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Abstract— We propose a data-driven, user-centric vehicle-to-
grid (V2G) methodology based on multi-objective optimization
to balance battery degradation and V2G revenue according to
EV user preference. Given the lack of accurate and general-
izable battery degradation models, we leverage input convex
neural networks (ICNNs) to develop a data-driven degrada-
tion model trained on extensive experimental datasets. This
approach enables our model to capture nonconvex dependencies
on battery temperature and time while maintaining convexity
with respect to the charging rate. Such a partial convexity
property ensures that the second stage of our methodology
remains computationally efficient. In the second stage, we
integrate our data-driven degradation model into a multi-
objective optimization framework to generate an optimal smart
charging profile for each EV. This profile effectively balances the
trade-off between financial benefits from V2G participation and
battery degradation, controlled by a hyperparameter reflecting
the user prioritization of battery health. Numerical simulations
show the high accuracy of the ICNN model in predicting battery
degradation for unseen data. Finally, we present a trade-off
curve illustrating financial benefits from V2G versus losses
from battery health degradation based on user preferences and
showcase smart charging strategies under realistic scenarios.

I. INTRODUCTION

Electric vehicles (EVs) have shown strong potential to
provide flexibility through ancillary services to the electricity
grid, acting as virtual energy storage devices [1], a concept
known as vehicle-to-grid (V2G) [2]. Multiple studies have
been dedicated to proposing smart charging solutions for
the batteries of a fleet of EVs connected to a grid retailer
or parking lot. Several works [3], [4] formulate smart EV
charging/discharging as a game where each EV user acts as a
selfish agent, optimizing their cost while satisfying coupling
operational constraints. Other works consider stochastic for-
mulations of EV charging [5]-[7].

Despite multiple studies on V2G [8], regulatory challenges
and societal concerns have significantly delayed the adoption
of V2G technologies and, as a result, the advantages they
can offer [9]. Of crucial importance for V2G is the voluntary
participation of EV users. The study in [10] revealed that the
two main reasons for EV users to hesitate to adopt V2G are
the uncertainty over financial benefits as well as the potential
toll on the vehicle’s battery health due to charging and
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discharging. Given these concerns, there is a pressing need
to thoroughly investigate the effects of V2G participation on
battery health and the associated financial benefits for EV
owners.

Given the significant amount of work dedicated to V2G
and smart charging, few studies [11]-[16] have rigorously
investigated the impact of V2G services on EV battery
degradation. The results of [11] indicate that battery health
can deteriorate by participating in V2G services. However,
the degradation model proposed does not distinguish between
battery cell temperature and ambient temperature. On the
other hand, [12] concludes that the degradation due to V2G
participation is negligible when compared to regular driving
and calendar aging. However, neither study offers a com-
prehensive analysis of the trade-offs between the financial
benefits of participation in V2G and the associated financial
losses due to battery degradation. In [17], optimal charging
policies are proposed for EVs’ batteries in a parking lot
with photovoltaics, such that energy requirements are met
and battery degradation is minimized according to a given
deterministic model. The authors in [13] develop instead an
empirical method for measuring battery capacity and demon-
strate that one-third of the total capacity fade is attributable
to cyclic processes, including V2G usage and daily driving.
Finally, [14]-[16] incorporate some user-centric considera-
tions in developing smart-charging algorithms under V2G
services, taking battery degradation into account.

The works above focus mostly on deterministic or empiri-
cal battery health degradation models as the basis of numeri-
cal experiments using traditional fitting techniques. However,
informative datasets have the potential to be used in more
advanced machine learning methods to outperform available
empirical models for battery degradation and thus enhance
the state-of-the-art models with regard to generalization.
In recent years, so-called Input Convex Neural Networks
(ICCNs) [18] have gained significant attention in automatic
control [19] due to their ability to produce a data-driven
model, convex with respect to certain inputs' representing the
control variables while retaining the richness of nonconvex
relations with respect to other inputs, viewed from a control-
theoretic perspective as system parameters. Particularly, in
our application, we need the convexity of the battery degrada-
tion model with respect to the charging/discharging power of
the battery so that the subsequent V2G optimization problem

IThe term input in our setting represents the variables, whose data we use
to train the weights of a neural network. If the designer controls an input,
it can be viewed as a control variable. If not, it is considered a system
parameter.
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Fig. 1: Pictorial illustration of the proposed data-driven user-
centric V2G system.

becomes computationally tractable. Therefore, we leverage
the richness of ICNNs to model complex battery health
degradation phenomena and utilize it for developing a user-
friendly V2G optimization framework that enables EV users
to individually balance their interests between maximizing
V2G revenue and minimizing battery degradation. Fig. 1
represents an overall schematic of our propositions.

As such, our main contributions with respect to the related
literature are as follows:

1) Data-driven model: Due to the lack of accurate, gen-
eralizable, yet simple, data-driven models for battery
degradation, we consider a (partially) input-convex
neural network (ICNNs) to model EV battery degra-
dation based on the extensive experimental datasets
[20]. Our ICNN model captures the nonconvex re-
lations between battery degradation and parameters
such as battery temperature and time, yet it remains
convex with respect to the battery’s C-rate. Numerical
simulations demonstrate the ICNN’s high accuracy in
predicting the battery degradation for unseen battery
datasets.

2) User-centric V2G: To address the user’s risk aversion
to their EV’s battery health, we use our data-driven
convex battery degradation model to formulate a multi-
objective optimization problem that captures the trade-
off between financial gains from V2G participation
and the degradation of battery health. Furthermore,
we provide trade-off curves that illustrate the financial
losses and benefits based on user preferences and
showcase smart charging strategies under realistic price
fluctuations.

The rest of the paper is organized as follows: In Section II,
we review the notation used throughout this paper. Section

IIT introduces the problem formulation as a multi-objective
optimization problem. To solve the problem, we need to
employ the Input Convex Neural Network (ICNNs) archi-
tectures, which are described in Section IV. The proposed
algorithm to solve the problem at hand is introduced in Sec-
tion V. Section VI provides extensive numerical simulation
studies, including the problem set-up, the validation of the
proposed battery degradation model, the personalized trade-
off curves, and smart charging profiles for each EV user.
Finally, Section VII concludes the paper and presents some
research directions that require further research.

II. NOTATION

Throughout the paper, we consider -] = max(-,0) and
denote the Hadamard product, i.e., the elementwise multi-
plication between two vectors, by ©. Let [T] = {1,...,T}
denote the charging horizon of each EV.

III. V2G BENEFITS VS BATTERY DEGRADATION: A
MULTI-OBJECTIVE OPTIMIZATION APPROACH

A charging strategy col((Pya:)7_;) should satisfy the
following bounds on charging/discharging power of the EV
charger

P < By < P, vt e [T), (1)

where Py, + is the charging/discharging power of the battery.
P and P are maximum discharging and charging power
respectively. 7' is the maximum time interval for the V2G
session, chosen by the user. Furthermore, Py, should follow
the battery energy dynamics:

t
E S EO + nangt Z Pbat,j S Ea Vite [T]a (2)

=1

where FEj is the initial energy level of the battery, At is
the discrete time interval, and 7, is the average charg-
ing/discharging efficiency. F and E are the upper and lower
bounds on the state of energy of the battery, respectively.
The final energy level (Eq), as set by the EV user, is met
with € tolerance by time 7T as

T
Edes - EO + nangt Z Pbat,j <e (3)

j=1

For compactness, we consider u = col((Fpa, j)szl) and
collect all operational constraints in the set {2 given by:

Q:={ueRT| (1), (2) and (3) hold, Vt € [T]}. (4

We now define the objective function associated with the
V2G exploitation as follows:

0% (u) == 3 i BaiAt) (5)

ie[T)
with oy (in €/kWhr) denoting the V2G price. This dynamic
price inherently encodes different ancillary services offered
to the grid, which include demand response, peak shav-
ing, and congestion management. In this paper, the price
is provided by the V2G operators (such as EV charging



station operators, parking-lot managers, etc.) based on their
local-level power dispatch problem with distribution system
operators. The cost function in (5) refers to the net charging
cost during the V2G session. At denotes a fixed time interval.
The objective function associated with battery degradation is
given by:

95“2) (U, ttemp) = C Z Qloss,i(Pbat,i; ttemp) ) (6)

i€[T]

where ¢ = (7 X Ngeries X Mparalel) With y being the effective
capacity cost of the battery, ngeries and npgraner are the number
of series-connected cells in a single string and total parallel-
connected strings in the EV battery pack. temp € R” is the
temperature of the battery cell over T intervals, and Q)oss,;
is the capacity loss of a single battery cell at the " interval.

We now model a trade-off between the two conflicting
objectives of V2G profit maximization and battery degra-
dation minimization using a multi-objective optimization
approach. In this case, a user-defined weight is assigned
to each objective, reflecting their relative importance to the
user. We frame our problem in terms of a multi-objective
optimization problem as follows

it J (1, T i) 7

where
J(u, T = poY 1—p)ot? b
(u7 7ttemp) = pbp (U) + ( P) T (Uattemp); (7b)

and p € [0, 1] is the weight chosen by the user to indicate
which objective among V2G revenue and battery degradation
health is more favorable.

IV. INPUT CONVEX NEURAL NETWORK-BASED BATTERY
DEGRADATION MODELING

The capacity loss model (6) of the EV battery is, in
general, difficult to model empirically because of intricate
dependences on the temperature (femp) and time (7'), and
the fact that different battery chemistries manifest different
mathematical models. In this paper, we design a data-driven
model on the battery degradation cost 0T2 )() based on
ICNNs. In the following sub-section, we present the key
properties of such architectures.

A. Fully Input Convex Neural Networks

We first present the architecture of a fully input convex
neural network (FICNN) as introduced in [18]. Let y € R™
be the set of inputs of the neural network, where the function
resulting from the output of the neural network is f(y; o),
where w represents the parameters of the FICNN.

Definition 1. Let k be the number of layers of the neural
network, g; the activation function and the hidden state z; €
R™= for each layer 1, respectively,

B= (W Wi bes). ®

The collection of weights and bias, and y is the input.
Consider the neural network described by Algorithm 1. If

Algorithm 1 Fully Input Convex Neural Network [18]

Input: w

fori=0,...,k—1

Zit1 = Gi (Wi(z)zz‘ Wy + bi)
endfor

Output: f(y;w) = z.

AN

each element of Wl(:zk)fl is non-negative and for each layer

1=0,...,k—1, g; are convex and nondecreasing, then the
Neural Network is called Fully Input Convex Neural Network
(FICNN).

By leveraging fundamental results on properties of convex
functions [21], it can be shown that the output function
f(y;w) of the FICNN in Definition 1 is convex in y. As
such, a data-driven model can be derived for the battery
degradation cost §(?)(-) that is convex with respect to all
its inputs.

A key challenge of FICNNs is the joint convexity they
enforce across all input parameters. This constraint signif-
icantly limits the hypothesis space, preventing the model
from capturing nonconvex behavior in certain parameters
while maintaining convexity in others. In our case, this
would impose an unnecessary restriction by assuming that
the battery degradation cost is convex with respect to tem-
perature and time, which does not accurately reflect real-
world dynamics. To address this limitation, an extension of
FICNNs known as partially input convex neural networks
(PICNNSs) has been proposed in [18]. PICNNs allow for
selective convexity, enabling our model to preserve convexity
with respect to specific parameters—such as the battery C-
rate while capturing the inherent nonconvexities associated
with temperature and time.

B. Partially Input Convex Architectures

Neural Networks with a partially input convex architecture
can provide a substantial improvement in representation
compared to FICNNs due to the enlarged hypothesis space
they allow without sacrificing the convexity with respect to
the parameters of interest.

Definition 2. Consider k-layers, the inputs x € R"*, y €
R™, the weight-bias vector

w= (Wi, b, WE 002, w0 b W b))
the hidden layer vectors @ = [u;, ul(»z), ugy), uz(u)] f is convex
in y but not in x, and z = col((z)¥2}). Consider the
iterative procedure described in Algorithm 2. If W) s
elementwise non-negative, then the procedure is called a
Partial Input Convex Neural Network (PICNN).

The data-driven algorithm in Definition 2 can be com-
pactly written as a procedure F(x,y, w), where w has been
trained based on available data using, e.g., empirical risk
minimization or mini-batch approaches.



Algorithm 2 Partially Input Convex Neural Network [18]

Input: w

fori=1,....k—1

w1 = gi(Wiu; + b;)

ul?) = max(Wi(Z“)ui + bgz), 0)
u\Y) = Wi(yu)ul_ + bz(y)
zin = (W (2 0 u™) + W (y 0 uf”) + u™))
endfor

Output f(z,y,w) = 2k, up = .

S~ o~

~

R e A

Remark 1. An advantage over the FICNN architecture is
that only the W'?) terms are required to be non-negative,
and the activation function g;(-) has to be non-decreasing to
retain the convexity of the output f in y.

V. USER-CENTRIC DATA-DRIVEN SMART CHARGING

We now propose the Algorithm 3 for data-driven user-
centric smart-charging. In Algorithm 3, we distinguish be-
tween two different stages:

1) Offline training of the PICNN: We first pre-process the
input-output data from the dataset [20] and minimize
the training loss of PICNN to obtain parameters (w*)
of the trained network. In our problem, y = w and
x = A{T, tiemp} of f(z,y,w).

2) User-centric Multi-objective Optimization: We then fix
w* obtained in step (1) and minimize the cost J(-)
over the power rate u using automatic differentiation
and projected gradient descent, based on the user’s
preference p. Note that T is set by the user, and fmmp
could be approximately taken as the forecast of am-
bient temperature in 7" intervals. For better accuracy,
one could use dynamic temperature model in [16] to
estimate f[emp from various sensory data of EV.

Finally, we retrieve the smart charging profile v*, which will
meet all our desired constraints with a guarantee. Thanks to
the convexity, our proposed algorithm converges to a global
optimal solution.

Algorithm 3 Data-driven User-centric Smart Charging

Inputs: Dataset [20], user preference p

Train the PICCN on the dataset and obtain w*.
Set 657 (u, tiemp) = £ (1, T, tremp, w*)

Given (T,ftemp), differentiate J(u, T, ftemp) in u.
for (=1,2,... .

Up1 = projg[ue — 7V (ug, T, tiemp)]

until convergence

Output: u* = uy,

A o e

VI. NUMERICAL EXPERIMENTS
A. Simulation Setup
We adopt the V2G tariff profile a; in (5) from [22]. We

assume EV users engage in the V2G program 12 hours in
a parking lot. The time interval At is set to 15 minutes.

S 4.2f
= 4
& 3.8¢
8 3.6f
O 3.4r
> 327 L L L L L L
0.5 1 1.5 2 2.5 3
Time (hours)
—~ 5r = = L -
< T S W I B iii H
Z2sgmit il Pl T !:u-HEH i
H ' ' RN H i —
5 oft M iy gl ittt i ifkillerd
= L |i1|"ii i |J_[! (R
325 A 1S B L.'i i bl
I-I ‘ T :"I
5 , , | )
0 0.5 1 1.5 2 2.5 3 3.5
—~ Time (hours)
o
~ 40,
g » . ’/A\ PSRN I~ o RSN
’ NN, ’ -
§ 30 ,I\’ NN \N"/ v S et S
g
£ 20f
'g) I I I I I I )
0 0.5 1 1.5 2 2.5 3 3.5
Time (hours)

Fig. 2: Voltage, current, and temperature plots of RW9
battery cell during randomized battery cycling. The data for
the above plot is taken from [20].

The energy availability within the battery is constrained by
upper (E) and lower (E) bounds of 0.9 and 0.2 (in per unit),
respectively. We define the user tolerance € as 0.02 (in per
unit), and the desired battery energy level Fy is set to 0.7 (in
per unit). The battery pack under consideration has a capacity
of 50 kWh, with configuration parameters of ngeies = 83 and
Nparallel = 94. The terminal voltage of the battery pack (Vpa)
is 350 V.

Given the availability of various standardized charging
technologies, we specifically focus on bi-directional EV
chargers with variable charging/discharging rates. As high-
lighted in [23], such chargers offer financial advantages over
fixed C-rate charging strategies. Accordingly, we select a
Level-2 three-phase on-board charger with a 22 kW power
rating (P), which is currently manufactured by Eaton and
other major industry players [24]. Market analysis in [25]
indicates that the battery capacity of most passenger EVs
falls within the 50-100 kWh range. We conduct our study
based on a 50 kWh battery capacity to ensure broad ap-
plicability. For our simulation studies, we assume that a
new battery costs 207 €/kWh, based on the Chevrolet Bolt
battery pack cost reported in [26]. When the battery capacity
degrades by 30%, it can still be repurposed for second-
life storage applications, with a resale value of 45 €/kWh
[27]. Consequently, the effective cost of the EV battery is
calculated as

o (207 —00.37 X45) _ oo Wh.

which corresponds to the parameter used in (6).

(10)

B. Battery health prediction results

1) Preparing the experimental dataset: We use extensive
datasets from NASA Ames Prognostics Center of Excellence
Randomized Battery Usage [20] for battery life-cycle tests.
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The charging-discharging power for each cell is highly
randomized in this dataset, which renders this dataset ideal
for mimicking practical EV usage. We consider experimental
data of four 18650 Li-ion batteries (identified as RWO,
RW10, RWI11, and RWI12 in the dataset). Although one
could define various input features, we primarily focus on
key features such as time, battery temperature, and battery
cycling C-rate. Fig. 2 displays voltage, current, and tempera-
ture of the randomized cycling of the RWO battery cell. Given
these inputs, our objective is to predict the battery health
degradation in terms of battery capacity fading. Therefore,
We train the PICNN using the RW9, RW11, and RW12
battery cell datasets and validate the prediction of capacity
fading with an unseen dataset of RW10 battery cell.

2) Battery degradation prediction of PICNNs: We con-
struct the PICNN with three hidden layers having 32,8,,
and 1 neurons, respectively. We use the softplus activation
function for the convex part and the tanh activation function
for the non-convex part. The loss function is based on the
mean square error (MSE) metric. We optimize our PICNN
using an ADAM solver with an initial learning rate of 0.04
and decay of 0.1. Fig. 3 depicts the simultaneous training
and validation loss of the PICNN. The decreasing trend in
the mean square error of both training and validation loss
indicates the efficacy of the neural network. In Fig. 4, we
show the lifetime capacity prediction of the battery cell
(RW10) as an output of PICNN against the ground truth.
To measure the goodness of fit of our prediction model, we
consider the statistical measure coefficient of determination
(R?) as the evaluation metric. Consider that the prediction
is encoded in f € R™ and the ground truth is given by
f* € R*. R? is defined as follows.

n * 2
R2=1-— M 7 a1

Y= 1)
where f* is the mean value of f*. An R? of 1 indicates that
the prediction perfectly fits the ground truth. We find that
the value of R? in our prediction is 0.974, which indicates
the high performance of PICNNs in predicting the battery

capacity fading phenomenon.

C. Trade-off Curve and Smart Charging Profiles

1) Personalized Trade-off: Feeding the degradation cost
produced by the ICNN to the multi-objective optimization
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Fig. 4: Battery capacity prediction vs true capacity comparison.
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problem in (7a), we obtain a personalized optimal charging
schedule according to the proposed Algorithm 3. In Figure
5, we illustrate the trade-off between the benefits from V2G
and battery degradation for different values of the user-
defined hyperparameter p denoting the subjective importance
each user assigns to their battery degradation. The rightmost
part of the plot corresponds to the value p = 0, where
the user decides to be overly cautious with respect to their
EV’s battery health. In contrast, the leftmost part of the plot
corresponds to p = 1, where the user fully exploits V2G
services for financial gain without considering the battery
degradation cost. For any other values p € (0,1), the curve
provides an informative chart for the EV user with respect
to the financial benefits/losses that they will encounter, given
their personal preferences and the problem specifications
considered in Section VI-A.

2) Smart Charging Profiles: Figures (6a) and (6b) show
the charging power profile and the available state of energy of
the EV battery, respectively, when the user selects p = 0.5.
Note that the charging/discharging profile depends on the
V2G tariff price, selecting to discharge, i.e., sell energy to
the grid retailer or parking lot manager when the electricity
price is high, and charge when the electricity price is low.
At the end of the V2G session, the state of energy reaches
the desired level (Fqes) of 0.7 pu.

VII. CONCLUSION

In this paper, we proposed a data-driven, user-centric
V2G methodology that balances battery degradation and
V2G revenue using multi-objective optimization and ICNN-



5
X 15— T T T T T
o) F a
2 10 1=
8 T HmPhatt ,' -
2 sF i
S f=n I
© E v
£ OoF |  akalen |
z £ '_'—_-\__ - l’
S sF N A, |
> F -
St
2-10F
5 R RPURIN S I I B |
5 0 2 4 6 8 10 12
Time (hours)
(@)
]
— C Et 4
308H-.E, 3
~ - es b
>~ [
> [ ]
© 0.6 ]
C [ 4
o) [ ]
[
5 04L ]
© [ ]
So2f .
< [ ]
0'. P EEEETE ST ST BTSN TE SRR |
0 2 4 6 8 10 12
Time (hours)
(b)

Fig. 6: (a) Charging power (BPu,) profile with V2G tariff (o)
when the user selects p = 0.5. Positive B, implies charging, and
a negative value refers to discharging. (b) Available energy (E;) in
the battery during the V2G charging session.

based battery degradation modeling. The partial convexity of
our data-driven model ensures computational efficiency and
global optimality, while numerical simulations demonstrate
its high accuracy (R?= 0.974) and adaptability to unseen
data. Future work will focus on the experimental validation
of our approach in real V2G scenarios. In such a setting, an
interesting extension would be to use data-driven methods to
predict the preferences of the prosumers. Such predictions
can be leveraged by the grid retailer or parking lot managers
to improve their energy management strategies further.
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