities of connected
vehicles. Zhang et al. [8] and Yi et al. [9] proposed to
characterize the aggregated charging flexibility of EVs by
upper and lower energy and power boundaries, which provides
an outer approximation of feasible charging regions. While
the above methods are model-based and computationally ef-
ficient, another class is optimization-based and depends on
comprehensive optimization to obtain the aggregated models.
For example, Yan et al. [10] proposed to characterize the
aggregated charging flexibility of EV fleet by upper and
lower power boundaries obtained from solving the compre-
hensive EV charging scheduling problem. Particularly, this
method converts time-coupled EV charging demand into time-
independent power-flexible loads. Some other optimization-
based methods investigated charging flexibility characteriza-
tion and aggregation from a more mathematical perspective.
Specifically, the charging flexibility of individual vehicles
corresponds to their feasible charging regions considering their
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charging requirement and charging rate limits, while flexibility
aggregation corresponds to computing the Minkowski sum of
those feasible regions. However, computing the Minkowski
sum of heterogeneous and regular regions is NP-hard. As a
result, many works investigated different means to overcome
the computational challenge. Miiller et al. [11] proposed to
use optimization-based approach to inner approximate the
polytopic feasible sets of individual vehicles using zonotopes
which facilitate Minkowski sum calculation. Taha et al. [12]
used a class of AH-polytopes to inner approximate the half-
space representations of individual vehicle charging flexibility.
Wen et al. [13] employed Fourier-Motzkin elimination method
to calculate the Minkowski sum of the feasible operational
regions of distributed energy resources (DERs), yielding a
rigorous but computationally intensive solution. Slightly differ-
ent, Taheri et al. [14] relied on data-driven approach to obtain
the feasible polytope operational region of DERs. While those
optimization-based approaches are theoretically rigorous, their
high computation cost often represents a major obstacle for
practical application. Existing model-based methods either
provide only a coarse estimation or do not account for the
departures of vehicles, failing to capture the actual energy
available for grid services. Overall, there still lacks compu-
tationally efficient and effective aggregation methods that can
support the wide range of energy services to be provided.

Another key issue of charging flexibility aggregation of EVs
lies in the uncertainty arising from the random driving and
parking behaviors. Aggregated models are often required for
energy planning ahead of time, therefore how to deal with
the uncertainty represents another major challenge. Therefore,
some works focused on modeling the uncertain driving and
parking behaviors using Markov chains [15] or Gaussian mod-
els [16] and relied on them to simulate the random behaviors
of vehicles when aggregation. Another line of works proposed
to construct probabilistic aggregated flexibility sets instead of
deterministic ones to account for the uncertainty. For example,
Zhang et al. [17] characterized the aggregated charging flexi-
bility of EVs by a chance-constrained probabilistic polytope.
Mukhi et al. [18] constructed robust aggregated flexibility sets
for EV fleet with probabilistic guarantees. Another means to
address uncertainty is through forecasting (see [7, 8, 19, 20]
for examples). This class of works typically relies on fore-
casting methods to obtain aggregated charging flexibility for
the future. As easy to implement, forecasting-based methods
have been widely adopted. However, these works generally did
not consider the coupling and coherence of multi-dimensional
parameters associated with the aggregated models.

Given the research gaps discussed above, this paper studies
the charging and discharging flexibility characterization, ag-
gregation and forecasting of EVs and V2Gs under uncertainty.
This paper uses V2Gs to indicate vehicles capable of bi-
directional charging and discharging, and EVs to represent
uni-directional charge-only vehicles when connected to smart
chargers. Our main contributions are as follows.

o We propose a generalized virtual energy storage (VES)
model that enables the operational flexibility characteri-
zation of bi-directional V2Gs and uni-directional EVs at
both the vehicle and fleet levels. Particularly, the proposed

models enable computationally efficient aggregation of
the heterogeneous vehicle operational flexibility.

« We further propose a structured integration of the multi-
dimensional parameters with the VES models. This can
effectively reduce the dimensionality of model parameters
and overcome the challenge of predicting the energy
change terms caused by the random arrival and departure
events of vehicles.

« We further propose a physics-constrained forecasting
method for day-ahead aggregated vehicle operational
flexibility predictions. Particularly, the method incorpo-
rates physics-constrained blocks to enable coherent and
physically consistent predictions of the multi-dimensional
VES model parameters, which are critical to ensure the
feasibility of downstream optimization problems.

The effectiveness of proposed characterization, aggregation
and forecasting method is evaluated using real-world charging
dataset and validated for the joint energy and frequency
market participation. Results show that the forecasting method
enables multi-time-scale day-ahead predictions of aggregated
vehicle flexibility at a prediction accuracy close to 86% and
the Pearson Correlation Coefficient (CORR) close to 0.93.
Particularly, the physics-constrained blocks are essential to
ensure a coherent and physically consistent prediction of the
multi-dimensional parameters of the VES models. For the joint
market participation, results show that the performance loss
induced by aggregation is below 5%, while the combined
loss caused by both prediction and aggregation remains under
10%. Whereas the computational efficiency to obtain the
optimal bidding strategies of charging stations is significantly
improved from 10-22 minutes to second levels.

The remainder of this paper is as follows. Section II presents
the charging and discharging flexibility characterization and
aggregation for V2Gs and EVs. Section III introduces the
physics-constrained charging and discharging flexibility pre-
diction for vehicles at aggregated level. Section IV evaluates
the proposed characterization, aggregation and forecasting
methods, as well as its applications to support market partic-
ipation of charging stations. Section V concludes this paper.

II. V2G CHARGING AND DISCHARGING FLEXIBILITY
CHARACTERIZATION AND AGGREGATION

This section focuses on bi-directional V2Gs and further
discuss how the results can be extended to uni-directional
EVs. The flexibility of individual V2Gs refers to their feasible
charging and discharging regions considering their charging
requirements and battery operating limits. Flexibility aggrega-
tion of a fleet corresponds to identifying the feasible region
of aggregated charging and discharging trajectories accounting
for the individual vehicles’ charging requirements and battery
operating limits. In terms of the flexibility characterization
and aggregation of V2Gs, main notations to be visited are
summarized in TABLE 1.

A. Individual V2G Charging and Discharging Flexibility
Characterization

Given the charging requirement, the feasible charging and
discharging region of a V2G is bounded by two extreme cases:
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TABLE I
MAIN NOTATIONS FOR V2G

Notation Definition Units
QV6 V2G fleet -
EiV 2Gicap Energy capacity of V2G i kWh
P,VZG‘Ch/ dismax - power capacity of V2G i kW
T Entire scheduling window -

At Char/discharging scheduling interval h
tVZG A t,v 26.4ep - Arrival and departure time of V2G i -
E,V G Energy level of V2G i upon arrival kWh
E[V 2Gidep Desirable energy level of V2G i at departure kWh
E,V 2Gireq Required charging energy of V2G i kWh
nsz?Ch/ dis Char/discharging efficiency of V2Gs -
szG’Ch/ dis Scheduled char/discharging power during time ¢t kW
Ei\?G Energy level of V2G i at the end of time ¢ kWh

fastest charging where the V2G charges at its maximum rate
upon arrival until its battery is full; slowest charging where
the V2G discharges to the grid at maximum rate upon arrival
until its battery is depleted or the minimum remaining time to
fill its charging demand arrives.

Specifically, for an V2G i with parking duration
[1V2G4 (V2GP] and desirable energy state at departure
E’ 26.dep = EY20T L gY29™4 the feasible charging and
discharging trajectories are bounded \)f an upper and lower
energy envelope {EV2G MY and {E;, 2G:miny - corresponding
to the fastest and slowest chargmg tra_]ectories as illustrated
in Fig. 1. However, it should be emphasized that the energy
envelopes alone are not sufficient to characterize the feasible
charging and discharging region of the V2G. In addition to
lying in between the upper and lower energy envelopes, a
feasible charging and discharging trajectory should respect the

vehicle’s charging and discharging rate limits.

To account for the above aspects, we use the following
model to characterize the charging and discharging flexibility
of individual V2Gs:

V2G . _
TV .=

0< PVZG ch < PV2G .ch mdx Vi e TiVZG (1a)

0< PV2G dis < PVZG dis, max Vi e ]-;.VZG. (1b)
EVZG " EV2G an g tiVZG,arr’

Y20 = §EVIG 4 AV, w0 o < V00 ()

El‘YtZG 7El-VZG’dEP, vt > tVZG dep
AE[_\?G: (P_VZG,chTIVZG,ch _Pi\;ZG,dls/nsz,dis)Al’vl c TiVZG~ (1d)

V2G,min V2G,max
b

E.

- < EVZG < E

v e TV?C, (le)

Cons. (1a)—(1b) enforce charging and discharging rate limits,
while (1c)—(1d) describe the correspondmg dynamics. The
energy state is reset upon departure (z >t ep) to indicate
disconnection. Cons. (le) impose upper and lower energy
envelopes that bound the charging and discharging trajectories.
Compared with directly using battery capacity limits, these
energy envelopes provide a tighter characterization of the fea-
sible charging and discharging region of individual vehicles,
which is critical for developing accurate flexibility aggregation
models for V2G fleets.

The above model offers a tight representation of individual
V2G flexibility. However, it is not additive across vehicles due

to heterogeneous parking durations and therefore not suitable
for aggregation. To address this issue, we introduce binary
variables to indicate the connected and disconnected status of

the V2G over the scheduling horizon T
1, Vi e [ VZG arr tVZG,dep]

— [

it = O V¢ ¢ [ VZG arr tsz dep]

This enables us to transform model (1) into

V2G,ch V2G,ch,
0 SPI-J ¢ SXi,t'Pi c max7 (2a)
0< PVZG,dis < Xit _P'VQG,dis,max7 (2b)
Esz EV2 . (PVZG chnsz «ch EXZG,dis/nsz,diS)At
—|—AEV2G change (2¢)
AE:;ZG,Change _ Xi,t (Xi,t _Xi,t—l) 'EiVZG,arr
V2G,d
i,t—l(Xi,t— it— 1) E;TT °, (2d)
Xll EV2G min < EinZG <X; » EVZG ,max VieT. (2e)

where Egs. (2¢) are a compact form of the piece-wise equa-
tions (1c) for capturing the vehicle’s charging and discharg-
ing dynamics. Particularly, the arrival and departure event
=129 and 1 = 1”*%%P with model (1) have been encoded
by X,7,(X, X,7,_1) =1 and X;;—i(Xi; — Xiy—1) = 1. The
term AEinZG’Charlge is involved to indicate the energy variations
caused By the arrival and departure event of the vehicle.
Cons. (2a)-(2b) directly follow Cons. (1a)-(1b) .

The benefit of model (2) is to provide a unified repre-
sentation of charging and discharging flexibility of V2Gs
with heterogeneous parking duration. From the perspective of
mathematics, it enables all constraints defined over the same
scheduling horizon T. Moreover, each individual V2G can be
viewed as a generalized virtual energy storage (VES) in the
form of

0<P;

0< PV2G Jdis < PVZG dis, max

V2G,ch < PVZG ch, max

Evzc Evza +( PVZG CthZG,Ch_ PIXZG,dls /nV26.dis) Ar

V2 hi
+AE G,c ange

EL\/IZG,min < EV2G < EVZG ,max Vl cT.

' “)
where the generalized VES has time-dependent power and
energy capacity, and an exogenous energy change terms for
capturing the arrival and departure events of the vehicle.
The associated parameters are determined by the charging

requirement and battery configurations of the vehicle:

PVZG,Ch/dis,max

it

EY2G,max/min —X,- EVZG max/mm

Lt (5)

V2G,change V2G,arr
AE £ Xll(Xi,l - i,t—l) E; T
V2G,de
i1 (Xiy — Xiy—1) - E; P WteT.

Based on the generalized VES model (4), the charging and
discharging flexibility of individual V2G can be represented
by a 5-dimensional feature vector:

X; . PV2G ch/dis,max

I;,i\;ZG,agg,ch,max7Pi\;ZG,agg,dis.max7EinZG,agg,min

VieT. (6)
)
EXZG,agg,max7AEXZG,agg,change
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Fig. 1. Energy envelopes for characterizing the feasible charging and discharging trajectories of individual V2G.
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Fig. 2. An illustrative example of V2G charging and discharging flexibility characterization and aggregation

B. V2G Charging Flexibility Aggregation

The VES models (4) are additive and suitable for charging
and discharging flexibility aggregation across a fleet. In fact,
flexibility aggregation of V2Gs can be viewed as aggregating
the small VES units of individual V2Gs into a large VES.
This corresponds to aggregating the time-dependent energy
and power capacity, as well as exogenous energy terms across
the V2Gs fleet QY2¢:

V2G,ch/dis,agg,max
P =X

V2G,ch/dis,max
iEszG it 9

V2G,min / max
=Yicaua By o, ™

V2G,agg,change V2G,change
AE, =Y icovc AE, , VteT.

E[VZG,agg,min / max

This leads to the following VES model for characterizing
the charging and discharging flexibility at fleet level:

V2 ,ch V2G,agg,ch,
0< Pt G,agg,c < Pt G,agg.c max’
0< PtVZG,agg,dis < PfVZG,agg,dis,max’

V2G,agg,dis
V2G,agg_ -V2G,agg V2G,agg,ch__Vv2G.ch P
E, =E HP, e thZG,dis ! ®)
V2G,agg,change
—I—AE, 1488, g ,
EIEV,agg,mln < EtEV,agg < EtEV,agg,rnax7 VieT.
V2G,ch, V2G,dis,
where P88 pYEU SR denote the scheduled total
V2G,agg

charging and discharging power to the V2G fleet, and E;
denote the aggregated energy state at the fleet level.

Based on the generalized VES model (11), the aggregated
charging and discharging flexibility at the fleet level can be
characterized by a similar 5-dimensional feature vector:

2 ,ch, V2G,agg,dis, 2G,agg,mi
PtV G,agg.c max’Pt G agg,dls,max’ElV G agg,mm,

EtVZG,agg,max7AEtVZG,agg,change ,Vl €r.
Remark 1. We have developed generalized VES models
(4) and (11) to characterize the charging and discharging
flexibility of individual V2Gs and V2G fleet. While model
(4) can accurately characterize the charging and discharging
flexibility of individual V2Gs, model (4) provides a relatively
tight outer approximation of the aggregated flexibility at the
fleet level. This is easy to verify as all feasible charging and
discharging trajectories of individual V2Gs with model (4) are
feasible for model (8) after aggregated. This paper considers
obtaining an outer approximation instead of exact aggregation
because computing the Minkowski sum of the heterogeneous
regions characterized by model (4) is NP-hard. Moreover,
an relatively tight approximation is generally sufficient for
supporting practical applications.

The charging and discharging flexibility characteri-
zation and aggregation for V2Gs can be interpreted
from a geometric perspective. As Fig. 2 shows, the

charging and discharging flexibility of each individ-
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ual V2G corresponds to a 5S-dimensional feature vec-
tor PVZG ,agg,ch,max PVZG agg dis,max EVZG ,agg.min EVZG ,agg,max

1
AEtVZG,agg,change)

vVt € T, jointly determining the feasible re-
gion of charging and discharging trajectories of the individual
V2Gs. The proposed flexibility aggregation corresponds to
aggregating these small regions, yielding an extended region
for characterizing the feasible charging and discharging tra-
jectories at the fleet level.

Since unidirectional EVs can be viewed as a special case
of bi-directional V2Gs with restricted discharging capability,
the above results can be readily extended to EVs by setting
szG dismax _ . Specifically, while following the similar no-
tations of V2Gs, we have the following results regarding the
charging flexibility characterization and aggregation for EVs.

Remark 2. The charging flexibility of individual EVs can be
characterized by the following generalized VES model:

0 < PEV ,ch < PEV ,ch, max’
EEY = EEY | —I—PEV PpEVehAr 4 AESY ChnEe (10)
Ei]_itv ,min < EI'EJV S EiEtV max7 = T,

associated with the following 4-dimensional feature vector:

EV.ch EV, EV EV ,ch:
(Pit c ,max7Eit ,min Ezt ,max AE cl ange)’ VieT.

Remark 3. The aggregated charging flexibility of an EV fleet
can be characterized by the following generalized VES model:

0 < PtEV,agg,ch < PtEV,agg,ch,max’
EV,a EV,a EV,agg.ch i EV,agg,change
E, gg:Et—l 2g +Pt 2g T]EV'ChAt—I—AEt 2g g ,

E i E E ,
Et V,agg,min < Et V,agg < Er V,agg,max’ Vi eT.

(1)

associated with a 4-dimensional feature vector:

(PtEV.ch,agg,max’EtEV,agg,min7EtEV.agg,max7AE[EV,agg.,change) ,VI cT.

12)

The calculation of these feature vectors follows bi-
directional V2Gs, with the discharging power capacity set to
V2G, dis ,max
zero, ie., B, =0.

III. PHYSICS-CONSTRAINED AGGREGATED CHARGING
AND DISCHARGING FLEXIBILITY PREDICTION

The previous section studied the characterization and aggre-
gation of operational flexibility for bi-directional V2Gs and
uni-directional EVs based on charging session data. For prac-
tical deployment, however, aggregated flexibility is required
ahead of time. To this end, this section develops forecasting
methods to predict aggregated flexibility from historical data.
The key idea is to first derive aggregated flexibility from
historical observations and then use it to forecast future
flexibility.

Based on the proposed VES models, this task is formulated
as a multi-variable, multi-step forecasting problem, where
a multi-dimensional feature vector associated with the VES
model is predicted from historical data. Specifically, we define

the following vector to represent the model parameters at each
time step ¢:

EV . ch,agg,max EV,agg,min
F B

b

for EV feet

EV,agg,max EV,agg,change |’
E; ,  AE

V2G,ch,agg,max V2G,dis,agg,max

Dt = Pt ) Pt )

EI}IZGvaggvmin’ for V2G fleet

)

V2G,agg,max
Et )

AE[\/ZG,agg,change
(13)
Using historical charging data to obtain past observations,
the forecasting task is formulated as

(Dr+1,Dz+2;"' aDtJrH):f(Dtthfla"'

where H and K denote the prediction horizon and look-back
window, respectively, f(-) is the forecasting model, and X
includes exogenous features such as time-of-day, day-of-week,
weather conditions, and the number of parked vehicles.

Although various multi-variable, multi-step forecasting
methods can be applied, two main challenges arise. First,
the energy change terms AE" " “8&<hnge gpq ApYV20-agechange
driven by stochastic arrivals and departures, are highly volatile
and difficult to predict. Second, the multi-dimensional features
D; must be predicted coherently to ensure physical consis-
tency of the feasible region (e.g., E™¥* > E™in)  However,
most existing methods focus on accuracy and do not explicitly
enforce such consistency.

To address these challenges, we propose a physics-
constrained multi-variable, multi-step forecasting framework
with two key mechanisms: (i) structured integration of multi-
dimensional features based on the VES model, and (ii) incor-
poration of physics constraints into the forecasting model to
ensure coherent and physically consistent predictions.

D1, X)) (14)

A. A structured integration of multi-dimensional features

As introduced, the energy change terms AE,E V.age.change

and AEtV 2G.agg.change itk the multi-dimensional feature rep-
resentation (9) and (12) induced by the random arrival and
departure events of vehicles are highly volatile, posing sig-
nificant challenge for the flexibility prediction. To address
this challenge, we propose to reformulate the VES models
to enable a structured integration of the multi-dimensional
features. The core idea is to reformulate the charging and
discharging dynamics with the VES model (4) to eliminate
the need for a direct prediction of the energy change terms.

To achieve the objective, we revisit the aggregated charging
and discharging dynamics for V2Gs:

V2G VZG V2G,age,ch pY2Greedis
agg agg aggch vaGeh I
E =k, + (£, n 1 V2C.dis

+AEtV2G,agg,change,vt cT.

VAt

V2G,agg AEVZG,change
0 .

with initial condition E
By unfolding the above equations across time, they can be
equivalently expressed as

PVZG,agg,dis
EV2Gage :Zt ( PV2G«,agg7chnsz,ch Iz )
t t=0\""7T nVZG,dis (15)

V2G,agg,change
,VteT.

+ Lo A
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By substituting (15) into the energy envelop constraints of
model (8), we have

V2G,agg,min t V2G,agg,change
E, ~Y AE;
V2G,agg,dis
t V2G,agg.ch _EV.ch Py
SZ‘::O(PT n nVZG,dis )At
V2G,agg,me t V2G,agg,che
< Et ,agg,max T:()AET agg.c angc, vteT.
By defining
V2G,agg,min __ ~V2G,agg,min t V2G,change
L, =E, — Y AE;

A E;’ZG,change

V2G,agg,max V2G,agg, max t
P ) ) (16)

7=0

V2G, V2 t V2 h
L Gagg _ E, Gagg AEY G,agg,c ange7 vieT.

=0
We have the reformulated VES model for characterizing the
aggregated charging and discharging flexibility of V2Gs:

V2G,agg,ch V2G,agg,ch,max
0<P <Fk ;

0< P[VZG,agg,dls < P[VZG,agg,dls,max7

V2G,agg, dis
V2G,agg_ y V2G,agg pV2G,agg,ch v2G,ch F
Ly =L, HE n — Vo )AL

V2 ,mi EV, 2G,agg,
Lt G,agg,min SL; V,agg SLZV Gagg,max, vieT.

a7

The model is associated with a 4-dimensional feature vector:
V2G,agg,ch,max pV2G,agg,dis,max
F B

)

, VteT. (18)

V2G,agg,min ; V2G,agg,max
Lt 7Lt

The state variables L, °“%2 denote the accumulative net
charcging of the V2G fleet up to time 7. LtVZG’agg’mm and
L)/*C#88M3 yre their lower and upper energy envelopes for
capturing the charging requirements and battery operating
limits. The above reformulations are readily applicable to uni-
directional EVs.

It is important that the reformulated VES model (17) enables
a structural integration of the multi-dimensional features with
the original VES model (8). Specifically, in contrast to the
original 5-dimensional feature vector (9), a 4-dimensional
feature vector (18) now needs to be forecast More importantly,
the resulting 4-dimensional feature vectors are much easier to
forecast than the original ones due to the elimination for the
direct prediction of the energy change terms. This will be clear
from the numerical results.

B. Physics-constrained multi-variable and multi-step forecast-
ing method

After reformulation, the forecasting task (14) can be adapted
accordingly. The model parameters with the reformulated
aggregated VES models for EVs and V2Gs at each time step
t are

EV, h,max ; V2G i EV,agg,
P ,agg,c ,mdet ,agg,mm,Lt ,dgg,maX)’ for EV fleet

~ V2G,agg,ch,max ,V2G,agg,dis,max
Dt = Pt 7Pt )

, for V2G fleet
(19)

V2G,agg,min V2G,agg,max
Lz 9 Lt

The forecasting task (14) is modified to

(bl+labl+2,"' 7DI+H):f(ﬁt7-ﬁt71a"' athKﬁ*le) (20)

To ensure a coherent and physically consistent prediction of
the multi-dimensional model parameters, we further propose a
physics-constrained multi-variable and multi-step forecasting
framework. As illustrated in Fig. 3, the forecasting model
is composed of multi-blocks, including input block, one-step
forecast blocks, H-step assemble block, physics-constrained
blocks, and the output block. The input block handles the input
features, including the historical observations of the model
parameters ]f),;tﬂ(,l and the exogenous features X.

One-step H-step Physics-Constrained  Output Block
Input Block Forecast Blocks Assemble Block Blocks
J 1 1

One-step Forecast ———+ h=1 h=1

One-step Forecast ——»| hi=2 hi=2

Time|

One-step Forecast ——»|

Fig. 3. Physics-constrained multi-variable and multi-step forecasting model

Following the input block is one-step forecast blocks that
enable H-step forecast of the model parameters. The one-step
forecast blocks handle the one-step forecasting tasks:

D,y :f(Dt+h7H7K—l>l“' 7Dz+h—H,X)7Vh =1,2,--- H

2D
where f(-) represents a one-step forecasting model. The H
one-step forecasting tasks are performed in a parallel manner.
Specifically, for each one-step forecasting task associated with
the prediction step A, the model takes a sliding window of K
historical observations that are H steps prior to the prediction
time as input features. In particular, for the furthest prediction
step h = H, the most recent K observations D,_K_l;, are
used as inputs. It is worthy noting that the H one-step
forecast blocks are designed to depend solely on historical
observations and do not rely on previous predictions, which
is to avoid the common accumulative prediction errors with
multi-step forecasting. Besides, it is worthy noting that the
proposed forecasting model represents a general forecasting
framework and any existing one-step forecasting methods can
be incorporated.

The subsequent H-step assemble block is responsible for
stacking all one-step predictions to generate the H-step pre-
dictions bi+1;,+H. Though a H-step forecast of model pa-
rameters are now available, they may not be coherent and
physically consistent both temporally and spatially to ensure
the feasibility of downstream optimization-oriented applica-
tions. To address this issue, physics-constrained blocks are
incorporated following the H-step assemble block to ensure
a cross-temporal and cross-dimensional coherent prediction.
Specifically, we consider three typical physics-constrained
blocks, each corresponding to a underlying principle of the
aggregated model parameters. We take the bi-directional V2G
as examples and the results can be readily adapted to uni-
directional EVs.

1) Physics-constrained Block 1: We assume the midnight
(00:00) as the initial time of each day. Since the vehicles
haven’t started charging and discharging, the accumulated net
charged energy should be zero at the initial time. To enforce
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this physical principle, we employ the following constraints in
the forecasting model:

LVZG ,agg,min _ O LVQG agg,max

=0,Vr = (22)

2) Physzcs constramed Block 2: We have the upper energy
envelopes always greater than or equal to the lower ones. To
capture this characteristics, we besides involve the following
constraints in the forecasting model:

LVZG agg,max _ { LV2G agg,max LVZG,agg,min} or
t+h t+h ) (23)
#V2G,agg,min __ V2Gragg,max V2G ,agg,min

L', =min {L;, L }, VheH.

3) Physics-constrained Block 3: The ramp-up and ramp-
down of net energy envelopes are constrained by the maximum
charging and discharging power limits of the feet. This phys-
ical principle can be captured by the following constraints:

#V2G,agg,max VZG ,aggmax | AV2G,agg,chmax - V2G,ch
L <L B n Ar,
#EV,agg,max V2G agg,max HV2G,agg,dis max V2G,dis
L.y >L,; —P, /n At,
V2 2 V2 h
LH.;? ,agg, mm<LV G agg mm+P G,agg,c maxnsz ChAt
#V2G,agg,min V2G ,agg,min V2G ,agg,chmax V2G,dis
Ly 2L G R /n Ar,Vhe H.

(24)

Following the physics-constrained blocks is the output block
which output a H step prediction of the model parameters with
the VES models, which represent the predicted aggregated
charging and discharging flexibility of V2Gs.

IV. EVALUATIONS AND APPLICATIONS

This section evaluates the charging and discharging flex-
ibility characterization, aggregation and forecasting methods
for bi-directional V2Gs and uni-directional EVs. Furthermore,
the proposed methods are employed for the joint energy and
frequency market participation of charging stations.

A. Dataset and configurations

We conduct case studies based on a real-world vehicle
charging dataset that comprises 2,337 users, 2,119 charg-
ing stations, and 72,856 charging sessions collected from
2021/9/30 to 2022/9/30 [21]. Each charging session includes
the detailed charging information of a vehicle, including arrival
time, departure time, parking duration and required charging
energy. The statistical distributions of arrival time, departure
time, parking duration and charging demand are presented in
Fig. 4. The average number of parked vehicles is 317.

(b) Arrival Time

(b) Departure Time

Probability

0 5 10 15 20 o 5 10 15 20
Time [h] Time [h]

() Duration (d) Demand

Probability

e
3
5

1 2 3 4 5 6 0 10 20 30 40
Time [h] Energy [kWh]

Fi Statlstl 1 distributions of the vehicle char, behaviors.
g\7\4/}6 constder two operating modes (%n fhe Vehicles: uni-

directional EVs and bi-directional V2Gs, and assume homoge-
neous battery configurations for the vehicles. Specifically, the

energy and power capacity are set as 60 kWh and 5 kW, and
the charging and discharging efficiency are 0.95. The dataset is
in high temporal resolution and enables multi-time-scale (e.g.,
5 mins, 15 mins, 30 mins, and 1 hour) characterization and
aggregation of charging and discharging flexibility of vehicles.

With the charging session data, we first obtain the multi-
time-scale model parameters {D);} associated with the pro-
posed VES models, which are then used for following case
studies and evaluations.

B. Effectiveness of feature integration via reformulation

This section evaluates the effectiveness of structured inte-
gration of multi-dimensional features with the VES models
for prediction. Specifically, we compare the multi-dimensional
features of original VES models with those of the reformulated
ones. By considering all vehicles as bi-directional V2Gs, we
can obtain the 5-dimensional features associated with the origi-
nal VES model presented in F1% 5. It is obvious that the energy
change component AE," *%*€&M° j¢ hiohly volatile across the
time. In contrast, the resulting 4-dimensional features with the
reformulated VES models show obvious cyclic characteristics
and are much more amenable for forecasting as shown in
Fig. 6. For uni-directional EVs, similar results can be observed
as shown in Fig. 7 and Fig. 8.

While the original and reformulated VES models are math-
ematically equivalent, the results show that the latter are
preferable in two aspects. First, they provide a more compact
representation of the aggregated charging and discharging
flexibility with reduced dimensionality of model parameters.
Second, the model parameters of the reformulated VES models
are much more amenable for forecasting.

V2Gs
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C. Aggregated charging and discharging flexibility forecasting

This section evaluates the proposed forecasting methods for
multi-time-scale day-ahead predictions of aggregated vehicle
charging and discharging flexibility. Without loss of generality,
forecasts are generated for the next day based on historical
observations. Multiple temporal resolutions (5 min, 15 min,
30 min, and 1 h) are considered. For each case, the one-
year charging dataset is split into training and testing sets
by a ratio of 8:2. One week of historical observations of
aggregated flexibility D, together with the number of parked
vehicles (exogenous feature X) are used as model inputs.
The prediction horizons and look-back windows are adjusted
according to the temporal resolution (e.g., K = 7 x 288,
H =1 x 288 for 5-min resolution). Each dimension of input
features is normalized separately. The Long Short-term Time-
Series Network (LSTNet) model [22] and Long Short-Term
Memory (LSTM) network are adopted as one-step forecast-
ing blocks. We comparatively investigate the involvement of
physics-constrained neural (PCNN) layers in the forecasting
models. These lead to four considered methods: LSTNet,
LSTM, LSTNet + PCNN and LSTM + PCNN. Widely-used
performance metrics RSE, MAPE, RMSE, MAE, CORR,
together with a user-defined geometric performance metric are
used to evaluate the prediction accuracy. While the others are
standard, the geometric accuracy (ACC) metric is defined as:
Area(Y'\Y)

R ACC=1- Area(Y')
Where Y,Y € RV denote actual and predicted multi-
dimensional VES model parameters. The ACC metric quan-
tifies the proportion of regions of aggregated operational
flexibility of vehicles captured by the predicted methods.

The performance of multi-time-scale day-ahead predictions
of aggregated flexibility for V2Gs is reported in TABLE II.

The ACC is evaluated by denormalized predictions, while the
others are based on normalized results. We imply that all fore-
casting methods provide satisfactory prediction performance
with Pearson Correlation Coefficient (CORR) close to 0.93
and ACC close to 0.86. In addition, the coherence and physical
consistency of the predicted multi-dimensional VES model
parameters are also evaluated by examining the satisfaction of
physical constraints in (22)-(24). The results show that almost
all day-ahead predictions violate some of the consistency
constraints when the PCNN layers are absent. In contrast, the
coherency and physical coherence indicated by the constraints
(22)-(24) can be provided by the PCNN-enhanced methods.
Besides, it is worth noting that the involvement of PCNN
layers does not obviously affecting the prediction accuracy.

In addition to prediction performance, training time of
all forecasting methods is also evaluated and reported in
TABLE II. The results show that the training time shows an
increasing trend with finer temporal resolutions. This trend is
particularly obvious with the LSTNet method. This is because
a forecasting task with a finer temporal resolution relies on
relatively larger forecasting models. Besides, the results show
that incorporating the PCNN layers will slightly increase the
training time but not that obvious. For uni-directional EVs,
similar results are available from TABLE III.

We further investigate the prediction performance from a
geometric perspective. Due to space limits, we only display the
results of LSTNet + PCNN method at a temporal resolution
of 30 mins. The actual and predicted feasible regions for
aggregated flexibility of V2Gs for 10 testing days are presented
in Fig. 9. It is worth noting that the boundaries directly
correspond to the 4-dimensional model parameters associated
with the reformulated VES models. The actual and predicted
feasible regions are distinguished by different transparencies.
Since the two areas align well, we conclude that the proposed
forecasting methods are able to well capture the aggregated
charging and discharging flexibility of vehicles. Similar results
can be observed with EVs as shown in Fig. 10. The major
difference is that EVs exhibit slightly reduced operational flex-
ibility as they can only get charged during parking durations.

V2Gs
5000- Actual
4000- Predicted
=3000-
24,2000~
1000-
0-
0 100 200 300 400 500
800-
Actual
400- Predicted
z 0
—400-
—800- , ) , . .
0 100 200 300 400 500

Time step [30 mins]
Fig. 9. Actual and predicted of charging and discharging for V2G fleet with
LSTNet + PCNN method for 10 testing days

D. Joint participation in energy and frequency markets

This section evaluates the proposed flexibility characteri-
zation, aggregation, and forecasting framework for the joint
energy and frequency market participation of charging stations.
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TABLE II
MULTI-TIME-SCALE DAY-AHEAD PREDICTION OF AGGREGATED CHARGING AND DISCHARGING FLEXIBILITY FOR V2GsS.
Forecast Models Temporal Resolutions RSE MAPE RMSE MAE CORR ACC Training Time[s] Coherence
1h 0.3270  0.2535  0.0865 0.0537 09452 0.8744 0.92 0%
LSTNet 30min 0.3319  0.2495  0.0867 0.0556 0.9444  0.8611 1.20 0%
15min 0.3327  0.2421 0.0863  0.0550 0.9441  0.8597 248 0%
Smin 0.3446  0.2608  0.0888  0.0582  0.9400 0.8458 11.84 0%
1h 0.3539  0.2663  0.0935 0.0621  0.9395 0.8381 0.06 0%
LSTM 30min 0.3626  0.2651 0.0947 0.0612  0.9329 0.8518 0.08 0%
15min 0.3657 0.2673  0.0612  0.0612  0.9309 0.8367 0.12 0%
Smin 0.3750 0.2710  0.0622  0.0622  0.9271 0.8521 0.29 0%
1h 0.3417  0.2470  0.0904  0.0584  0.9408  0.8462 6.79 100%
30min 0.3374  0.2494  0.0881 0.0568 0.9426  0.8560 13.31 100%
LSTNet + PCNN 15min 0.3529  0.2413  0.0915 0.0602 0.9406  0.8295 26.13 100%
Smin 0.3585  0.2725  0.0924 0.0612  0.9348  0.8398 81.80 100%
1h 0.3603  0.2470  0.0952 0.0623  0.9367 0.8375 0.23 100%
30min 0.3688  0.2719  0.0963  0.0644 09316  0.8268 0.46 100%
LSTM + PCNN 15min 0.3672  0.2686  0.0951  0.0617 0.9304 0.8541 0.91 100%
Smin 0.3693  0.2858  0.0951 0.0611  0.9300 0.8829 2.66 100%
TABLE III
MULTI-TIME-SCALE DAY-AHEAD PREDICTION OF AGGREGATED CHARGING AND DISCHARGING FLEXIBILITY FOR EVs
Forecast Models  Temporal Resolutions RSE MAPE RMSE MAE CORR ACC Training Time[s]  Feasibility
1h 0.3444  0.2218  0.0877 0.0544  0.9390  0.8609 0.92 0%
LSTNet 30min 0.3547  0.2384  0.0891 0.0576 0.9356 0.8416 1.21 0%
15min 0.3625  0.2296  0.0905  0.0601  0.9369 0.8143 248 0%
Smin 0.3778  0.2367  0.0938  0.0620 0.9274 0.8192 11.48 0%
1h 0.3756  0.2355  0.0955 0.0634 0.9318 0.8160 0.06 0%
LSTM 30min 0.3824  0.2370  0.0960  0.0620  0.9243  0.8493 0.08 0%
15min 0.3861  0.2360  0.0963  0.0622  0.9227  0.8368 0.12 0%
Smin 0.3966  0.2431 0.0984  0.0635 09181 0.8471 0.29 0%
1h 0.2690  0.2064  0.0915 0.0584 0.9342  0.8329 6.20 100%
30min 0.2811 0.2219  0.0930 0.0602  0.9310 0.8164 12.39 100%
LSTNet + PCNN 15min 0.3130  0.2329  0.0990 0.0667 0.9243  0.7918 22.90 100%
Smin 0.2894  0.2367  0.0929 0.0614 0.9289  0.8294 67.15 100%
1h 0.3846  0.2222  0.0978 0.0643  0.9294  0.8047 0.22 100%
30min 0.3831  0.2395  0.0986 0.0657 0.9216 0.8036 0.36 100%
LSTM + PCNN 15min 0.3882  0.2380  0.0968  0.0629  0.9217  0.8298 0.71 100%
Smin 0.3910 0.2444  0.0970 0.0625 0.9208 0.8319 2.12 100%
EVs are considered. The day-ahead markets operate hourly, while
5000- Actual the real-time market clears every 5 minutes. Historical market
4000- Predicted clearing prices are obtained from the PJM official website [23].
= 3000 For market participation, the charging station needs to submit
5?222 day-ahead bids (energy and capacity) for all trading intervals
o of the following day. As day-ahead bidding depends on vehicle
0 100 200 300 400 590  flexibility, the trained LSTNet + PCNN model is used to
800- o obtain day-ahead predictions of aggregated flexibility at a
600- Predicted temporal resolution of 5 mins, which serves as constraints of a
= 100 multi-stage bidding optimization problem. Three case studies
= that involve EVs, V2Gs or their combinations are considered.
200- . L g . .
For joint participation, bidding strategies are co-optimized to
0 ‘ ‘ ‘ ‘ ‘ . .
0 100 200 300 200 soo  Maximize economic benefits.

Time step [30 mins]

Fig. 10. Actual and predicted feasible region of charging for EV fleet with
LSTNet + PCNN method for 10 testing days

We consider a charging station providing charging services
to EVs and V2Gs, and meanwhile participating in energy and
frequency markets by leveraging vehicle flexibility to gain
economic benefits. The PJM electricity markets, including
day-ahead energy, real-time energy, and frequency markets,

We evaluate both the effects of aggregation and prediction
for market participation of charging stations. We consider
three settings for each case study: Individual w/o prediction,
Aggregated w/o prediction and Aggregated with prediction.
For Individual w/o prediction, we compute the daily optimal
bidding strategies based on the individual vehicle models
without any aggregation. For Aggregated w/o prediction, we
compute the optimal bidding strategies based on the actual
aggregated flexibility. For the last Aggregated with prediction,
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we compute the optimal bidding strategies based on the day-
ahead predicted aggregated flexibility. It is worth noting that
complete information regarding the charging and discharging
flexibility of vehicles is assumed for the first two settings.
The Individual w/o prediction method provides the theoretical
optima and can be used to evaluate the performance gaps
caused by aggregation and prediction.

All case studies are conducted on 30-day dataset. While
the bidding strategies for energy and frequency markets are
optimized jointly, the ex-post market profits are evaluated
separately to give more details. TABLE IV presents the results
of three cases under the three settings. The average daily
profit and average solving time to obtain the optimal bidding
strategies are used as the performance metrics. The gap of
market profit is evaluated by the theoretical optimum provided
by Individual w/o prediction. We observe that the Aggregated
w/o prediction method leads to slight overestimation of
average daily market profit by 0.58-4.78% across the case
studies. This actually indicates the loss of outer approxima-
tion of aggregated flexibility with the proposed aggregation
method. Further, by comparing Aggregated with prediction
and Individual w/o prediction, we find that the performance
gaps caused by both aggregation loss and prediction error
are about 3.0-9.4%. Notably, this gap is mitigated due to the
opposite effects of aggregation and prediction.While aggre-
gation tends to overestimate the operational flexibility due
to its outer approximation nature, the forecasting methods
tend to generate underestimated predictions. The performance
gaps are acceptable considering the substantially improved
computational efficiency. Specifically, the average computation
time for obtaining optimal bidding strategies is reduced from
10-22 mins to seconds through aggregation.

The effectiveness of the proposed aggregation and fore-
casting methods for supporting the market participation of
charging station is further illustrated in Fig. 11-12, which
present the obtained bidding strategies for joint energy markets
for three test days of Case 3. The results show that the bidding
strategies obtained from the aggregated and forecasting models
are quite close to the theoretical optima.

(a) Aggregated without prediction (theoretical optimal)

S el
—200
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Real-time energy market bidding O k4
(b) Aggregated with prediction
_ 250
z
=1
=500 i
rrrrr Day-ahead energy market bidding
Real-time energy market bidding
=750
Day 1 Day 2 Day 3
Fig. 11. Bidding strategies of charging station in day-ahead and real-time

energy market with Case 3 for three testing days
V. CONCLUSION

This paper investigated the charging and discharging flex-
ibility characterization, aggregation and forecasting methods

(a) Aggregated without prediction (theoretical optimal)
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Fig. 12. Bidding strategies of charging station in day-ahead frequency market
with Case 3 for three testing days

for bi-directional V2Gs and uni-directional EVs. A general-
ized virtual energy storage (VES) model was proposed to
effectively characterize the charging and discharging flexibility
both at the vehicle and fleet level. We further proposed a
physics-constrained forecasting method to predict the aggre-
gated flexibility at fleet level from historical charging ses-
sion data under uncertainty. The effectiveness of proposed
methods were evaluated using real-word vehicle charging
datasets and validated for the joint energy and frequency
market participation of charging stations. Results show that
the proposed forecasting method enables multi-time-scale day-
ahead predictions of aggregated operational flexibility of EVs
and V2Gs at a prediction accuracy close to 86% and the
Pearson correlation coefficient (CORR) close to 0.93. For
the joint market participation, the performance gap caused by
aggregation is less than 5%, and the combined loss caused by
both aggregation and prediction remains below 10%. Whereas,
the computational efficiency of obtaining the optimal bidding
strategies of charging stations was significantly improved from
10-20 mins to second levels through aggregation.
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TABLE IV
MARKET OUTCOMES OF CHARGING STATION PARTICIPATION IN ENERGY AND FREQUENCY MARKETS

Individual w/o prediction ‘ Aggregated w/o prediction ‘ Aggregated with prediction

Case Market
Profit [$] Time [s] Profit [$] Time [s] Gap [%] | Profit [$] Time [s] Gap [%]
Case 1: EVs Energy -1275.86 46,31 -1256.78 0.03 +1.50 | -1381.19 0.02 -8.25
Frequency | 1837.08 1895.06 +3.16 | 1730.07 -5.83
Case 2: V2Gs Energy -1178.46 72439 -1163.54 031 +1.27 | -1275.41 029 -8.23
Frequency | 3181.56 3333.51 +4.78 | 3068.69 -3.55
Case 3: EVs + V2Gs Energy -2452.54 1321.29 -2438.31 0.68 +0.58 | -2683.15 075 -9.40
Frequency | 4631.83 4833.85 +4.36 | 4492.55 -3.01
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