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Highlights

Capacity Estimation of Lithium-Ion batteries Through a Machine
Learning Approach

Simone Barcellona, Lorenzo Codecasa, Silvia Colnago, Loris Cannelli, Chris-
tian Laurano, Gabriele Maroni

e Creation and validation of a machine learning algorithm to estimate
the actual capacity of a single lithium-ion battery using only two ex-
perimental points.

e Training the algorithm on data from a second battery to accurately
predict the performance of the first battery, excluded from the training
process.



Capacity Estimation of Lithium-Ion batteries Through
a Machine Learning Approach

Simone Barcellona®*, Lorenzo Codecasa®, Silvia Colnago®, Loris Cannelli¢,
Christian Laurano®, Gabriele Maroni®

®DEIB - Politecnico di Milano, Piazza Lonardo da Vinci, 32, Milano, 20133, Italy,
b Ricerca sul Sistema Energetico RSE SpA, Via Rubattino 54, Milano, 20134, Ttaly,
¢IDSIA Dalle Molle Institute for Artificial Intelligence, SUPSI, Via la Santa
1, Lugano, 6962, Switzerland,

Abstract

Lithium-ion Batteries (LiBs) have become of paramount importance due to
their employment in application fields, including renewable energy sources
and electric vehicles (EVs), which heavily rely on them. This has spurred
research efforts to develop battery models capable of predicting and esti-
mating battery behavior to optimize usage and reduce degradation. To this
end, key state parameters, including State Of Charge (SOC) and State of
Health (SOH), should be accurately estimated. In the literature, many es-
timation methods are based on the knowledge of the relationship between
Open-Circuit Voltage (OCV) and SOC. The latter can be modeled in different
ways, organized into three main approaches: table-based, analytical, and ar-
tificial intelligence approaches. Among these, Machine Learning approaches
have gained popularity and have shown great promise for this purpose. How-
ever, previous studies typically require many OCV-SOC data points or entire
fragments of the OCV curve, which makes them unsuitable for EV applica-
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tions. To address this limitation, the present paper develops and validates
an ML algorithm to estimate the battery capacity of a LiB using only two
experimental OCV points, accounting for different levels of cycle aging. The
results demonstrate that the model, when trained on an accelerated-aged
battery, can accurately predict the actual capacity of other batteries with
similar characteristics but different aging levels.

Keywords: Lithium-ion battery, Cycle aging, Machine learning, Capacity
estimation

PACS: 0000, 1111

2000 MSC: 0000, 1111

1. Introduction

Nowadays, the implementation of Renewable Energy Sources (RESs) has
become of key importance in sustainable development and addressing global
warming. Unfortunately, the intrinsic intermittent and unpredictable nature
of RESs makes it difficult to match energy supply with demand. Equally im-
portant for the environment is the ongoing electrification of the transporta-
tion sector, spearheaded by the rise of Electric Vehicles (EVs). Lithium-ion
Batteries (LiBs) play a crucial role in both sectors due to their excellent
performance, characterized by high energy and power density as well as low
self-discharge rates [1].

On the other hand, to properly use LiBs and increase their efficiency and
lifetime, it is important to predict and estimate some of their parameters
and states. In particular, the State Of Charge (SOC) and the State Of
Health (SOH) are useful for ensuring that LiBs operate within their safe limits
and under optimal conditions. As a consequence, battery modeling becomes
essential to fulfill these goals. In the literature, numerous battery models
address three key aspects: electrochemical behavior, thermal behavior, and
aging mechanisms. These aspects can be represented using physical, circuit-
based, data-driven approaches, or a combination of these methods [2].

It is well known that LiBs degrade due to calendar aging or cycle ag-
ing. While calendar aging refers to the battery being stored under certain
conditions (such as SOC and temperature), cycle aging refers to the battery
operation under specific conditions (such as SOC range, current rate, and
temperature) [3, 4]. In any case, battery aging results in either a decrease
in capacity (energy fade) or an increase in internal resistance (power fade).



While temperature is indeed a factor contributing to irreversible battery ag-
ing, it also influences battery performance in a reversible manner by affecting
both internal resistance and capacity [5].

Similarly, this degradation can cause an irreversible change in the Open-
Circuit Voltage (OCV) characteristic, while temperature affects it in a re-
versible manner. Specifically, the literature contains a lot of research that
aims to model OCV as a function of SOC or the absolute state of dis-
charge (q) in different ways and how it changes with aging [6, 7, 8] or
temperature [9, 10, 11]. In particular, we can recognize three main cate-
gories: table-based approaches, analytical approaches, and artificial intelli-
gence approaches. The former are straightforward to implement but require
the knowledge of many experimental points to be stored in lookup tables
if high accuracy is required [12]. The analytical approach uses mathemat-
ical functions, such as polynomials [13], logarithms [14], exponentials [15],
or combinations thereof [16], to fit the OCV-SOC or OCV-¢ relationship.
This approach is relatively simple and does not require a huge amount of ex-
perimental data. However, achieving high accuracy depends on the type of
function employed and the number of parameters. In recent years, artificial
intelligence approaches based on Machine Learning (ML) algorithms have
become popular and interesting for this goal, [17, 18]. Various features have
been extracted to build different ML strategies. They are commonly derived
from voltage, current, and temperature measurements during the charging
or discharging processes. For example, in [19], features were built from these
quantities during the constant current and constant voltage charging process,
while in [20] considered the same quantities along with elapsed time of the
discharge process. In |21, 22| various unique features were constructed based
on discharge capacity curves and the integral of battery temperature.

Considering the complexity of battery research, it is essential to sepa-
rately analyze the irreversible effects of cycle aging and the reversible effects
of battery temperature. As an initial step, this study investigates how the
OCV curve evolves with cycle aging while maintaining a constant battery
temperature. The ultimate aim is to estimate the actual battery capacity,
which is derived based on the observed variations in the OCV curve, specifi-
cally targeting the SOH in terms of capacity fade for EV applications under
fixed temperature conditions.

In the literature, SOH estimation methods can be broadly classified into
two main groups: model-based and non-model-based approaches. Model-
based approaches rely on modeling the degradation mechanisms occurring



within the battery or on modeling the variation of certain electrical parame-
ters with aging. These methods are typically implemented using approaches
such as Kalman filters or observers |23, 24, 25|. These estimation meth-
ods are usually very accurate but computationally intensive. Conversely, the
non-model-based approaches are simpler and demand less computational ef-
fort. A straightforward method for estimating the actual battery capacity
involves integrating the current during battery discharge after fully charg-
ing the battery to 100% of SOC. However, this approach is unsuitable for
EVs, as only the charging phase can be controlled. Other methods are based
on the reconstruction of the OCV-SOC curve. Nevertheless, estimating the
OCV-SOC curve requires the acquisition of various OCV points. Since the
OCV can only be measured once the relaxation effect from diffusion pro-
cesses are extinguished, the battery must remain inactive for a significant
period to allow it to reach equilibrium. To address this, in [26] the OCV
curve of a LiB was reconstructed from fragments, combining them based on
their monotonicity and shape correlation. The authors, in [27]|, employed
a multi-population genetic algorithm to reconstruct the whole OCV curve
from fragments. Nonetheless, collecting these OCV curve fragments remains
a challenging task for EV applications.

In light of the above, the present study focuses on developing and val-
idating an ML algorithm to estimate the actual capacity of a single LiB
using only two experimental OCV points, while considering various levels of
cycle aging at a fixed room temperature. An undeniable advantage of ML
is its ability to create models that generalize and scale effectively, achiev-
ing strong performance even on unseen data during training. The proposed
method proves to be suitable for EVs, as the two experimental points can
be obtained while the EV is idle at various times, such as overnight or when
parked for extended periods of over an hour without power exchange.

Furthermore, the analysis was expanded by training the algorithm using
data from a second battery to predict the performance of the first battery,
which was excluded from the training process. Significantly, the second bat-
tery was cycled at an increased current rate to expedite the cycle aging test.
This strategy offers the benefit of quicker data acquisition from the second
battery, which can subsequently be utilized for predictions across different
current rates.

Starting from the results of this work, future research can focus on build-
ing a more diverse training set by incorporating OCV-q curves from multiple
batteries of the same type to better account for inter-battery variability. Ad-
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ditionally, future studies can extend these results to develop a more versatile
battery capacity estimation approach that can accommodate varying oper-
ating conditions (as temperature) and different battery chemistries.

2. Battery Model and OCV extraction

The electric circuit model and the OCV extraction procedure used to
obtain the OCV-¢ experimental curves are detailed in [15] and are briefly
summarized here for completeness. Since our focus is on evaluating the dis-
charge OCV curves, accounting for the various dynamic behaviors of the bat-
tery is not required. Instead, only the steady-state behavior of the battery is
of interest. Therefore, we used a straightforward zero-order Thevenin elec-
tric circuit model. It is worth noting that this battery model was employed
solely to process the experimental data and was not used in the proposed
OCV estimation algorithm.

Figure 1 shows the battery model composed of an ideal voltage source
representing the open circuit voltage of the battery, which varies with the
absolute state of discharge (¢) and cycling level (@), and a series resistor
(Rp). This resistor accounts for the battery’s high-frequency resistance, the
resistance related to the solid electrolyte interface, the resistance related to
the charge transfer process, and finally, the resistance related to the diffusion
process within the electrodes and electrolyte. This electric model is described
in mathematical terms by the following equation, which relates the output
battery voltage to the battery current:

up(q, Q) = Vo(q, Q) — Ry - iy, (1)

The value of the absolute state of discharge, expressed in Ah, can be calcu-
lated using the equation:

1 t

t) = — iy - d 0 2
where ¢(0), is the initial absolute state of discharge. Through the knowledge

of ¢ and of the actual battery capacity (C,), the SOC can be determined as:

SOC = (1 - ?) x 100. (3)
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Figure 1: Battery equivalent circuit model.

The level of cycle aging (cycling level) was quantified through the total moved
charge of the LiB defined as:

1 t
Q) = 555 | il ()
From an experimental standpoint, the OCV of a battery can be evaluated by
measuring the output voltage removing the voltage across the internal resis-
tance. To achieve this, the Galvanostatic Intermittent Titration Technique
(GITT) or pseudo-OCV tests can be employed [28, 29|. Both, however,
are time-consuming. The GITT involves a sequence of partial discharges,
each followed by a prolonged resting period to allow the battery to reach
a steady state before measuring the OCV. The pseudo-OCV test requires
fully discharging the battery at a low currant rate, usually lower than 0.1C,
neglecting the resistance voltage drop. Alternatively, in [15], the OCV of
the battery was derived by discharging it at a 1C rate, which significantly
expedited the test. This was done by measuring the output battery voltage
and compensating for the voltage drop across its internal resistance using the
model reported in Fig 1. Furthermore, although the internal resistance can
vary with SOC, according to the assumption done in [30], it was assumed to
remain constant as a function of ¢. Thus, the resistance R, was estimated
at the beginning of the discharge following the procedure outlined in [31].
Essentially, when the battery initiates discharge, an electric transient occurs.
By selecting a sufficiently long time interval to consider the electric transient
extinguished, the internal resistance can be calculated as the ratio between
voltage and current variations. Finally, the OCV interval corresponding to
the electric transient is eliminated.



3. Experimental Procedure

The experimental procedure used to obtain the OCV-¢g curves was con-
ducted on two 10 Ah pouch LiCoOs cells (model 8773160K). These batteries,
manufactured by General Electronics Battery Co. Ltd., have a voltage range
of 2.75 V - 4.2 V and a maximum discharge current of 100 A (10C).

3.1. Test procedure

The test procedure consisted of two phases: the battery characterization
phase and the aging phase. During the characterization phase, the OCV
curves were obtained. This phase was conducted at the beginning of the test
and repeated after each aging phase.

The characterization phase was identical for both batteries and performed
at 20°C. The batteries were fully charged using a Constant Current—Constant
Voltage (CC-CV) protocol, with the CC phase carried out at 10 A (1C) and
the CV phase at 4.2 V until the current dropped below 100 mA (0.01C).
At this point, the batteries were considered fully charged. Subsequently, the
batteries were discharged at a constant current of 10 A until the minimum
voltage of 2.75 V was reached. The OCV curve was derived from the dis-
charge data by removing the voltage drop across the internal resistance, as
previously described.

The aging phase consisted of a series of charging and discharging current
steps performed at 30°C, cycling the batteries for approximately 400-700 Ah.
The current steps had amplitudes of 25 A (2.5C) and 50 A (5C) for the two
batteries, respectively. Charging and discharging were constrained by both
SOC (20-80%) and voltage (3.45 V — 4.05 V) boundaries. The aging phase
was repeated until a total moved charge of approximately 20 to 30 kAh was
reached.

It is worth noting that, if the voltage boundaries are not reached during
either the charging or discharging phase, each cycle consistently moves the
same amount of charge. However, if at least one of the voltage limits is
reached, the voltage drop caused by the battery internal resistance results
in a different amount of charge being moved depending on the current rate.
However, this variation is not of concern because, as previously reported in
[32], between 20% and 80% of the SOC range and at a constant temperature,
capacity fade depends solely on the moved charge. Moreover, as analyzed
in [33], under the same assumptions, even the current rate does not affect
capacity fade.
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Figure 2: SP-150, VMP3B-100, and PC, [15].

3.2. Ezxperimental setup

To charge and discharge the batteries and to collect the data, a potentio-
stat (SP-150) and a booster (VMP3B-100) manufactured by Biologic Science
Instrument were employed. These devices are controlled via ethernet by a PC
with EC-Lab software. The battery temperature was kept constant by three
Peltier cells placed below the LiB under test and over a heatsink. Throughout
the aging process, the current in the Peltier cells was managed to maintain
the battery temperature at approximately 30°C. The battery temperature
was measured using a temperature probe placed on the top face of the bat-
tery under test. However, it is possible to neglect the temperature gradient
between the top and bottom faces of the battery, as the pouch battery is
very thin.

As the battery current was reduced to 10 A for the characterization phase,
the battery temperature naturally began to decrease. Upon reaching 20°C,
the thermostat deactivated the Peltier cells to facilitate the OCV measure-
ment at approximately 20°C. The figures of the test setup and temperature
control system are the same of [15| and reported in Figure 2 and 3.

4. Machine Learning Model

This study aims to assess the efficacy of employing an ML model to
capture and learn the OCV-q relationship from data. Unlike mathematical
functions, which rely on predefined equations and assumptions about the
underlying relationships within the data, ML models possess the capability
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Figure 3: Battery control system, [15].

to autonomously discern complex patterns and structures (see, e.g., [34] and
references therein).

4.1. Dataset creation

The experimental campaign described in section 3 resulted in 62 and 43
OCV-q curves at different cycling levels, for the battery cycled at 25 A and
50 A, respectively, as illustrated in the Figures 4 and 5. These curves are
characterized by a nearly linear behavior with almost no curvature, followed
by a point of maximum curvature known as the knee point, where the curve
visibly bends, transitioning from a low to high curvature behavior. This study
introduces an ML-based methodology to estimate the actual capacity of the
battery, considering a realistic scenario where only two observations from an
OCYV curve are used. Specifically, during a rest period of an EV exceeding
1 hour, it is feasible to measure an OCV point (V;(n)) and its corresponding
absolute state of discharge value (¢(™) assessed using the Coulomb counting
method. Given two pairs of such values, ¢V, V.| and ¢®, V¥, observed at
significant intervals of absolute state of discharge and without the knowledge
of cycling level (@), it is possible to use a predictive model to determine when
the OCV-q curve reaches the cutoff voltage of 2.75 V, which represents the
actual battery capacity. Since the voltage drop across the internal resistance
was subtracted, the experimental OCV points do not actually reach the cutoff
voltage of 2.75 V. For simplicity, the abscissa of the last experimental point
(q(Vimin)s Vinin) of the OCV-q curve, being closest to the cutoff voltage, was
chosen as the target variable for predictions with the ML model.

9
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Figure 4: 62 OCV-q experimental curves at different cycling levels, for the battery cycled
at 25 A.
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Figure 5: 43 OCV-q experimental curves at different cycling levels, for the battery cycled
at 50 A.
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As indicated in [35], the optimal operational SOC range for LiBs spans
from 20% to 80%. In practical terms, this suggests that capturing OCV-g
curve observations near or beyond the knee point, although very informative,
is improbable under typical usage conditions. Thus, to generate a training
dataset for an ML model that closely mimics reality, the sampling domain
for the absolute state of discharge values ¢ was constrained according to
the nominal capacity of the LiB under test (10 Ah) and its reduction due
to cycle aging. Therefore, it was opted to restrict the absolute state of
discharge values between 2 Ah and 6 Ah. The abscissa values of the first
point ¢/ in each pair were uniformly sampled within this range, while the
subsequent points ¢® were uniformly sampled at a minimum 1Ah distance
from the first abscissa point, up to 6 Ah. Any point pairs where ¢? =
¢ 4 1 exceeded 6 Ah were systematically excluded from the dataset. The
resulting dataset was structured such that each row represents a pair of
sampled points from the OCV curves, encapsulating four coordinates in the

OCV-q plane (q(l), Vo(l), q?, V0(2)>, which served as the input features for the

ML model. Additionally, an extra column in each row was dedicated to the
target variable, i.e., the actual battery capacity, namely the absolute state of
discharge value at the minimum voltage (¢(V,nin)) of the curve from which
the pair was sampled. This design highlights the methodology’s intent to
model the battery capacity estimation based on limited observations from
the discharge curve.

4.2. Algorithm

The ML model that was used in this work is the Light Gradient Boosting
Machine (LightGBM) framework. LightGBM represents an advanced im-
plementation of the renowned Gradient Boosting (GB) framework [36] and
is known for its exceptional efficiency and performance on tabular regres-
sion tasks involving small-to-medium datasets, minimal data preprocessing
requirements, and native compatibility with interpretability tools such as
SHAP [37]. At its core, Light GBM operates by constructing an ensemble of
weak prediction models, typically simple decision trees, in a sequential man-
ner. Each successive tree within the sequence tries to rectify the residuals or
errors of its predecessors, ultimately culminating in a predictive model that
aggregates all the weak decision trees. LightGBM, unlike traditional GB
methods, utilizes Gradient-based One-Side Sampling (GOSS) and Exclusive
Feature Bundling (EFB). GOSS prioritizes instances with larger gradients
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during training, enhancing efficiency without sacrificing accuracy. EFB com-
bines exclusive features to reduce computational complexity effectively by
reducing the feature space. LightGBM also employs a leaf-wise tree growth
algorithm, contrasting with the level-wise approach in standard GB, resulting
in faster convergence and improved efficiency [38]. Its suitability for this work
is supported by recent benchmarking results [39], which show that tree-based
ensemble models like Light GBM and XGBoost consistently outperform other
approaches, including Random Forests, Support Vector Machines, and deep
learning models, on structured datasets. In our application, these strengths
enabled us to build a model that is not only accurate and fast, but also inter-
pretable, which is crucial for real-world deployment in safety-critical systems
like battery management.

4.8. Feature Importance and Feature Engineering

Although the primary goal of ML is often to maximize the accuracy of
the predictions of a target variable, based on the available informative fea-
tures, the identification of the most relevant features can be of equal impor-
tance. Knowing which predictors significantly affect the response improves
the comprehension of causal relationships and can inform future research. In
addition, it assists in making informed decisions in various practical appli-
cations. ML models, including Light GBM, are highly effective in predicting
the variable of interest. Yet, unlike physical models that transparently reveal
the mathematical functions mapping inputs to predictions, these ML models
are often viewed as black boxes due to their complexity and to the number
of parameters involved. However, it is still feasible to decode their internal
prediction mechanisms through ad hoc explanation techniques, such as fea-
ture importance methods, which not only shed light on how predictions are
made, but also serve to validate a priori domain knowledge. Additionally,
leveraging this knowledge enables improvement of the performances through
feature engineering.

Feature importance. In this work, it was decided to measure feature im-
portance in terms of Shapley values. The concept of Shapley values traces
back to cooperative game theory [40]. The application of Shapley values to
ML for explaining model predictions was proposed in [41]. Roughly speak-
ing, in the ML context each feature is considered as an individual player in
a coalition, collectively contributing to the formation of a prediction. More
specifically, given an ML model f(-) and an instance x of a dataset X, pos-
sessing, e.g., K features x = [r1, %9, ..., Tk], the sum of the Shapley values

12



for all the features must be equal to the deviation between the model predic-
tion f(x) and an estimated baseline model output ypgse. This can be written
as: f() = Ypase + (1) + ... + d(xK), Where ypuse = E[f(X)] denotes the
average prediction of the ML model f across all training data, and ¢(z;)
denotes the Shapley value for the jth feature [40, 41]. In the context of this
work, a positive Shapley value ¢(-) indicates a positive deviation in the abso-
lute state of discharge compared to the expected value s, While a negative
Shapley value indicates the opposite. By computing the average magnitude
of Shapley values for each feature: (|¢(z;)[) £ L 3" | |@(z;)|, where n is the
size of the dataset, we can assess the overall importance of each feature on
the model predictions.

The theory of Shapley values computes the importance to assign to each
feature, trying to weigh its contribution to the final prediction.

In this work, Shapley values were computed with the Tree SHAP algo-

rithm, which provides exact Shapley values for tree ensembles in polynomial
time, as introduced by Lundberg et al. [42]. This method is implemented
efficiently in the 1ightgbm package through the pred_contrib=True option,
which we used during prediction. The implementation relies on optimized
C++ backends and supports fast, scalable computation.
Feature engineering (FE). FE is the process of using domain knowledge
to select, modify, or create new features from raw data in order to enhance
the performance of ML models. In this work, the following features were
derived and evaluated:

Slope: the slope of the line segment connecting a couple of sampled

Vo(2)_v0(1)

pOlIltS W .

v v
te

Midpoint: midpoint of the ordinate coordinates

e Harmonic Mean: harmonic mean of the ordinate coordinates: ———=——.

e dist®((¢,V,)): Euclidean distance of the second point from a fixed
7).

_ 2 _
point (g, \/(q— ¢?)? + <VO - 0(2)> . In this work: (q,V,) =

(6,4).
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5. Results

All computations were performed on a server with two 64-core AMD
EPYC 7742 processors, 256 GB of RAM, and 4 Nvidia RTX 3090 GPUs. The
hardware resources of the server were limited to 16 CPU threads and 0 GPUs.
Python was used as a programming language, with the Light GBM library for
the ML training. The code to reproduce the results is available at the GitHub
repository: https://github.com/gabribg88/LiB Capacity Estimation.

5.1. Experiment with a single battery dataset

Starting from the 62 OCV-q curves gathered during the experimental
campaign from the first battery cycled at 25 A, a dataset comprising a to-
tal of approximately N = 10* observation pairs was generated. These pairs
were evenly distributed across each OCV-q curve, resulting in | N/62] pairs
per curve, in accordance with the sampling methodology detailed in section
4.1. For each pair, the target variable, which corresponds to the battery
capacity, is defined as the discharge value at the minimum voltage point of
the corresponding OCV-q curve, denoted as (¢(Viuin)). To rigorously assess
the predictive accuracy on unseen data, 12 out of the 62 curves (approxi-
mately 20%) were randomly selected as the test set. The observation pairs
corresponding to these selected curves were excluded from the training set
to form the test dataset. This separation guarantees an unbiased evaluation
of the model performance against data not encountered during its training.
For model tuning, a standard group k-fold cross-validation strategy was em-
ployed. This strategy involved dividing the dataset into five folds (k=5),
with the constraint that samples from each OCV-¢g curve can belong to one
fold only. This approach simulates a realistic scenario where the model is
challenged with predicting outcomes for OCV-¢q curves unseen during train-
ing. This cross-validation technique tries to mirror real-world applications
where the model must generalize well to new batteries or conditions.

The performances of three approaches were compared:

1. Naive prediction: this benchmark method involves predicting the bat-
tery capacity as the average value of the target variable distribution
within the training dataset. This approach does not leverage any ML
algorithms or feature inputs, and it is shown as a benchmark.

2. Model trained without FE: this approach involves training a Light GBM
model directly on the raw data, without applying any FE technique.
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3. Model trained with FE: contrary to the previous method, this approach
incorporates FE, as detailed in section 4.3, to enhance the model per-
formance.

To quantify the performances of the described approaches, we used the fol-
lowing three metrics, where ¢;(Vynin) and §;(Viuin) represent the target value
and the corresponding prediction of the ith observation, respectively. The
index 7 ranges from 1 to n, with n being the total number of observations in
the test set:

e Absolute Percentage Error (APE):

APE,; = x 100.

) x 100.

1 n
> > 1 (Vinin) = G (Vinin) |

i=1

e Mean Absolute Percentage Error (MAPE):

n

1
MAPE = (E Z

i=1

e Mean Absolute Error (MAE):

e Root Mean Squared Error (RMSE):

n

RMSE = |+ 3™ (6:(Vain) — (Vi)

i=1

5.1.1. Prediction results

The numerical results are presented in Table 1. The naive approach,
which serves as a baseline, shows the highest errors across all metrics. The
improvement is dramatic when moving from the naive approach to an ap-
proach that use an ML model. Regarding the model without FE approach,
the MAPE drops significantly from 3.97% to 0.59%, and both the MAE
and RMSE experience substantial reductions. Interestingly, incorporating
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FE into the training process yields the best results across all metrics. The
MAPE further decreases to 0.48%, and the MAE and RMSE are reduced to
their lowest values in the comparison. Training time of the model without
FE on the described hardware is approximately 5 s, while it increases to 8.5 s
with FE. Both models have comparable inference times, around 0.3 s. Thus,
model training can be done offline on suitable hardware, while inference can
be easily performed on embedded devices too.

Table 1: Comparative performance analysis of three predictive approaches. Bold numbers
indicate the best results across all approaches.

Approach MAPE (%) MAE (Ah) RMSE (Ah)
Naive prediction 3.97 0.35 0.38
Model without FE 0.59 0.05 0.07
Model with FE 0.48 0.04 0.06

Figure 6 provides a diagnostic of the test predictions made by the best
performing model, LightGBM with FE. Left panel of the figure displays a
scatter plot comparing the actual absolute state of discharge values at mini-
mum voltage q(Vyin) versus the model predictions, where each point denotes
the median value and the bars indicate the 5th and 95th percentiles. The
tight alignment of these median predictions with the bisector line denotes ac-
curate model performance. The right panel illustrates the APE distribution
across the test dataset, showing the median APE at 0.33%.

Finally, to evaluate the impact of training set size on performance, a mas-
sive Monte Carlo simulation was conducted, the results of which are shown
in Figure 7. This figure, in fact, illustrates the sensitivity of the performance
in terms of MAPE of the best model as the number of OCV curves in the
training set varies, as well as the total number N of observation pairs. To
enhance the statistical significance of the results, we replicated each condi-
tion 100 times, utilizing different random seeds for each replication. The
experimental results 1) confirm that expanding the dataset improves perfor-
mance (as expected), but more importantly, 2) can be used as a guideline for
estimating the effort required for data acquisition campaigns and the dataset
size needed during training to achieve the desired performance threshold.

We acknowledge the slight discrepancy between the MAPE value reported
in Table 1 (0.48%) and the median MAPE shown in Figure 7 for 50 training
curves and 10k samples (~ 0.58%). This difference arises from the exper-
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Figure 6: Prediction accuracy of the best model: left panel shows a scatter plot of actual
vs. predicted values, with median predictions and percentile ranges. Right panel illustrates
APE distribution.

imental protocol: in the experiment reported in Table 1, the model was
evaluated on a fixed set of 12 test curves, sampled once at random and re-
siding mostly within the interpolating regime of the model, i.e., at moderate
aging levels, well-represented in the training data. In contrast, the massive
Monte Carlo experiment in Figure 7 involved resampling the test curves for
each run, which occasionally included curves from extreme aging conditions,
where the model’s performance naturally degrades due to its limited extrap-
olation capability. As a result, the median error in Figure 7 is slightly higher,
but the originally reported result remains within the empirical distribution
of outcomes. We therefore consider it a plausible, though favorable, instance,
and we now clarify this to avoid misinterpretation.

5.1.2. Feature analysis

Feature importance results are shown in Figure 8. The ranking of the
features, ordered by their global importance (|¢(x;)|), as calculated on the
test dataset with the approach described in section 4.3, is shown in the left
panel. Starting from a baseline value (ypqs) of approximately 9 Ah, the chart
highlights that the most influential feature is Vo(z), with an average contri-
bution of 0.24 Ah to the final prediction. This remarks the critical role of
the second voltage observation in assessing the actual battery capacity. The
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Figure 7: Performance of our proposed model trained with FE, in terms of MAPE as a
function of dataset size. Median over 100 repetitions (dots) are depicted.

engineered feature dist(®((6,4)) also plays a significant role, adding on aver-
age 0.15 Ah to the prediction. The panel on the right side further elucidates
the direction of these contributions: high values of v positively affect the
prediction (resulting in a higher predicted absolute state of discharge than
the base value), whereas low values negatively influence the prediction (lead-
ing to a lower predicted absolute state of discharge than the base value).
Conversely, for dist®((6,4)), the impact is opposite. This model behavior
aligns with expectations, thereby affirming pre-existing domain knowledge.
The total SHAP value computation time over the entire test set was negligi-
ble in comparison to training times and comparable to inference durations.
Consequently, the computational overhead of this feature attribution tech-
nique is minimal, and it remains suitable even for real-time or embedded use
cases.

5.2. Generalization experiment with a second battery dataset

In practical scenarios, deploying an ML-based approach for battery ca-
pacity prediction across multiple batteries (potentially from different manu-
facturers or subjected to varying operating conditions) requires robust gen-
eralization. To assess this property, a dedicated experiment was performed
using a new dataset consisting of 43 OCV-g curves gathered from a second
battery, aged under a more aggressive current of 50 A (shown in Figure 5);
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Figure 8: Feature importance analysis measured as Shapley values. Left: bars represent
average feature contribution across the dataset, computed on the test set using the models
trained over five different folds. Whiskers indicate variability across folds. Right: feature
contribution shown for each data point. The color indicates the feature value.

see section 3 for details on data acquisition. All 43 OCV-q curves were used
as the training dataset to train the LightGBM model with FE (the best
model identified previously), and the resulting model was then tested on a
set of 12 OCV-q curves from the previously studied battery cycled at 25 A.
These 12 test curves were identical to those used in Section 5.1.1 (the original
experiment), allowing for a direct comparison of performance metrics.

The results of this generalization test are shown in Figure 9.

Table 2 reports the corresponding MAPE, MAE, and RMSE. Compared
to the results obtained when training and testing on curves taken from the
same battery, the error levels are somewhat higher (e.g., MAPE rising to
0.84% from 0.48%), indicating the natural performance drop when a model
is trained on data from one specific battery and deployed on a different one.
Nonetheless, the errors remain reasonably low, underscoring the capacity
of the proposed approach, and especially the feature engineering step, to
generalize beyond its original training conditions.

While these results are encouraging, further improvements can be pur-
sued to enhance model robustness. For instance, constructing the training
set from multiple batteries rather than just one (even if aged under var-
ied conditions) would likely provide more comprehensive exposure to the
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Figure 9: Prediction accuracy of the best model, tested on a second battery: left panel
shows a scatter plot of actual vs. predicted values, with median predictions and percentile
ranges. Right panel illustrates APE distribution.

Table 2: Performance results of the best model for the generalization test.

Approach MAPE (%) MAE (Ah) RMSE (Ah)
Model with FE 0.84 0.08 0.11

range of possible battery behaviors. This broader training data could im-
prove the model ability to learn generalizable patterns, ultimately reducing
performance degradation when inferring on new battery datasets.

6. Conclusion

Battery capacity estimation is of paramount importance in determining
the SOH of LiBs. Consequently, several techniques have been developed in
recent years to achieve this goal.

In this work, we presented an ML approach based on Light GBM to es-
timate the capacity of LiBs. The method relies on only two observed OCV
points and their corresponding absolute state of discharge values, making it
practical for on-board implementation. Our first set of experiments, con-
ducted on a dataset of 62 OCV-g curves from a battery cycled at 25 A,
demonstrated that the proposed feature-engineering strategy significantly
boosts performance, achieving a MAPE of 0.48%, and MAE and RMSE

20



of 0.04 Ah and 0.06 Ah, respectively.

Subsequently, to test the model capacity to generalize, a new battery,
aged at a more aggressive current of 50 A, was used to gather training data,
and the model was then evaluated on 12 OCV-g curves taken from the orig-
inal battery. Although the estimation errors rose slightly (e.g., MAPE to
0.84%), the results still indicate strong predictive performance across differ-
ent datasets. These findings confirm the promise of using lightweight ML
algorithms and carefully designed features to build generalized models of
battery capacity, even when trained on data from different aging conditions.

Moving forward, our goal is to enhance the robustness and applicability
of this technique. Specifically, future work will involve constructing a more
diverse training set, incorporating OCV-¢q curves from multiple batteries (of
the same type) to better capture inter-battery variability. Additionally, the
impact of temperature on battery capacity will be thoroughly investigated
and integrated into the model. By broadening the data collection scope and
explicitly modeling temperature effects, we anticipate further improvements
in reliability, paving the way toward more accurate and widely deployable
battery SOH estimators.
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