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Abstract

The well-balanced combination of high energy density and competitive cycle performance
has established lithium-ion batteries as the technology of choice for Electric Vehicles (EVs)
energy storage. Nevertheless, battery degradation continues to pose challenges to EV
range, safety, and long-term reliability, making accurate estimation of their State of Health
(SoH) crucial for efficient battery management, safety, and improved longevity. This
paper addresses a compelling research question surrounding the possibility of developing
a real-time, non-invasive, and efficient methodology for estimating lithium-ion battery
SoH without battery removal, relying solely on voltage and current data. Our approach
integrates the fitting abilities of Maximum Likelihood Estimation (MLE) with the dynamic
uncertainty propagation of Bayesian Filtering to provide accurate and robust online SoH
estimation. By reconstructing the open-circuit voltage curve from real-time data, the MLE
estimates battery capacity during discharge cycles, while Bayesian Filtering refines these
estimates, accounting for uncertainties and variations. The methodology is validated using
an available dataset from Stanford University, demonstrating its effectiveness in tracking
battery degradation under driving profiles. The results indicate that the approach can
reliably estimate battery SoH with mean absolute errors below 1%, confirming its suitability
for scalable EV applications.

Keywords: electric vehicles; lithium-ion batteries; battery degradation; maximum
likelihood estimation; particle filtering

1. Introduction and Motivation
Driven by the urgent need to decarbonize transportation and minimize its environmen-

tal impact, Electric Vehicles (EVs) are slowly but steadily reshaping the mobility paradigm,
offering an accessible and sustainable alternative to conventional internal combustion
systems. One of the key enablers of the shift towards electromobility is the substantial
progress in battery technology, whose improved autonomy has significantly contributed
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to EVs competitiveness. In this sense, Lithium-Ion Batteries (LIBs) have established them-
selves as the primary energy source for EVs due to their high energy density and relatively
long cycle life compared to other battery technologies [1,2]. Yet, despite these advantages,
LIB degradation remains a critical concern, especially when accelerated by challenging
operating conditions such as extremely high discharge/charge rates, extreme temperatures,
and deep depth of discharge (DoD) [3]. In EVs, this performance degradation directly im-
pacts vehicle autonomy, intensifies range anxiety, and increases the probability of thermal
runaway events [4,5]. Thus, it is clear that real-time monitoring of battery health under
operational conditions is of paramount importance to both the individual user and the
Original Equipment Manufacturer, which can benefit from improved situational awareness
and performance management [6].

In the literature, battery condition is commonly associated with the notion of State
of Health (SoH), a metric that relates the current battery capacity to its initial nominal
capacity [7]. Although intuitively straightforward, SoH cannot be measured directly and
requires estimation techniques, which are often impractical, time-intensive, or incompatible
with EV battery systems, as they would require the removal of the battery pack from
the vehicle [8]. Alternatively, a conventional solution to obtain SoH with the battery still
loaded in the vehicle involves performing a full discharge from a fully charged battery,
followed by a rest period and a subsequent full recharge [9]. Based on the Coulomb
counting strategy, this methodology offers precise SoH measurements; however, it requires
the vehicle to be stationary during the long testing process. Alternative strategies, such as
Electrochemical Impedance Spectroscopy (EIS), have been proposed to mitigate the time-
consuming limitations of Coulomb counting [10,11]; however, they often involve battery
disassembly or off-board testing, restricting their practicality in operational settings [12].
At the same time, tests that require access to cell-level data are unfeasible as such data are
rarely available through EV’s Battery Management Systems (BMSs) [13]. In this sense the
main category of SoH estimation methods based on on-board electrical measurements is
represented by Differential Analysis Methods. These techniques, often divided into direct
and indirect measurements, require laboratory setups and specialized equipment and, as
a result, are not feasible for online applications [14], which is why they were excluded
from the present review. In summary, the constant assessment of battery SoH via the
aforementioned strategies conflicts with intrinsic conditions of the battery installed on
EVs, as the existing estimation methodologies require disconnecting the battery or time-
consuming procedures to accurately assess its health status, impeding estimations “on
the go”.

Over the years, some methodologies have been proposed for online SoH estima-
tion in real-world applications based on phenomenological principles, expert knowledge,
and/or operational data of the cell/battery when available [15,16]. Similarly, the litera-
ture includes proposals addressing operational uncertainty and computational efficiency.
These are particularly relevant to review given the wide range of variations that may arise
in electromobility applications and the need to consider on-board implementations for
SoH estimation.

In the case of data-driven approaches that leverage operational data, illustrative ex-
amples are provided by Li et al. [17] and Ghosh et al. [18]. On the one hand, [17] uses
empirical mode decomposition and Pearson Correlation coefficients to extract Health In-
dicators (HIs) from measurements obtained during the charging process, subsequently
processed through long short-term memory (LSTM) and BiLSTM networks. On the other
hand, Ref. [18] employ an LSTM network for voltage curve reconstruction, then feeds
these voltage predictions alongside measured current in a quantum-fuzzy neural network
(eQFNN) framework. Both studies achieve high accuracy but encounter some limitations:
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Ref. [17] requires future information not commonly available in real-world applications,
while the approach of [18] may suffer from excessive computational complexity that chal-
lenges onboard implementation. Other interesting examples are found in Feng et al. [19],
which developed a Support Vector Machine (SVM) method, which utilizes partial constant-
current charging segments to compare measured voltage profiles with a pre-learned SVM
library. Moreover, Etxandi-Santolaya et al. [20] estimates SoH and battery functionality
using Support Vector Regression and neural networks trained on HIs extracted from partial
charging segments. Despite the scalability and performance under realistic conditions,
in both cases, the methods are defined at a cell level and do not consider the variability,
filtering, cell balancing, or constraints introduced by BMS hardware or firmware in the data
acquisition process.

For hybrid approaches that combine data-driven and physics-based methods,
Zhang et al. [21] provide a representative example. Their work seeks to integrate the
flexibility of data-driven models with physical constraints through a two-stage framework.
First, a Gated Recurrent Unit (GRU) is used to give an initial value of SoH from historical
data. Subsequently, a Particle Filter (PF) adjusts the SoH and provides State of Charge (SoC)
estimations. This method can adapt the SoH in real-time, but it depends only on the GRU
for the initial estimation: errors in initialization propagate through the system, requiring
considerable time to be fixed by the PF.

While previous methodologies have been deterministic, probabilistic approaches have
also been proposed to explicitly account for uncertainty. Despite their diversity, these
approaches tend to converge toward comparable underlying theoretical frameworks. For
instance, the study of Dong et al. [22] proposes a Hybrid Kernel Relevance Vector Machine
(H-RVM) for SoH and Remaining Useful Life (RUL) estimation. This approach can achieve
good results at a practical level, but it depends on keeping consistent charging protocols,
which limits the applicability, given the different charging strategies in different charging
stations. In turn, Xiang et al. [23] incorporate Gaussian Process Regression (GPR) to quantify
uncertainty, focusing on discharge segments with pseudo-labeling in a semi-supervised
bidirectional GRU framework, while Wang et al. [24] employ GPR directly for nonlinear
process modeling of the relationship between measurable battery features, proposing
an improved Firefly Algorithm (IFA) into the training process to improve global search
capability. The methodology presented in [23] can be applied in an online setting; however,
it may introduce considerable errors, as the GRU loses access to future data points and
potential mislabeling can propagate inaccuracies in subsequent estimations. On the other
hand, in [24], the method can encounter high computational costs and a strong reliance on
offline training data. In conclusion, probabilistic methods excel in uncertainty quantification
and nonlinear modeling but require high-quality data and consistent requirements, which
can be challenging in practice.

Another dimension to be reviewed is related to the data flow efficiency question for
SoH estimation. One effort is presented in He et al. [25], where the SoH estimation is based
on the variation coefficient extracted from partial charging curves and a GPR. The resulting
framework keeps predictions coherent across different training sizes and enables online
parameter updates that shorten commissioning time. A complementary path is explored in
the study by Buchanan and Crawford [26], where a convolutional encoder learns directly
from raw charge traces and a sparse GPR head outputs probabilistic SoH trajectories with
explicit credibility bands. In Dong et al. [27], the concept of probabilistic co-estimation is
further advanced. The authors calibrate the parameters of a fractional-order equivalent
circuit model using Bayesian optimization and subsequently integrate a Gaussian-sum
particle filter with recursive total least squares to jointly update the SoH and SoC. This
approach eliminates the need for laboratory impedance tests and aligns with firmware-
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level identification routines. In this regard, it is worth noting that, consistent with broader
trends in Prognostics and Health Management (PHM), hybrid methodologies that combine
data-driven and model-based approaches are emerging as a promising direction for SoH
estimation, as emphasized by Zhang et al. [21] and Deng et al. [28]. Lastly, the paper by
Zhu et al. [29] brings Bayesian calibration into the second life scenario using a physics-
informed neural network that is pre-trained on porous electrode simulations and refined
with Monte Carlo dropout, achieving robust estimates across heterogeneous aging paths
and pointing to lighter uncertainty-aware estimators suitable for embedded controllers.

Inspired by these findings, we propose a hybrid estimation method that integrates
model-based approaches, parametric estimation, and Bayesian inference to estimate the
current SoH during EV operation, using non-invasive data from onboard systems such as
voltage and current trends from the Controller Area Network (CAN) bus. The proposed
solution uses maximum likelihood estimation (MLE) to extract capacity estimates from
readily available online operational data, utilizing these measurements without requiring
invasive diagnostic techniques. To further strengthen the robustness and resilience of the
estimation process, a Bayesian Filter (BF) loop is added to the framework. In particular,
the PF is employed as an implementation of the BF problem. In fact, MLE alone can be
sensitive to noise, short discharge segments, and sensor inaccuracies. To address these
challenges, estimation is further enhanced by the application of a PF, which smooths
estimates, compensates for uncertainties, and mitigates errors caused by sensor anomalies
or missing data. The comprehensive combined MLE-PF approach provides a robust and
adaptive estimator that improves accuracy by integrating real-time measurements with a
degradation model, ensuring reliable SoH estimation even in the presence of quantized or
noisy operational data. In this work, we assume that the EV is continuously monitored by
an onboard computer or by the BMS. The only data requirement is access to operational
signals, such as voltage and current trends available on the CAN bus, enabling seamless
online estimation of both SoH and SoC.

The main contributions of this article are:

1. A novel MLE-PF battery capacity estimation procedure is developed to obtain SoH
estimates from an arbitrary current and voltage discharge profile.

2. A PF algorithm is implemented to overcome model and estimation uncertainties and
potential outliers during the degradation process.

3. The addition of the PF enables the simultaneous online estimation of SoH and SoC
without the need for time-intensive tests, which require battery disconnection.

4. The proposed method is designed for use on a generic EV since current and voltage
measurements are easy to obtain from a BMS or an OBD2 device.

5. The proposed approach can be scaled to different types, modules, and lithium
ion batteries since the parameters of the battery model can be adjusted with few
operational data.

The remainder of this paper is organized as follows. Section 2 provides a comprehen-
sive theoretical background, discussing key concepts such as SoC, SoH, and the open-circuit
voltage (OCV) model. Section 3 details the proposed methodology, including a description
of the MLE and its integration with the PF algorithm. Section 4 introduces a case study
to demonstrate the applicability of the proposed approach, utilizing real-world data from
LIB cells. Section 5 presents and analyzes the results, highlighting the performance of the
MLE-PF strategy in accurately estimating battery health under various operating condi-
tions. Finally, Section 6 summarizes the findings, discusses implications for future research,
and concludes the paper by highlighting the potential of the proposed method for real-time
applications in EVs.
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2. Theoretical Background
In this section, we present the fundamental concepts and methodologies that form the

basis for the proposed approach in this paper. First, we provide essential definitions and
concepts related to battery condition monitoring, including the SoC, SoH, and the OCV
model. Then, we introduce key statistical techniques such as the MLE, BF/PF, which are
instrumental in refining the accuracy of SoH and SoC estimates.

2.1. Definitions and Equivalent Circuit Battery Model

The SoC and SoH are crucial indicators for evaluating battery operation, and they
describe the state of the battery from two fundamentally different points of view. The SoC
describes an intercharge performance, while the SoH represents an intracharge performance.
That is, the SoC describes the charge available with respect to the maximum charge available
at that specific moment, while the SoH represents the trend of the maximum capacity of
the battery with respect to the initial capacity of the new battery. As such, these concepts
also refer to two completely different timescales, identified with the indices t and k. t is
the time step index used in the SoC calculation, while k is the work cycle index used in
the SoH calculation to indicate operational charge-discharge cycles, defined as a process
during which the battery delivers an amount of energy equivalent to 100% of its current
capacity, given its SoH [7].

1. The SoC represents the current capacity of the battery relative to its total current
capacity, typically expressed as a percentage [30]. It indicates how much charge
remains in the battery and its evolution in time can be mathematically formulated as:

SoCt = SoCt−1 −
It−1 · ∆tt

Ck
+ wt , (1)

where SoCt−1 and It−1 are the SoC and the current at the previous time step, respec-
tively, ∆tt is the sampling time interval, Ck is the battery capacity at cycle k (i.e., the
maximum charge the cell can store at that cycle), and wt represents the process noise
accounting for uncertainties such as current sensor inaccuracies, unmodeled dynam-
ics, and environmental variations. By incorporating noise, the model becomes more
robust and can better capture the real-world behavior of batteries, enhancing the
credibility and reliability of the SoC estimate. The SoC trend can vary over time
depending on the discharge rate, which in practice is associated with different usage
profiles [31].
To connect the SoC concept with practical battery applications, it is essential to con-
sider an equivalent circuit model that simulates the battery behavior under various
operational scenarios. In this work, we use a Thévenin-equivalent model, which
includes a controlled voltage source that represents the open-circuit voltage Voc, inte-
grated with a resistance to simulate real-world conditions [32].
The open-circuit voltage Voc is a nonlinear function of the SoC and is can be rep-
resented through a three-stage structure that reflects the dominant electrochemical
mechanisms across different SoC ranges. Studies such as [33] have shown that, at
high SoC values, a combination of partial redox reactions and increased charge accu-
mulation near electrode saturation produces a pronounced curvature in the OCV–SoC
relationship, effectively described by a shifted exponential function. In the mid-SoC
region, the main intercalation and phase-transition reactions of the active materials
proceed smoothly, yielding a nearly affine voltage response that can be captured by a
linear term. Conversely, at low SoC values, redox activity is minimal and the voltage
exhibits a sharp decline driven by surface charge-accumulation effects, which is well
modeled by logarithmic or exponential behavior.
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Beyond these chemical considerations, it is also essential to account for the aging-
induced voltage drift observed in the OCV curve as the battery degrades. As reported
in [34], periodic OCV measurements exhibit a progressive leftward shift over the
cell’s lifetime, reflecting both capacity loss and changes in the electrode equilibrium
potentials. This systematic displacement indicates that a fixed OCV curve cannot
accurately represent the evolving equilibrium voltage associated with different SoH
levels, thereby motivating the use of a parametric formulation whose coefficients can
be adapted to aging.
Building on this structure and considering the proposed Thévenin-equivalent circuit,
the five-parameter OCV model introduced in [35] is adopted in this work and ex-
pressed in Equation (2) where each term in corresponds to a distinct operational zone
of the OCV curve. The offline procedure proposed in [36] allows the identification
of model parameters using a single controlled-discharge experiment, whereas [37]
extends this approach to data collected from an EV operating under real driving
conditions. These formulations enable the OCV curve to adapt to different SoH levels,
as illustrated in Figure 1.

voc(SoCt) = vL + (v0 − vL) · e
γ(SoCt−1)

+ α · vL(SoCt − 1) + (1 − α)vL(e−β − e−b
√

SoCt ). (2)
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Figure 1. OCV as a function of consumed capacity for different SoH levels. The transition from green
(higher SoH) to red (lower SoH) illustrates how decreasing SoH alters the OCV curve and reduces
the usable capacity.

2. On the other hand, the SoH refers to the battery’s ability to deliver its total current
capacity compared to its original (or nominal) capacity when new [30]. In the battery
literature, SoH can be characterized through several degradation indicators (e.g., ca-
pacity loss, increase in internal impedance, power fade, or self-discharge rate) which
contribute to describing the battery health state [3]. Nevertheless, many studies point
out that the most widely adopted formulation in both research and practice remains
the capacity-based definition [38,39]. That is why, in the context of this study, we
adopt the most common and widely accepted formulation, and we define SoH solely
on a capacity basis, as reported in Equation (3).

SoHk =
Ck
C0

, (3)

where SoHk is the State of Health at cycle k, Ck is the battery capacity at cycle k,
and C0 is the nominal (initial) capacity when the battery is new. The capacity Ck

decreases with each cycle due to degradation, affecting the duration and energy
delivered in subsequent cycles. A common way to represent degradation over the
battery operational cycles is by describing the maximum energy storage capability
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that the battery can deliver over time. One way to model this degradation is through
the equation:

Ck = Ck−1 · ηk−1 + vk, (4)

where Ck is the capacity at the current cycle, Ck−1 and ηk−1 are the capacity and
the efficiency factor in the previous cycle, respectively. and vk represents the process
noise capturing uncertainties such as degradation rate variability, measurement errors,
and unmodeled aging effects. Similarly to wt, the term vk is introduced to model
the inherent uncertainties and stochastic nature of battery operation to make SoH
estimation more robust.
The efficiency factor η serves as an aggregate representation of the Loss of Lithium
Inventory (LLI) induced by each duty cycle experienced by the battery [40]. As
highlighted in [41], LLI is one of the dominant degradation modes in LIBs, arising
primarily from SEI growth, lithium plating, and crack-assisted side reactions, all of
which irreversibly trap cyclable lithium and reduce the amount of charge that can be
reversibly stored. These mechanisms occur even under moderate operating conditions
and accumulate over time, leading to measurable reductions in accessible capacity. By
expressing the degradation of a given cycle as a multiplicative efficiency applied to the
previous available capacity, the model effectively captures the fraction of lithium lost
to these irreversible pathways, allowing the model to track the progressive depletion
of cyclable lithium as the battery ages.
Since the SoC is intrinsically linked to the SoH via the current maximum capacity,
the SoH also influences the behavior of the Voc curve [42] as an external parameter.
Figure 1 illustrates this dependency by showing how the OCV curve shifts with
different SoH values.
In fact, a reduced battery capacity implies that the SoC will drop more quickly for the
same amount of extracted charge, causing Voc to decrease significantly faster. Starting
from Equation (2), this relationship is expressed mathematically in Equation (5), where
it is clear that Voc is a function of the SoC. More specifically, Ck represents the battery
capacity at a given cycle k and Qext the extracted charge. Note that a lower Ck increases
the impact of Qext on Voc.

Voc = voc(SoC) = voc

(
Ck − Qext

Ck

)
= voc

(
1 − Qext

Ck

)
(5)

2.2. Estimation

In this section, we provide an overview of the key estimation techniques used in
this paper. Estimation plays a crucial role in determining the state of a dynamic system,
such as the SoC and SoH of a battery. The methods discussed here, namely MLE and
BF, with a focus on PF, serve as powerful tools for accurately inferring these states based
on available data. By combining these techniques, we aim to develop a more robust and
precise estimation framework, adaptable to different scenarios and model structures.

2.2.1. Maximum Likelihood Estimation

MLE is a technique widely used in statistics and engineering applications to estimate the
parameters of a model that maximizes the probability of occurrence of a given event [43–45].
The basic principle of MLE is to define a likelihood function, L(θ; x), which represents the
probability of observing the event x given a set of parameters θ. The goal of MLE is to find
the values of θ that maximize the likelihood function [46], mathematically expressed as:

θ̂ = argmax
θ

L(θ; x). (6)
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It is customary to work with the log-likelihood function due to its level of mathemati-
cal convenience, since converting the product of probabilities into a sum simplifies the
calculations. This can be represented by:

log L(θ; x) =
n

∑
i=1

log f (xi; θ), (7)

where f (xi; θ) corresponds to the probability density function of the data xi given the
parameters θ.

2.2.2. Bayesian Filtering

BF is a statistical technique employed to estimate and predict the state of a dynamic
system based on a given model and noisy measurements. It relies on Bayes’ theorem to
update the probability distribution of the system state as new data becomes available [47].
In particular, an iterative algorithm predicts the next state using the system model, the
current state, an exogenous variable, and process noise (Predictive step). This can be
expressed in general terms as follows:

xk = fk(xk−1, uk−1, ωk−1), (8)

where f (·) is a function that depends on the state vector x, the input u ∈ Rnu , and the
i.i.d process noise vector ω ∈ Rnω . In the second step (Update), this prediction is used to
compute what should be expected according to the measurement equation:

zk = hk(xk, vk), (9)

where h(·) is a function, z ∈ Rnz is the measurement vector, and ν ∈ Rnν is the noise
vector [47].

Finally, the likelihood of the observed measurement is computed and used to update
the state and calculate the uncertainty, assuming the availability of the initial condition
p(x0 | z0) = p(x0). This process is iterated until an end criterion is met.

Particle Filter

PF are algorithms that offer a solution to the BF problem by using particles, which are
defined as a set of Np random samples with their respective weights (see Equation (10)), and
Monte Carlo simulations, which are employed to approximate the posterior distribution of
the desired state, since the true distribution is often intractable [48].

{
x(i)k , w(i)

k

}Np

i=1
,

Np

∑
i=1

w(i)
k = 1 (10)

PF samples the Np particles at every step from an alternative PDF q(·) named impor-
tance density [49]. Therefore, the posterior distribution can be approximated by [50,51]:

p(xk|z1:k) ≈
Np

∑
i=1

w(i)
k δ(xk − x(i)k ), (11)

where the weights of each particle are updated as follows:

w(i)
k = w(i)

k−1

p(zk|x
(i)
k )p(x(i)k |x(i)k−1)

q(x(i)k |x(i)0:k−1, z1:k)
(12)
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It is crucial to highlight that Equation (11) converges to an equality as Np → ∞.
Furthermore, the design and performance of the PFs are significantly influenced by the
choice of the importance density q(·) [52]. In this study, the Sequential Importance Sampling
(SIS) PF was implemented, which assumes the following equality:

q(x(i)k |x(i)k−1, zk) = p(xk|xk−1), (13)

indicating that the q(·) probability density function (PDF) is equal to the prior PDF. For
further details on SIS, the interested reader can find an in-depth description of the method-
ology in [53–55].

The SIS approach was adopted for its conceptual simplicity and computational effi-
ciency. By setting the prior transition model as the importance density, SIS avoids the need
to approximate complex proposal distributions, which are often intractable in nonlinear or
high-dimensional systems. This assumption reduces computational cost while providing a
consistent approximation of the posterior distribution, although it may suffer from weight
degeneracy over long sequences [50,52]. To mitigate the degeneracy issue, a resampling
step is introduced when the Effective Sample Size falls below a threshold [50,56]. This
step removes particles with negligible weights and replicates those with high importance,
thereby improving numerical stability and filter robustness, albeit with a slight increase in
sampling variance [57].

3. MLE-PF Framework: A Simple and Reliable Estimation Method for
Battery Capacity Using Operational Data
3.1. Theoretical Rationale for Battery Capacity Estimation

As shown in Equation (3), the SoH is directly determined by the battery capacity.
Therefore, knowing the initial capacity C0 and the capacity at a given cycle Ck, the SoH at
cycle k can easily be derived.

Considering the relationship between Voc and the battery capacity presented in
Equation (5), an estimator can collect a set of Voc and extract charge measurements to
infer the capacity value that best fits the observations, thus providing the needed value to
calculate the SoH. The optimization problem can be formalized in Equation (14), which
represents the core of the framework proposed in this paper.

Ĉ = arg min
C

N

∑
i=1

[
V(i)

oc − voc

(
1 − Q(i)

ext
C

)]2

, (14)

where V(i)
oc and Q(i)

ext represent the i-th Voc and extracted charge measurements, whereas voc

refers to the parametric Equation (2).
The direct application of this inference strategy poses several challenges, primarily due

to the fundamental operating principles of a battery when connected within an electrical
circuit. These challenges must be addressed to ensure reliable implementation. The primary
problem lies in the need for accurate open-circuit voltage Voc measurements. In fact, to
acquire accurate readings that are not affected by internal impedance, extended rest periods
without current flow are required. Furthermore, accurately quantifying the extracted
charge Qext requires the discharge process to start from a fully charged state. However, in
real-world scenarios, this condition is rarely met, as drivers do not always start their trips
with a fully charged battery.

Overcoming these challenges requires an integrated framework capable of recon-
structing voltage values that closely approximate the true open-circuit voltage Voc using
real-world measurements of battery voltage and current during EV operation.
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3.2. Framework Overview

Based on the information obtained in the previous section, a Maximum Likelihood
Estimation-PF (MLE-PF) approach has been implemented to estimate the battery capacity
using Equation (14), as illustrated in Figure 2. In particular, vehicle data are initially passed
through a Feature Extraction Module (FEM) to generate a set of observations, which the
MLE module then uses to estimate the battery capacity. On the other hand, a parallel
model-based branch (highlighted in red) is integrated starting from vehicle data. The
two branches converge into the PF, which fuses observations and model predictions to
output a filtered battery capacity estimate, from which the SoH is subsequently computed.
The inclusion of the PF aims to obtain a more reliable and robust SoH estimator since it
helps to overcome off-trend estimates, which may be the result of having to deal with
low-quality or noisy operational data.

Voltage & Current
Discharge Data

Feature Extraction
Module

Maximum Likelihood
Estimation Module 

Battery Capacity
Estimation

SoC Estimator Degradation Model

Filtered Battery
Capacity Estimations

Battery Capacity
Prediction

Expected value

Battery SoH
Estimation

PF

Figure 2. Vehicle data are processed by the FEM to generate relevant observations, which are then
supplied to the MLE Module for battery capacity estimation. A parallel model-based branch (in
red) supplies a degradation model to the PF, which fuses observations and predictions to produce a
filtered capacity estimate used to determine the SoH.

Figure 3 shows a detailed view of the MLE-PF framework, focusing on the FEM and
MLE module. The FEM logs voltage and charge measurements from the natural discharge
process during standard EV operation. Measurements that meet a set of predefined criteria
are retained and processed for further analysis. Once a meaningful set of observations
is harvested, the acquired dataset is passed to the MLE module, which, by solving an
estimation process, estimates the actual current battery capacity and therefore the SoH.
This process can be run online while driving.

Voltage &
Current data

Feature Extraction Module

No Yes
 

Continue
monitoring

Continue
monitoring  

O
bs

er
va

tio
ns

Log-likelihood
computation

Maximization

Maximum Likelihood Estimation
Module

State of Health
Estimation

 Compensation 

Compensated
feature vector

Yes

No

First
measurement?

Initialize counter

Store 

Generate feature
vector 

Calculate

Figure 3. Flowchart illustrating the Feature Extraction and Maximum Likelihood Estimation modules
employed to estimate battery capacity and State-of-Health.
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3.2.1. Feature Extraction Module

The FEM operates by identifying and collecting informative voltage and charge mea-
surements during battery discharge cycles that occur under typical electric vehicle operating
conditions. The primary objective of the FEM is to identify voltage readings that closely
approximate the open-circuit voltage Voc. These selected measurements form the basis
for estimating the battery current capacity. In fact, the direct correlation between open-
circuit voltage and battery capacity demonstrated in Equation (14) gives a clear strategy to
calculate the current capacity, starting from the Voc.

However, since the battery is always connected to the circuit and under load, a perfect
reconstruction of the true Voc is inherently unachievable; therefore, the resulting voltage can
only approximate the true open-circuit condition. For this reason, the reconstructed value
is referred to as a pseudo-open-circuit voltage or VocP . While in operation, the measured
voltage can be described by the relationship:

VocP = Vt + It · Rintt , (15)

where It, Vt, and SoCt correspond to the current, voltage, and SoC at the t-th discharge
instant, respectively. Finally, Rintt represents the internal resistance of the battery. To obtain
voltage measurements that closely resemble true open-circuit conditions, the FEM must
reduce the influence of the voltage drop caused by the It · Rintt term. When this objective is
achieved, the pseudo-open-circuit voltage approximates the actual open-circuit voltage:

VocP ≈ Voc = voc(SoCt) (16)

It is important to note that Equation (16) maintains validity only for a carefully se-
lected subset of measurement samples. This selection is achieved by a combination of
three actions.

1. First, the FEM identifies moments during the discharge process when the current val-
ues are low. This condition minimizes voltage drops caused by the internal impedance,
ensuring a more accurate representation of the open-circuit voltage. This requirement
is imposed by the threshold condition in (17):

|It| ≤ Ithresh, (17)

where It is the current measurement and Ithresh is the current low pass threshold.
2. In addition, since the battery’s internal impedance might present transients, a second

condition must be considered in series to the first one. The FEM checks if the low
current measurements are consistent for a given amount of time to minimize the effect
of voltage transients due to impedance. The expression in Equation (18) represents the
logical operator that indicates that a voltage measurement is close to its corresponding
Voc and can be formulated as:

Tconsistent ≥ Tthresh, (18)

where Tconsistent is a counter that indicates how much time with low current has passed,
and Tthresh represents the second control parameters that regulate how permissive the
selector is. The combined condition can be formulated as:(

|It| ≤ Ithresh
)
∧
(
Tthresh ≤ Tconsistent

)
=⇒ Vt ∼ voc(SoCt) , (19)

By applying this logical condition to the voltage and current signals, the FEM gener-
ates a set of observations D.
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3. Despite the low stable currents, they might still alter the approximation of Voc when
multiplied by the internal resistance. For this reason, an internal impedance compen-
sation module is added to the flow as explained in Section 3.2.2. The application of
this additional module adjusts the observation D to Dcomp.

In addition, the FEM logs the first qualifying voltage measurement that serves as a
reference point for the battery capacity estimation process, called the reference voltage.
The reference voltage is the initial Vo approximation that meets both conditions. Vo is then
converted to an initial State of Charge SoC0 using the inverse function of Equation (20).
This transformation is possible as the function voc(·), presented in Equation (2), is bijective.
Although the inverse function of voc(·) exists, it does not have an analytical form, necessi-
tating an approximation. The proposed approximation, which maps voc measurements to
their equivalent SoC, is given by the following:

SoC(Voc) =
x2

1 + e−x1(Voc−x0)
+ (a · Voc + b)3 + c, 0 ≤ SoC(Voc) ≤ 1 , (20)

where x0, x1, x2, a, b, and c are adjustable parameters that must be tuned to minimize the
error between the actual inverse function.

Finally, the FEM also computes the extracted charge between voltage detections. These
values are computed by integrating the current over time. This process can be expressed as:

Qext(k) =
∫ k

0
It dt ≈

k

∑
i=0

I(i) · ∆ti , (21)

where It corresponds to the current signal and ∆ti the sampling period between measurements.
When the FEM is applied to the monitored battery current and voltage signals, the

algorithm generates a feature set formalized as:

D =
{
D(i) = (SoC(i)

0 , ∆Q(i)
ext, V(i)

oc )|i ∈ {1, 2, 3, . . . , N}
}

(22)

where SoC(i)
0 corresponds to the initial SoC associated with the i-th selected measurement

(computed with Equation (20)), ∆Q(i)
ext is the extracted charge between the initial and the

i-th selected observation, and V(i)
oc is the i-th selected voltage measurement.

As previously stated, despite the selection of a low stable current, the impact of the
voltage drop due to the internal resistance could still be relevant. It is hence important to
further compensate the observation D with the Resistance Effect Compensation Module.

3.2.2. Resistance Effect Compensation

In this work, the battery ohmic losses are modeled through a internal resistance Rint,
which plays the role of the Equivalent Series Resistance (ESR) in the Thévenin model. This
resistance can be characterized based on the data provided in [58], it is possible to fit a
third degree polynomial to describe internal resistance as a function of SoC, where the
polynomial coefficients are P0 = 0.1317, P1 = −0.05083, P2 = −0.2579, and P3 = 0.3084.
The relationship can be expressed by:

Rint(SoC; I = 5A) = P0 + P1 · SOC + P2 · SOC2 + P3 · SOC3 (23)

This polynomial function represents a case in which the battery operates at a con-
stant discharge current. However, actual operational conditions might present varied
discharge current profiles. Therefore, we propose adjusting the polynomial using historical
operational voltage and current data. The adjustment of Equation (23) involves an affine
transformation, as illustrated in Equation (24), where θ represents adjustable parameters.
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Rint(SOC, I)θ = (P0 + P1 · SOC + P2 · SOC2 + P3 · SOC3) · θ1 + θ2 (24)

Then, Equation (25) describes how to refine the detected Voc measurements by con-
sidering the ohmic effects of impedance at low currents. Note that Rintk (SoC, Ik)θ in
Equation (25) corresponds to the proposed parameterization of the internal resistance.

voc(SoCk) = Vk + Ik · Rintk (SoCk, Ik)θ , (25)

This compensation scheme is applied to the voltage detections of the feature set pre-
sented in Equation (22), to diminish the effect of internal resistance further. The application
of this procedure generates the compensated feature dataset given by:

Dcomp =
{
D(i) =

(
SoC(i)

0 , ∆Q(i)
ext, V(i)

oc + I(i) · Rintk (SoC(V(i)
oc ), I(i))θ

) ∣∣ i ∈ {1, 2, . . . , N}
}

(26)

=
{
D(i) =

(
SoC(i)

0 , ∆Q(i)
ext, V̂(i)

oc
) ∣∣ i ∈ {1, 2, . . . , N}

}
. (27)

where I(i) represents the current associated with the i-th detection, and V̂(i)
oc represents

the i-th compensated voltage detection of the compensated feature dataset Dcomp. After
compensating for resistive effects, no further processing is necessary.

It is noteworthy to mention that the proposed polynomial model for the inter-
nal impedance corresponds to a simplified empirical approximation. Indeed, internal
impedance depends on several factors, including temperature, hysteresis, and manufac-
turing defects. Since these factors are not being taken as inputs to the model, errors in the
characterization of internal impedance are expected.

However, these errors do not compromise the validity of the proposed methodology.
First, the polynomial model is calibrated for the specific cell type under study using
historical data from similar cells. Second, as shown in Equation (25), errors in the term
Rintk (SoCk, Ik)θ are multiplied by Ik, whose magnitude is inherently small during the
operating conditions considered by this methodology. Consequently, any approximation
error in the internal resistance remains bounded. Finally, residual errors introduced by this
simplification are accounted for in the observation equation of the upstream particle filter
(PF) as observation noise. Therefore, the influence of inaccuracies in Rintk (SoCk, Ik)θ on the
overall performance of the proposed methodology can be considered negligible.

3.2.3. Maximum Likelihood Estimation Module

Once the features are extracted, the battery capacity parameter can be estimated by
maximum likelihood. To construct the likelihood function of the battery capacity, the
following assumptions are considered:

• During the feature extraction, capacity degradation is neglected.
• The extracted features are conditionally identically independent and identically distributed.
• The extracted open voltage features are affected by Gaussian additive noise with some

variance σ2
v .

In particular, the latter assumption is grounded in established practices. Modeling
voltage-related features as the true cell voltage corrupted by additive, zero-mean Gaussian
noise is in line with established practices in Li-ion battery state estimation, where terminal-
voltage measurements acquired through the sensing chain are typically affected by small,
approximately white noise perturbations. Under this setting, the Gaussian model provides
a convenient and well-posed likelihood for machine learning or Bayesian estimators as
proposed by [36,59–61]. In applications where the sensor noise is manifestly non-Gaussian,
the same estimation framework can be reformulated with a more general noise model, at
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the price of increased complexity. With the compensated set of extracted features presented
in Equation (27) and a previously adjusted battery model, the Voc can be approximated for
every observation, following Equation (28). Note that this voltage prediction depends on
the battery capacity C. This allows the creation of an error metric assumed to be normally
distributed. Equation (29) shows the final error metric associated with the collected feature
vector i.

V̂(i)
oc
(
C, SoC(i)

0 , ∆Q(i)
ext
)
= voc

(
SoC(i)

0 − ∆Q(i)
ext

C

)
(28)

ϵ
(
C,D(i)) = V̂(i)

oc − v(i)oc (C, V(i)
0 )

= V̂(i)
oc − voc

(
SoC(i)

0 − ∆Q(i)
ext

C

) (29)

When combining the above-mentioned assumptions, the likelihood function of a set
of observations follows:

L(C;D) =
N

∏
i=1

L(C;D(i)) (30)

=
N

∏
i=1

1
σv
√

2π
e−

1
2 (

ϵ(C,D(i))
σv )2

(31)

∝ e∑N
i=1 −

1
2 (

ϵ(C,D(i))
σv )2

(32)

Since we are interested in the most probable estimation of the battery capacity, the
estimated value Ĉ is the one that maximizes the constructed likelihood. To ease the
computations, we use the log-likelihood instead of the likelihood function. Additionally,
the multiplicative factors can be ignored during the maximization process. The optimization
problem is described by Equation (36).

Ĉ = arg max
C

log(L(C;D)) (33)

= arg max
C

log(e∑N
i=1 −

1
2 (

ϵ(Q,D(i))
σv )2

) (34)

= arg min
C

N

∑
i=1

[
ϵ(C,D(i))

]2 (35)

= arg min
C

N

∑
i=1

[
V̂(i)

oc − voc
(
SoC(i)

0 − ∆Q(i)
ext

C
)]2 (36)

The MLE employs a gradient descent algorithm to generate capacity estimates from
operational data. When the optimization problem is solved, the MLE Module outputs an
estimation of the battery capacity. Although this estimator can be used as a virtual capacity
sensor, the accuracy of the estimates is based solidly on the collected data, which means that
short discharges might produce biased estimates. In addition, noisy sensors may produce
unreliable data points and result in outliers. The MLE-PF framework merges the MLE with
a PF loop to overcome this issue. As a result, the MLE acts as a virtual sensor of battery
capacity, whose outputs are integrated as observations by the PF in a higher-level loop.
These MLE observations are used to update the particle weights in order to compute the
posterior PDF. In this way, inaccurate or incomplete estimates can be corrected using prior
information from the degradation model. In particular, the PF algorithm uses a Gaussian
likelihood function, which gives an estimate of the battery capacity in a Bayesian fashion.
The modular nature of the framework allows for the integration of any degradation model
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within the Particle Filter. In this work, we employ the SoC estimator proposed in [37], along
with the degradation model formulated in [40]. Note that once a posterior distribution of
battery capacity is generated, its expected value is used to update the SoC estimator, which
uses the battery capacity as a normalizing constant to calculate the SoC. This feedback
loop allows for a simultaneous assessment of health and charge, allowing complete battery
characterization during operation.

PF and estimator parameters should be adjusted using an initial set of training cycles.
The procedure presented in [37] allows the parameter adjustment of the battery model
using the operational data of the EV. The variance of the uncertainty of the model process
can be inferred using a small batch of degradation tests. However, other outer feedback
correction loops can be used to dynamically adjust this parameter during operation [62].
Finally, the likelihood variance depends only on the voltage sensor noise variance; hence,
it can be consulted with the vehicle manufacturer or inferred from operational data. In
the case study, this calibration step is performed only on cell W9, which plays the role of
a training cell. The resulting inverse-OCV/ESR parameters and PF noise variances are
then kept fixed when evaluating cells W4, W8, and W10, thus avoiding any leakage of test
information into the tuning stage.

The proposed method uses a PF algorithm since the sequential estimation problem is
characterized by non-linear degradation dynamics. Although both methods are compu-
tationally expensive, this characteristic is not limiting for an on-board application, since
capacity estimates and PF updates are triggered once an equivalent discharge cycle is
completed. This dynamics implies that the execution time of the algorithm is much shorter
than the battery degradation rates.

4. Case Study
Dataset Description

To validate the MLE-PF framework proposed in this work, we used the publicly avail-
able lithium-ion battery aging dataset provided by the Stanford University and released
by the MIT–Toyota Research Center [34]. This dataset documents the degradation of ten
commercial INR21700-M50T lithium-ion cells (NMC–graphite/silicon chemistry, nominal
capacity of 4850 mAh) cycled over a 23-month period under realistic use scenarios. It
encompasses multiple experimental variables and reproduces realistic EV profiles at a
controlled temperature of 25 ◦C, with power demands scaled to the cell’s operational range.

Each cycle consists of full charge–discharge sequence between 100% and 20% of the
SoC. Charging is performed through a two-phase Constant-Current Constant-Voltage
(CCCV) protocol using C-rates between C/4 and 3C for different cells until 100% of the
SoC is reached and the charging current falls below 50 mA. This is followed by a constant-
current discharge at C/4 down to approximately 80% SoC and subsequently by the realistic
conduction profile Urban Dynamometer Driving Schedule (UDDS) discharge to reach
20% SoC.

Diagnostic testing is performed periodically, including capacity testing using Hybrid
Pulse Power Characterization (HPPC) and EIS. By the end of the campaign, cells reached
between 80% and 91% of their initial capacity. Detailed information on the voltage, current,
charge, and discharge capacities, time, and step-index measurements for each cell cycle
are recorded. The following variables have been added or modified by the authors in a
pre-processing phase:

• SoC: calculated for each experiment by integrating the current over time. This value is
normalized with the SoC variation limits (20% and 100%).

• SoH: It is important to note that this dataset does not directly provide the SoH values;
instead, SoH has been derived from capacity measurements. Additionally, the current
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capacity data is not provided for each cycle but is available only at specific assessment
intervals. To establish a continuous SoH trend with values at each cycle, linear
interpolation has been employed to estimate capacity (and consequently SoH) between
the reported data points. This interpolated data will serve as the reference for the
cell SoH. This interpolated data will serve as the reference for the cell SoH. However,
in Section 5 the MLE–PF estimates are also compared against the non-interpolated
ground-truth capacity values at diagnostic cycles, and these errors are reported as the
primary performance metrics.

Among the ten cells, four have been selected for this study due to their higher degree of
degradation, allowing a thorough evaluation of the performance of the proposed model. As
a result, the pre-processing step was applied to cells W4, W8, W9, and W10. Experimental
data from cell W9 were used exclusively to tune the parameters and hyperparameters of
the proposed methodology; consequently, cell W9 is not used to validate it. In contrast,
the remaining three cells have been thoroughly analyzed, and the results are provided in
Section 5.

The specific charging conditions of each cell, ambient temperature, and diagnostics
performed, including the number of charge-discharge cycles each cell had completed at
the time of each diagnostic assessment, are detailed in Table 1. It is crucial to note that
the frequency of diagnostic tests that evaluate the SoH of cells is not uniform; that is, they
are not performed after a constant predetermined number of cycles. In some cases, these
tests are performed every 25 cycles; in others, they may be conducted every 48 cycles. As a
result, the initial capacity value is defined as the one reported in the first cycle immediately
after a diagnostic test, and the final value corresponds to the capacity measured in the last
cycle before the next diagnostic test. The capacity test is carried out by first bringing the cell
to 100% SOC and then discharging it with a current equal to one-twentieth of its nominal
capacity. Using such a very low current keeps over-potential losses practically zero, so the
voltage profile follows the open-circuit curve, and the charge removed can be taken as an
accurate measure of the cell’s actual capacity.

Table 1. Operating conditions of the studied cells. For each diagnostic assessment (D1–D9), the table
reports how many charge-discharge cycles each cell had completed at the time of the corresponding
diagnostic test. Adapted from [63].

Cell T [°C] Charge C-Rate D1 D2 D3 D4 D5 D6 D7 D8 D9

W4 23 C/4 0 25 75 123 132 159 176 179 N/A

W8 23 C/2 0 25 75 125 148 150 151 157 185

W9 23 1C 0 25 75 122 144 145 146 150 179

W10 23 3C 0 25 75 122 146 148 151 159 188

5. Results
In this section, the results regarding cells W4, W8, and W10, selected due to their higher

degree of degradation, are reported. In particular, we present the MLE-PF SoH estimates
along with the ground truth values reported in the Stanford dataset. To quantify how well
the model follows the actual degradation dynamics, we computed the Mean Absolute Error
(MAE) for each cell in a box plot visualization. In addition, we performed a sensitivity
analysis of the FEM with respect to the low-current threshold Ith and the minimum low-
current duration Tth, by evaluating how the number of detected pseudo-open-circuit
voltage points NOCV varies across different parameter combinations. Furthermore, we
analyze how the SoH estimation error (in terms of MAE) changes as a function of different
(Ith, Tth) combinations to assess the robustness of the proposed MLE-PF framework.
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5.1. Sensitivity Analysis of Low-Current Detection Parameters

The FEM relies on two hyperparameters that determine when a voltage sample can be
treated as a pseudo-open-circuit voltage VocP : the low-current threshold Ith and the mini-
mum low-current duration Tth, which correspond to the conditions in (19). To assess the
robustness of the proposed methodology with respect to these parameters, we performed a
sensitivity study on cell W4 of the Stanford dataset. For a grid of (Ith, Tth) combinations,
we counted the total number of pseudo-OCV points, denoted by NOCV, detected across all
available work cycles using the same driving profile and data preprocessing described in
Section 4.

Figure 4 indicates that different (Ith, Tth) combinations yield a comparable number
of detected pseudo-OCV points NOCV. For this reason, we restricted the detailed error
analysis to the representative settings reported in Table 2, instead of exhaustively evaluating
every pair in the grid.
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Figure 4. Sensitivity of the detected pseudo-OCV points to the low-current detection parameters. The
heat map shows the total number of pseudo-OCV points NOCV as a function of the current threshold
Ith and the minimum low-current duration Tth for cell W4.

Table 2. Summary of sensitivity analysis results for cell W4 under different combinations of current
and time thresholds.

Ith [A] Tth [s] Interpolated MAE [%] MAE at Diagnostic Tests [%] NOCV

0.025 47 0.235 0.349 1026
0.050 47 0.480 0.420 1512
0.025 23 0.573 0.487 4270
0.050 23 0.507 0.503 7835
0.075 23 0.937 1.040 7927
0.100 23 0.850 1.020 9387

Bold italics indicate the best-performing parameter combination in the sensitivity analysis.

Table 2 reports, for each (Ith, Tth) combination, three metrics: the Interpolated MAE,
computed over all work cycles; the MAE at diagnostic tests, evaluated only at the diagnostic
cycles where reference capacity measurements are available; and the total number of
detected pseudo-OCV points NOCV. In both cases, the SoH estimation error is obtained by
comparing the SoH estimated by the proposed MLE–PF framework against the reference
SoH derived from the ground-truth capacity measurements in the Stanford dataset. From
Table 2, the lowest MAE is obtained for Ith = 0.025 A and Tth = 47 s, both for the
interpolated and non-interpolated errors. This combination corresponds to the smallest
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current threshold and the longest low-current duration among the tested cases, which is
consistent with the physical intuition behind the Feature Extraction Module: as the current
decreases and the low-current window becomes longer, the measured terminal voltage has
more time to relax and becomes closer to the true OCV curve.

It is also worth noting that this best-performing configuration is associated with the
smallest number of detected pseudo-OCV points within the tested set. This suggests
that, at least for cell W4, the quality of the selected points—i.e., how close they are to
the underlying OCV response—is more important for the MLE performance than simply
maximizing NOCV. Based on this trade-off, the pair Ith = 0.025 A and Tth = 47 s was
adopted in the following experiments.

5.2. SoH Estimation Results

Figures 5–8 show the SoH estimation results obtained with the proposed MLE–PF
algorithm for cells W4, W8, and W10. Each figure includes the MLE–PF output, the ground-
truth reference, and the 5–95 % confidence interval estimated from the particle distribution.
Orange markers indicate the estimated SoH values at diagnostic cycles, while the lower
panel in each figure presents the corresponding absolute error evolution over all cycles.
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Figure 5. SoH estimation results for cell W4 showing the MLE–PF output, the ground-truth reference,
and the posterior 5–95% credible interval (nominal 90% level), together with the error evolution
across cycles (# denotes the cycle index).
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Figure 6. SoH estimation results for cell W8 showing the MLE–PF output, the ground-truth refer-
ence, and the posterior 5–95% credible interval (nominal 90% level), along with the error evolution
across cycles. (# denotes the cycle index).
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Figure 7. Empirical coverage of the 5–95% credibility interval for cells W4, W8, and W10. The dashed
line indicates the nominal 90% level.
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Figure 8. SoH estimation results for cell W10, showing the MLE–PF output, the ground-truth reference,
and the posterior 5–95% credible interval (nominal 90% level), along with the error evolution across
cycles (# denotes the cycle index).

Figure 5 shows the results obtained for cell W4, where the Stanford dataset indicates
an overall approximately 6% degradation in SoH across the full cycling range. The plot
demonstrates that the proposed MLE-PF model effectively tracks the cell’s degradation
throughout its operational life. Notably, the point-wise error remains comfortably below
0.5%, and the overall MAE is 0.235% when computed over all work cycles and 0.349% at
diagnostic test points (see Table 3), indicating consistent accuracy and stable convergence
of the estimator. The 5–95 % confidence interval remains narrow over most of the test,
confirming that the particle distribution captures the expected variability while preserving
a low estimation uncertainty.

Table 3. SoH estimation MAE. The interpolated MAE is computed over all work cycles using the
linearly interpolated ground-truth values, while the diagnostic MAE is calculated only at diagnostic
test cycles.

Cell Interpolated MAE [%] MAE at Diagnostic Tests [%] Diagnostic Points Used

W4 0.235 0.349 8
W8 0.369 0.686 9
W10 0.465 0.517 9
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For cell W8, the results shown in Figure 6 depict a similar scenario, with an interpolated
MAE of 0.369% and a MAE at diagnostic tests of 0.686% (Table 3), closely following the
actual degradation trend, although the error increases near the final cycles after the drop
around 145–155.

Finally, the results for cell W10, presented in Figure 8, exhibit comparable performance
in capturing degradation dynamics, with a resulting interpolated MAE of 0.465% and a
MAE at diagnostic tests of 0.517% (Table 3); the late-cycle deviations remain bounded by
the credibility band.

Overall, the results indicate stable precision and support the effectiveness of the
MLE–PF in predicting the SoH trend across cells. As summarized in Table 3, with W4
achieving the lowest overall error, W8 showing a slight increase during the final degradation
stage, and W10 maintaining a consistent tracking of the reference trend. Figure 9 illustrates
these results by representing the estimation error distributions of cells W4, W8, and W10
with box plots, reflecting the same relative behavior reported in Table 3. Figure 7 shows
that the empirical coverage of the 5–95% credibility band is close to the nominal 90% level
when all cycles are considered. At diagnostic cycles the coverage is lower for W4 and W8,
while W10 is closer to the nominal value. Since all three cells have only a small number of
diagnostic measurements, these percentages are sensitive to a few mismatches; in a realistic
deployment with more diagnostic data available, the empirical coverage at those points
would be expected to fluctuate less and to concentrate around the nominal level.

W4 W8 W10
0.0

0.5

1.0

1.5

Er
ro

r [
%

]

Mean (MAE)

Figure 9. Distribution of SoH estimation errors for cells W4, W8, and W10.

6. Discussion
The results obtained from the performed experiments confirm the accuracy of the

proposed methodology for online lithium-ion cell SoH estimation. The methodology
considers a feature selection module that saves the most significant measurements during
operation to create a feature set that is later employed to generate MLE capacity estimates.
These estimates are later filtered to suppress possible artifacts when the data presents
anomalies. In a practical implementation, a device should capture current and voltage
measurements from the CAN bus and then process them to generate capacity estimates
and filter updates once equivalent cycles are completed. Note that this latter processing can
be performed with cloud computing if the computational capacity of the onboard device
is limited. These findings are consistent across all cells and align with the error summary
presented in Table 3.

Beyond these baseline results, the sensitivity analysis reported in Section 5.1 (Figure 4
and Table 2) indicates that the MLE-PF framework is robust to different combinations of the
low-current threshold Ith and the minimum low-current duration Tth, with similar MAE
values for most of the tested settings. At the same time, the smallest errors are obtained
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when pseudo-OCV points are extracted under the most restrictive conditions, that is, using
the lowest current threshold and the longest dwell time, which is consistent with the idea
that lower currents and longer relaxation intervals produce voltage samples closer to the
true OCV. These two hyperparameters were selected for the sensitivity study because they
can be directly tuned in a practical implementation, whereas the uncertainties associated
with the ESR compensation are absorbed into the process and measurement noise of
the MLE-PF framework and are identified offline under the nearly constant-temperature
conditions of the Stanford dataset. A systematic assessment of the sensitivity of ESR model
parameters to temperature variations remains an open topic for future investigation.

From an application point of view, the outcome of this online SoH estimation procedure
can serve many purposes during the lifetime of the vehicle. For instance, since autonomy
directly depends on the battery capacity, having SoH estimates can drastically enhance
precision in autonomy prognosis algorithms, especially at the end of the battery life cycle.

The high versatility and scalability of the framework lie in its modularity, which
enables the application of the framework on different types of batteries with different
chemistries, after an offline parameter tuning phase. In particular, in this case, the imple-
mentation of Thévenin-equivalent battery models can reproduce the electrical behavior of
batteries, packs, and cells from different chemistries and configurations.

In addition to these benefits, our approach differs from existing methods in at least
two other significant aspects. First, it adapts to the usage of a real electric vehicle without
a specific discharge profile. Several model-based methods handle degradation under
different C-rates but still assume stationary or fixed operating profiles throughout each
discharge cycle [64]. These assumptions are impractical in an EV, where driving patterns
vary daily. In contrast, we only require samples in the operational data where the current
is sufficiently low to treat the measured voltage as an approximation of the open-circuit
voltage. This requirement is easy to meet during regular driving, as vehicles often remain
near zero current while coasting or at low power demand. Thus, we estimate capacity by
collecting these naturally occurring measurements over one or more trips, which makes
the method suitable for everyday EV operation.

Second, the proposed algorithm needs a small set of parameters that can be extracted
from a few conventional tests or short operational campaigns. The Thévenin-equivalent
model [65] demands limited information, unlike machine learning models based on large
labeled data sets and long training times [17].

In our method, parameter tuning involves recording voltage and current data from
ordinary vehicle usage, fitting the open-circuit voltage curve with a few parameters, and
characterizing internal resistance with a straightforward polynomial. This procedure
alleviates the computational demands associated with training complex neural networks
or gathering extensive aging data, while also improving explainability, an pivotal aspect
in safety-critical scenarios. Because the model structure is simple and the number of
parameters is small, the estimator can be executed with limited processing capability and
does not require laboratory-grade calibration. This simplicity is particularly advantageous
in situations where the initial state of the battery is uncertain or only roughly defined, which
is unfortunately often encountered in practical EV applications. Under those conditions,
highly complex models tend to be sensitive to initialization or to gaps in the training
data, whereas a low-dimensional parametric description can still produce reasonable
intermediate estimates as soon as real measurements become available. Here the PF plays a
key role: by propagating a set of hypotheses and weighting them with actual observations,
the PF progressively corrects the initial uncertainty and steers the estimate toward the
behavior observed in the vehicle. This is particularly relevant in EV operation, where
charge and discharge cycles are rarely complete and the information content of the data
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is lower than in laboratory cycling: even with these fragmented, opportunistic profiles,
the PF can converge towards the true SoH trajectory after a few updates. Consequently,
the proposed estimator remains easy to implement on low-cost hardware, adapts quickly
to practical EV usage conditions, and converges robustly to accurate SoH estimates in
real deployments.

7. Conclusions
This work presents a practical and scalable approach for real-time SoH estimation

of lithium-ion batteries in electric vehicles. It operates using standard operational data,
eliminating the need for predefined discharge profiles or controlled degradation tests. This
makes it well-suited for seamless integration into routine EV operations. Moreover, the
approach is inherently scalable across different lithium-ion cells, and even for modules
and battery configurations, as it does not depend on degradation datasets for parameter
tuning. By leveraging a Thévenin-equivalent circuit model, the parameter estimation
process remains computationally efficient and adaptable, avoiding the complexity typically
associated with machine learning-based methods. Across the case study, the proposed
method tracks SoH with mean absolute errors below 1%, using only on-board voltage and
current signals.

A critical aspect of this method is its reliance on the OCV model, which provides a
detailed understanding of battery behavior under various operational conditions. Coupling
this OCV model with the MLE framework enables accurate capacity estimation, even when
starting from an arbitrary SoC. This capability is crucial in real-time applications, where
battery conditions often vary significantly and unpredictably. In addition, the inclusion of
PF adds a layer of robustness by accounting for uncertainties in the measurement process
and the inherent variability of battery performance. The synergy between MLE’s statistical
basis and PF’s adaptive framework corrects deviations in SoH estimates while ensuring that
the predicted capacity remains closely aligned with the degradation dynamics observed in
the dataset.

The sensitivity analysis of the low-current detection parameters further indicates that
accurate SoH tracking can be achieved with a relatively small number of high-quality
pseudo-OCV points, provided that the current and time thresholds are chosen to favor
measurements close to true open-circuit conditions.

Taken together with the experimental results on cells W4, W8, and W10, these findings
confirm the efficacy of the proposed method for estimating the SoH of lithium-ion batteries
with standard operational profiles. By leveraging operational data, this method provides a
noninvasive, efficient, and accurate tool to monitor battery degradation in real-time.

Overall, the method developed in this work offers a practical and scalable solution
for real-time SoH monitoring of lithium-ion batteries in electric vehicles. Its application
can significantly enhance the efficiency of battery management systems, contributing to
a broader adoption of EVs by ensuring reliability and safety. Future work will focus on
further refining the model parameters and exploring the integration of additional data
sources, such as temperature and external load variations, to improve the accuracy and
applicability of the SoH estimation process.
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Nomenclature
The following abbreviations are used in this manuscript:

Abbreviation Definition
EV Electric Vehicle
LIB Lithium-Ion Batteries
DoD Depth of Discharge
SoH State of Health
EIS Electrochemical Impedance Spectroscopy
BMS Battery Management System
PF Particle Filter
SoC State of Charge
RUL Remaining Useful Life
SoH State of Health
PHM Prognostic and Health Management
CAN Controller Area Network
MLE Maximum Likelihood Estimation
MLE-PF Maximum Likelihood Estimation-Particle Filter
BF Bayesian Filter
OCV Open-Circuit Voltage
SIS Sequential Importance Sampling
PDF Probability Density Function
FEM Feature Extraction Module
CCCV Constant-Current Constant-Voltage
UDDS Urban Dynamometer Driving Schedule
HPPC Hybrid Pulse Power Characterization
t time step index
k Work cycle index
I Current
∆t Sampling time
w SoC process noise
Voc Open-circuit voltage
VocP Pseudo-open-circuit voltage
C Battery capacity parameter (used in the MLE module)
Ck Battery capacity at work cycle k
C0 Initial (nominal) battery capacity
η Efficiency factor
v Capacity process noise

https://doi.org/10.1016/j.dib.2022.107995
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L Likelihood function
θ MLE parameters
f (xi; θ) Probability density function of the data xi given the parameters θ

T Low current counter
D Set of observations
Rint Battery internal resistance
Qext Extracted charge
Ith Low-current threshold used in the FEM
Tth Minimum low-current duration used in the FEM
NOCV Total number of detected pseudo-OCV points
ESR Equivalent Series Resistance (internal resistance of the cell)
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