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ABSTRACT This work introduces an online technique to detect variations at the milliohm-level of the
equivalent internal resistance in a battery. This method is based on the voltage ripple generated by a DC-DC
switching converter operating normally as its charger. It targets simple battery-associated hardware that mea-
sures only terminal voltage and output current, without additional excitation signals or specialized impedance
instrumentation. An online dynamical model of the nominal converter–battery system replicates the baseline
terminal voltage ripple generated under the same PWM input. The online-calculated covariance matrix for
the measured and model-predicted ripple components is used to reveal variations in the internal resistance.
Experimental validation, using a lead-acid battery together with a series-connected resistor network in the
m� range to emulate an increase in internal resistance, showed smooth, monotonic dependencies between
the proposed descriptors and resistance variations. This proof of concept suggests that converter-induced
switching ripple could potentially support state-of-health estimation based on internal-resistance variations,
using lightweight statistics compatible with typical charging hardware.

INDEX TERMS Battery state of health, lead-acid batteries, synchronous buck converters, switching ripple,
embedded battery management, real-time estimation, equivalent-circuit modeling.

I. INTRODUCTION
State-of-health (SoH) monitoring governs safety, availabil-
ity, and life-cycle economics in battery-powered systems,
remaining a central objective and a parameter that must be
estimated for battery management systems (BMSs) intended
for practical deployment [1]. Battery aging, and therefore SoH
degradation, commonly manifests itself as a decrease in total
capacity along with an increase in equivalent internal resis-
tance (EIR); this outcome reduces the available power and
usable energy during operation [2]. In many applications, end-
of-life (EoL) decisions depend on thresholds that rely on these
parameters [3]. More precisely, a battery is considered to have
reached EoL when its actual capacity has decreased by 20%—
beyond which degradation increases exponentially [4]—or
when its effective internal resistance has doubled its nominal
value [5], [6].

Addressing the lack of online and in situ SoH diagnos-
tics has technical and societal value. Timely, accurate SoH
estimates enable adaptive charging, derating, and early fault
detection, reducing overstress and extending battery life. At
a higher level, reliable SoH indicators guide second-life de-
cisions and safe transition of batteries to less demanding
applications, where partially aged units can still be used with-
out resorting to full laboratory characterization [7]. In the
absence of practical online SoH diagnostics, operators often
depend on coarse scheduling, conservative replacements, or
slow capacity tests, which raise costs and can cause under-
utilization of remaining battery life.

The available SoH estimation methods are commonly
grouped into direct measurement, model-based, data-driven,
and hybrid categories [8]. Direct measurement tech-
niques include Coulomb counting and Electro Impedance
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Spectroscopy (EIS). The former measures the remaining bat-
tery capacity by integrating current during full discharge, but
is impractical because it is time-consuming, the initial state
is unknown, and the battery must be taken out of service.
The EIS measures the internal impedance over a wide range
of frequencies, effectively characterizing battery dynamics.
However, it requires controlled excitation, long measurement
times, and dedicated instruments, which interrupt normal bat-
tery operation. Consequently, direct measurement methods
are not prevalent in SoH estimation proposals [9].

Electrochemical models use complex systems of partial dif-
ferential equations to describe internal processes in detail and
can accurately predict degradation from current and voltage
profiles [10]. However, their complexity demands computa-
tional power incompatible with embedded platforms such as
those used in Battery Management Systems (BMS). There-
fore, electrochemical models must be simplified in practice,
e.g., by approximating electrodes as single particles or us-
ing equivalent circuit models [11]. In their turn, data-driven
SoH estimators have demonstrated high accuracy by deriving
health indicators from measured trajectories [12]. Machine-
and deep-learning methods can model complex relationships
without prior knowledge, thereby avoiding errors from un-
modeled effects. Nonetheless, they require extensive training
datasets from lengthy and elaborate characterization tests, and
discrepancies between laboratory and real-world conditions
can reduce their accuracy.

Ideally, SoH estimation should run under practical field
constraints, with limited sensing and during regular battery
operation. While simplified EIS tests can be conducted in
the 0.01–1,000 Hz band by injecting a disturbance into the
DC-DC converter [13], a high performance digital signal pro-
cessor is required to perform C-Morlet wavelet analysis. In
contrast, artificial neural networks (ANNs) rely on simpler
mathematical operations and can therefore be implemented
on less powerful devices. In [14], real-time performance was
achieved but required indirect time-dependent inputs, such
as variations in state-of-charge (SoC) or available energy, so
the method inherited the discussed drawbacks of direct mea-
surement techniques. In its turn, in [15], specially designed
excitation signals were necessary for battery characterization.

Building on the premise behind “internal resistance meth-
ods” for estimating SoH [16], this work introduces a battery
analysis solution to estimate the EIR that can be easily inte-
grated to the battery’s charging hardware, therefore enabling
real-time diagnostics through uninterrupted operation. This
is achieved by using the converter-induced switching voltage
ripple during the constant-current (CC) charging phase in a
DC-DC converter. A dynamical model of the “healthy” com-
bined converter-battery system is used to predict the switching
voltage ripple under the same controlling PWM signal. By
comparing the modeled and measured ripples, the method
extracts covariance-based numerical descriptors that change
as a function of the battery’s EIR. These features provide
an EIR-based indicator that can be evaluated online using
only voltage measurements and limited computational effort.

To demonstrate feasibility in a proof of concept manner, ex-
perimental validation was conducted on a lead-acid battery
charged via a buck converter, where EIR increase is emulated
through a series variable resistor.

The main contributions of this work are: (i) defining de-
scriptors that relate switching-induced voltage ripple to EIR
increase with a non-intrusive, real-time approach and (ii)
proposing an embedded framework that couples a charger and
real-time simulation with lightweight feature extraction to ob-
tain SoH-relevant descriptors within microcontroller (MCU)
constraints. While this work is centered in defining and vali-
dating a method to estimate EIR variations in a battery pack,
it does not evaluate the relationship between EIR and SoH for
a specific battery chemistry.

The remainder of this work is organized as follows. Sec-
tion II describes the proposed solution, including the test
bench, the buck-battery model and parameter identification,
circuit design aspects, and the embedded estimator implemen-
tation. Section III reports the experimental results, Section IV
addresses limitations and possible extensions, and Section V
provides concluding remarks.

II. METHODOLOGY
In the proposed approach, a synchronous buck converter reg-
ulates a constant charging current to a lead-acid battery. At
the battery terminals, the interaction between the converter
dynamics and the battery impedance produces a voltage ripple
at the switching frequency. At such a frequency—on the order
of tens of kilohertz—the battery can be accurately modeled
as an ohmic resistor in series with an open-circuit voltage
source. Consequently, aging-induced variations in the EIR are
expected to directly alter the ripple waveform. This effect is
replicated by an external resistive network of a few milliohms.
Although the anticipated variations are indeed minor, the pri-
mary objective of this study is to achieve informative and
robust descriptors from these subtle differences.

The literature indicates that the EIR of a battery also de-
pends on physical conditions such as internal temperature and
SoC. Therefore, when using EIR as a proxy to estimate SoH,
it is necessary to define reference values for temperature and
SoC—or measure them—to prevent misinterpretations. As
reported in [17], for a fixed temperature there is a low-variance
region of EIR over a certain SoC interval, independent of the
total charge processed during the battery’s life—see Fig. 1.
This pattern persists across battery temperatures, differing
only by a resistance offset. To isolate the proposed tests from
these effects, (i) the SoC was kept above 25% for all tests—
assuming the resistance remains constant and does not vary
with changes in SoC, see Fig. 1—and (ii) battery case and am-
bient temperatures were monitored with a Keysight U5855 A
infrared thermal imager.

To turn the resistance-dependent ripple distortion into an
indicator, an equivalent-circuit model of the buck-battery sys-
tem is executed in real time. The model predicts the voltage
ripple at the battery’s terminals under the same PWM input.
Rather than injecting additional perturbations, the estimator
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FIGURE 1. Battery internal resistance versus SoC for three moved-charge
levels and five battery temperatures. Resistance at each SoC (dots) is
compared with the average internal resistance over 25–100% SoC (solid
line). Reproduced from Barcellona et al. [17].

FIGURE 2. Block diagram of the proposed testbed.

compares the model-predicted and the measured output rip-
ple that naturally takes place during the CC charging phase.
These signals are expected to exhibit minor amplitude and
phase shifts with varying EIR. In addition, the measured volt-
age is readily affected by noise, complicating the detection
of genuine amplitude and phase differences. Consequently,
measured and simulated voltage ripple signals are analyzed
through their online covariance matrix, which directly yields
filtered indicators of signal similarity. In addition, the co-
variance matrix fully defines the ellipse traced in a signal
locus comparing the modeled ripple against the measured one,
inherently including typical scalar indicators like variance
and correlation, while also providing more interpretable—
geometrical—descriptors. The covariance-based geometric
representation yields major and minor semi-axis lengths and
angle of rotation of an ellipse. These features change system-
atically with the EIR. The workflow is fully integrated and
can operate on a low-cost dual-core MCU. One core runs
the real-time dynamical model, while the other handles CC
control and ripple acquisition. This second core also applies
a moving covariance filter to the model and measurement
ripple, producing geometric statistics for EIR estimation. The
overall approach is depicted in the block diagram in Fig. 2.

A. TEST BENCH SETUP
Figure 3 shows the converter–battery circuit employed to
derive the dynamic real-time model, incorporating non-ideal

FIG. 3. Reference model of the buck converter with loss elements and a
battery with internal resistance R0 and open-circuit voltage VOC.

FIGURE 4. Experimental testbed comprising: a© lead–acid battery,
synchronous buck converter and resistors board; b© acquisition and
processing stage based on a MCU; c© current sensor; d© power supply; e©
oscilloscope; f© host computer; g© thermal camera.

components that affect the voltage ripple waveform : inductor
copper loss RL, MOSFET on-resistance RDS and capacitor
equivalent series resistance ESR. The battery is modeled as an
open-circuit voltage source, VOC, in series with an ohmic in-
ternal resistance R0. This first-order battery model is selected
because of its simplicity and alignment with the estimation
of the EIR . Moreover, it was observed to accurately reflect
the high-frequency ripple behavior. In contrast, higher-order
models that include polarization branches—charge-transfer
and diffusion RC elements—mainly govern the mid to low
frequency impedance and long-term voltage relaxation, with
negligible contributions to the switching voltage ripple ana-
lyzed in this work [1], [18].

To corroborate this, the governing equations of first- and
second-order models were implemented on different MCU
cores, and their outputs were compared via separate digital-
to-analog converters using an oscilloscope. Both models
exhibited indistinguishable behavior, but the second order
one took considerably longer execution time—530 ns against
165 ns, measured via GPIO toggling.

Experiments were conducted on the testbed shown in Fig. 4.
A TITM F28379D LaunchPad executed the real-time buck-
battery model, the current control, and the data logging task.
Current was measured with a Keysight 1146B 30-A clamp
sensor (100 mV/A), followed by a passive RC low-pass filter,
and digitized on a single-ended 12-bit analog-to-digital con-
verter (ADC); acquisition of voltage ripple is later explained
in Section II-C. A synchronous buck converter charged a 12-V,
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TABLE 1. Characterization of Resistor Board Taps

4-Ah lead-acid battery at a rate of 200 mA. To this end, the
converter was fed by a Keysight U8031 A power supply at
21 V.

An adjustable milliohm-range series resistor, implemented
as a tap network on a custom board, was placed between
the buck output and the battery to emulate series resistance
variations, consistent with the nominal internal resistance of
the battery of 35 m�. The use of this circuit facilitates an
artificial increase of the EIR without having to age the tested
battery pack. In the experiments, five distinct taps of this
network were used, providing increments of about 5 m�. For
each tap, the real resistance value was characterized by 1,000
samples using a Keithley DMM7510 digital multimeter with
100 n� resolution in the range of interest. The resulting mean
and standard deviation of the resistance for each tap are shown
in Table 1.

B. BUCK-BATTERY MODEL
A piecewise-linear model is adopted to explicitly represent the
on/off states of the circuit, thus retaining the in-cycle ripple
behavior [19]. Converter equations are obtained by applying
Kirchhoff’s laws to the ON/OFF states in Fig. 3.

Let Ts denote the switching period and D the duty cycle;
they both define the binary PWM state

u(t ) =
{

1, 0 < t < DTs

0, DTs ≤ t < Ts.
(1)

The differential equation governing the inductor current
dynamics is given by

diL
dt

= Vin

L
u(t ) −

RDS + RL + R0 ESR
R0+ESR

L
iL(t )

− R0

L(R0 + ESR)
vC(t ) − ESR

L(R0 + ESR)
VOC (2)

which reduces to the ON equation for u = 1 and to the OFF
equation for u = 0. Similarly, the capacitor voltage dynamics
are governed by

dvC

dt
= R0

C(R0 + ESR)
iL(t ) + 1

C(R0 + ESR)
vC(t )

+ 1

C(R0 + ESR)
VOC (3)

and the terminal voltage across the battery follows directly:

vout(t ) = R0 ESR

R0 + ESR
iL(t ) + R0

R0 + ESR
vC(t )

TABLE 2. Identified Buck-Battery Model Parameters

+ ESR

R0 + ESR
VOC. (4)

The model parameters were identified with a two-stage
genetic algorithm (GA) workflow. First, a GA was run to
characterize the buck converter using a fixed resistive load and
DC current steps—capturing steady state and transients—to
fit {L, C, RL, RDS, ESR}. Having these values fixed in the
model, a GA was run to identify R0 using the battery-CC
model and voltage data from the charging operation. Note that
R0 accounts for the battery’s nominal EIR—35 m�—as well
as extra resistance from wiring and connectors. The resulting
nominal values used in the embedded model are summarized
in Table 2. The normalized root-mean-square error between
the measured terminal-voltage (vmeas) and the model predic-
tion (vmod) was calculated over the identification windows to
verify the validity of the fit:

NRMSE =
√∑N

k=1(vmeas(k) − vmod(k))2∑N
k=1 v2

meas(k)
. (5)

Normalized errors of 0.579% for the buck-only identifica-
tion and 0.091% for the battery-CC case were obtained.

For the on-chip execution, equations (2) and (3) were
discretized through the forward Euler method using a fixed
step h:

y(k + 1) = y(k) + h f (k) (6)

where f (k) denotes the derivative of function y at step k, i.e.,
the right hand side of equations (2) and (3).

Applying (6) to (2) and (3), and letting u(k) ∈ {0, 1} denote
the PWM state at step k, the forward Euler updates are

iL(k + 1) = iL(k) + h

[
Vin

L
u(k)

−
RDS + RL + R0 ESR

R0+ESR

L
iL(k)

− R0

L(R0 + ESR)
vC(k) − ESR

L(R0 + ESR)
VOC

]
(7)

vC(k + 1) = vC(k) + h

[
R0

C(R0 + ESR)
iL(k)
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FIGURE 5. Frequency-dependent differential divider.

+ 1

C(R0 + ESR)
vC(k)

1

C(R0 + ESR)
VOC

]
.

(8)

C. CIRCUIT DESIGN CONSIDERATIONS
The battery terminal voltage was routed to the MCU via
a frequency-dependent differential divider that attenuates
the DC component while maintaining the switching ripple’s
amplitude—see Fig. 5. Two branches of 4.5R together with
the center resistor R produce a DC gain |HDC| ≈ R/(4.5R +
R + 4.5R) = 1/10, keeping VADC within a measurable range
and improving the effective ripple definition in ADC counts.
The capacitors shunt each arm to bypass the divider at the
switching frequency fs, |ZC | � 4.5R, yielding an AC gain
|HAC| ≈ 1. The differential connection improves robustness
against common-mode disturbances and ground offsets.

This arrangement provides three simultaneous benefits: (i)
it scales the DC component to fit the ADC input range, (ii) it
preserves the high-frequency ripple used by the estimator, and
(iii) it maintains isolation between the battery negative and the
digital ground at the sensing point.

D. DEPLOYMENT AND REAL-TIME VALIDATION
Core 1 executed the real-time buck-battery model. The
discrete-time realization of (7) and (8) was invoked by a
timer-triggered interrupt at fISR = 640 kHz (TISR = 1.56 µs).
A digital input, physically wired to the converter PWM sig-
nal, was sampled to obtain the switching state u(t ). GPIO
toggling was used to verify real-time feasibility; the resulting
pulse width was measured on an oscilloscope together with
the PWM signal to capture the execution time and confirm
that it remained within the switching period. The model’s
terminal-voltage output was computed in each interrupt, fol-
lowing (4), and sent via inter-processor communication to
Core 2, down-sampled at a rate of 160 kHz. Core 2 imple-
mented the CC control loop and voltage-ripple processing.
The PWM module operated at fs = 20 kHz and triggered the
ADC start-of-conversion. At the end of conversion, the PI
control was executed with the measured current, saturated to
a duty cycle of 30–70%, and sent to the PWM module.

A second interrupt, triggered at 160 kHz, handled the volt-
age ripple acquisition and its comparison against the real-time
model. The acquired values were fed through a digital band-
pass filter with a 18–22 kHz band to preserve the switching
ripple at fs. To compute the online covariance matrix, �,

the filtered pair, X =
[
v̌meas, v̌mod

]�
was then processed by

a moving covariance filter [20]:

�[n] = �[n−1] + 1

m
[(X [n] − X̄ [n])(X [n] − X̄ [n])� −

(X [n−m] − X̄ [n−m])(X [n−m] − X̄ [n−m])�] (9)

X̄ [n] = X̄ [n−1] + 1

m
[X [n] − X [n−m]] (10)

where n is the discrete sample index and m denotes the
length of the sliding window. The mean required in (9) is
obtained using the standard moving average filter (MAF) (10).
Observe that the general form of (9) matches that of (10);
hence, its implementation can also rely on an MAF structure,
with input (X [n] − X̄ [n])(X [n] − X̄ [n])� [20]. In this context,
the covariance is used as a measure of similarity; however,
the MAF structure in (9)—a lowpass filter—also provides
attenuation of high frequency components. For this study,
m = 24 samples is the size of the moving window, corre-
sponding to three periods of the switching ripple. Following
the geometric-statistical formulation in [20], the covariance
matrix, �, constructed from the predicted and measured sam-
ples is

� =
[
σ (α, α) σ (α, β )

σ (β, α) σ (β, β )

]
, σ (α, β ) = σ (β, α) (11)

where terms α and β correspond to the model and measured
ripple components, respectively. The major and minor axes of
the ellipse arise from the eigenvalues of �:

λα,β = 1

2
(σ (α, α) + σ (β, β ) ± �1) ,

�1 =
√

�2
2 + 4 (σ (α, β ))2, �2 = σ (α, α) − σ (β, β ).

(12)

The associated eigenvectors determine the orientation of the
ellipse:

Vα,β =
[

�2∓�1
2 σ (α,β ) 1

]�
. (13)

Therefore, the estimated semi-axes and rotation angle are
computed as

â0 = √
2|λα|, b̂0 = √

2|λβ |, ρ̂0 = ∠Vα (14)

where â0 is the major axis, b̂0 is the minor axis and ρ̂0 denotes
the orientation of the major axis with respect to the horizontal
axis of the plane.

Briefly, these metrics encode the effect of the battery’s
internal resistance on the geometry of the vmod-vmeas locus,
and are used to extract a feature set sensitive to R0 variations.
In the current setup, the covariance matrix � is computed on
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FIGURE 6. The upper panel shows the measured and model-predicted
terminal-voltage ripple during constant-current charging. The lower panel
shows the corresponding spectrum with the DC component removed. The
model accurately captures the low-order harmonics. The additional
high-frequency components in the measured signal arise from
environmental noise, not filtered before entering the proposed system.

the MCU and transmitted via a serial interface to a host PC.
Although � fully characterizes variations in R0, the metrics
in (14) are evaluated on the host for visualization.

E. TEST PROCEDURE
The charging procedure was performed 30 times for each
EIR configuration, either with the buck converter connected
directly to the battery terminals or via one tap of the external
resistor board (see Table 1), resulting in 180 total tests. Note
that the last tap of the resistor board corresponds to roughly
twice the nominal internal resistance of the battery, repre-
senting a possible EoL condition according to literature [5].
After each iteration, the battery case and ambient temperatures
were measured with the thermal camera to ensure all tests
occurred under comparable thermal conditions. For each EIR
setting, the host computer logged 600 consecutive outputs of
the real-time covariance filter via a serial link. Each sample
comprised the three components of � in (11): the measured
ripple variance, the covariance between measured and model-
predicted ripple, and the model-predicted ripple variance. The
600 samples per matrix element were averaged and used for
subsequent analyses and reporting.

III. RESULTS
Figure 6 presents a sample time window of the measured
voltage ripple alongside the modeled voltage ripple, as well
as their spectral analyses. The modeled waveform is seen
to track the measured voltage closely, primarily because it
accurately represents the low-frequency components, while
the higher-frequency portion appear to be dominated by noise.
This shows that the identified model effectively reproduces
the in-cycle behavior for subsequent statistical comparison.
In contrast, Fig. 7 highlights the most informative descrip-
tors as box plots against the added resistance. The first panel
shows the variance of the measured ripple σ (β, β ), the second
panel shows the covariance between measured and modeled

FIGURE 7. Boxplots of the measured ripple variance, the covariance
between measured and modeled ripple, the major-axis length and the
orientation angle of the fitted ellipse for each value of added series
resistance. Dashed lines show least-squares fits to the feature medians.

ripple σ (α, β ), the third panel shows the major-axis length of
the fitted ellipse â0, and the fourth panel plots the orientation
angle between the major axis and the measured-ripple axis ρ̂0.
The variance of the modeled ripple and the minor-axis length
b̂0 exhibited nearly constant, non-monotonic behavior across
the tested range and is therefore omitted for clarity.

The whisker lengths and outliers show that the realiza-
tions are moderately dispersed. Nevertheless, the median of
each feature changes systematically with increasing resis-
tance. For the measured-ripple variance and major-axis length,
the medians vary approximately linearly, so a first-degree
polynomial was fitted to them. In contrast, both covariance
and orientation angle exhibit slight curvature with increasing
resistance, and their median trends are more accurately de-
scribed by quadratic fits. The corresponding curves in Fig. 7
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FIGURE 8. Ellipses reconstructed from the estimated parameters for the
case without added resistance (healthy) and with 27.911 m� added series
resistance (approaching EoL). Major axes’ length and orientation are
highlighted. Scales are equal to preserve the aspect ratio of the locus.

show that, despite sample-to-sample variability, the four se-
lected descriptors yield smooth, monotonic relationships over
the 0–30 m� range of added external resistance.

To better illustrate how increased resistance affects the el-
lipse representation, Fig. 8 shows ellipses reconstructed from
the parameters in (14) for two characteristic cases: the healthy
baseline with no added series resistance, and the condition
with 27.911 m� added, deemed as a close-to-EoL condition
for illustrative purposes. The axes correspond to the measured
and modeled ripple components in millivolts. As expected
from the trends in Fig. 7, the ellipse associated with the
higher resistance exhibits a longer major axis (+10.25 mV or
+16.02%) and a noticeable rotation (+16.9°), relative to the
healthy case, reflecting an increase in ripple variance and the
change in covariance as the EIR increases.

IV. DISCUSSION
The experimental results suggest that a converter-induced
switching ripple can be interpreted as a signal that tracks
changes in the EIR of the battery. As the milliohm-range series
resistance increases, both the variance of the measured ripple
and the major-axis length â0 of the fitted ellipse exhibit an
approximate linear growth, while the covariance between the
measured and modeled ripple becomes more negative as the
resistance increases and the orientation angle ρ̂0 rotates in a
consistent direction. Linear fits describe the behavior of the
variance and â0 well, whereas quadratic fits capture the cur-
vature observed in the covariance and ρ̂0. This suggests that
simple low-order models are sufficient to map the proposed
features to equivalent resistance.

The geometric view provided by the ellipse reconstruction
in Fig. 8 helps interpret these trends. Both shapes give a clear
visual separation between operating points whose EIR differs
by approximately a factor of two, a level often associated

with EoL in practice. From an implementation standpoint,
results also show that the variance of the measured ripple
alone already behaves as a strong scalar indicator: it is simple
to compute, naturally monotonic with added resistance, and
can serve as the primary feature for an embedded estimator,
while additional descriptors such as ρ̂0 and the covariance can
be incorporated to improve robustness or enable multi-feature
calibration. Indeed, an exact phase-shift match between the
two ripples at baseline is unnecessary, since the detected angle
variation is always relative to the initial one.

Nonetheless, the study has limitations that frame how these
findings should be interpreted. First, the rise in internal resis-
tance was emulated using an external milliohm-range resistor
board instead of by actually aging the battery. This approach
isolates the effect of series resistance on the ripple geom-
etry and makes the experiments repeatable in a controlled
manner, but does not capture other degradation mechanisms
which would potentially arise in naturally aged cells. Al-
though this study primarily aimed to detect subtle ripple
variations and to demonstrate diagnostic capability based on
a charging-related feature—thus potentially enabling SoH es-
timation during normal operation—a natural next step is to
test multiple batteries aged under well-controlled cycling and
storage conditions. Experiments were also limited to a single
lead-acid battery and to a single operating point. The degree
to which the observed relationships generalize across different
battery formats and chemistries remains an open question.
This work only partly addresses this issue, building on pre-
vious studies that more broadly link EIR to SoH estimation
in general. Exploring a broader design space would help de-
termine whether the ripple-based indicators are portable, or
application-specific calibration is required.

Overall, these results suggest that information already
available in converter-driven dynamics can be reused for SoH
estimation using lightweight statistics compatible with low-
cost MCUs. Future work should validate these findings in
naturally aged batteries, extend them to other operating condi-
tions and chemistries, and convert the most robust descriptors
into calibrated real-time SoH estimators for deployment in
practical chargers and BMS hardware.

V. CONCLUSION
This work introduced the proof of concept of a ripple-based
method for estimating the equivalent series resistance of the
battery by comparing the predicted and measured terminal-
voltage ripple of the model during constant-current charging
with a synchronous buck converter. A real-time equivalent-
circuit model, running alongside the CC controller on a
low-cost MCU, enables extraction of statistical descriptors
from converter-induced ripple, which experimentally tracked
programmed variations in EIR emulated via an external
milliohm-range board. The findings show that simple features
derived from switching ripple during charging—particularly
its variance, supported by interpretable elliptical descriptors
such as the orientation angle—can underpin embedded SoH
indicators without removing the battery from service, apply-
ing dedicated excitation, or using specialized instrumentation.
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Future efforts will focus on validating this proof of concept
with naturally aged batteries, extending it to a wider set of
operating conditions and types of chemistry, and integrating
calibrated resistance-to-SoH mappings into integrated charger
and BMS implementations.

REFERENCES
[1] Y. Liu, L. Wang, D. Li, and K. Wang, “State-of-health estimation of

lithium-ion batteries based on electrochemical impedance spectroscopy:
A review,” Protection Control Modern Power Syst., vol. 8, no. 41,
pp. 1–25, 2023.

[2] C. Huang and N. Li, “Fast health state estimation of lead–acid batter-
ies based on multi-time constant current charging curve,” Electronics,
vol. 12, no. 21, 2023, Art. no. 4552.

[3] M. Mohsin, A. Picot, and P. Maussion, “A new lead-acid battery
state-of-health evaluation method using electrochemical impedance
spectroscopy for second life in rural electrification systems,” J. Energy
Storage, vol. 52, 2022, Art. no. 104647.

[4] A. Ponso, E. Cerva, N. Monticone, R. Sorace, A. Bonfitto, and A.
Tonoli, “Efficiency and profitability of second life automotive batteries
for renewable sources power plants,” J. Energy Storage, vol. 145, 2026,
Art. no. 119897.

[5] L. C. Casals, M. Rodríguez, C. Corchero, and R. E. Carrillo, “Eval-
uation of the end-of-life of electric vehicle batteries according to
the state-of-health,” World Electric Veh. J., vol. 10, no. 4, 2019,
Art. no. 63.

[6] D. Gong, Y. Gao, Y. Kou, and Y. Wang, “State of health estimation
for lithium-ion battery based on energy features,” Energy, vol. 257,
Oct. 2022, Art. no. 124812.

[7] H. Velasco-Arellano, N. Castillo-Magallanes, N. Visairo-Cruz, C. A.
Núñez-Gutiérrez, and I. Lázaro, “Parametric correlation analysis be-
tween equivalent electric circuit model and mechanistic model interpre-
tation for battery internal aging,” World Electric Veh. J., vol. 15, no. 7,
2024, Art. no. 291.

[8] T. Wang, Z. Ma, S. Zou, Z. Chen, and P. Wang, “Lithium-ion battery
state-of-health estimation: A self-supervised framework incorporating
weak labels,” Appl. Energy, vol. 355, Feb. 2024, Art. no. 122332.

[9] L. Chen et al., “State of health estimation of lithium-ion batteries based
on equivalent circuit model and data-driven method,” J. Energy Storage,
vol. 73, Dec. 2023, Art. no. 109195.

[10] R. Xiong, L. Li, Z. Li, Q. Yu, and H. Mu, “An electrochemical model
based degradation state identification method of lithium-ion battery
for all-climate electric vehicles application,” Appl. Energy, vol. 219,
pp. 264–275, Jun. 2018.

[11] S. Hosseininasab, C. Lin, S. Pischinger, M. Stapelbroek, and G.
Vagnoni, “State-of-health estimation of lithium-ion batteries for electri-
fied vehicles using a reduced-order electrochemical model,” J. Energy
Storage, vol. 52, Aug. 2022, Art. no. 104684.

[12] Z. Wang, G. Feng, D. Zhen, F. Gu, and A. Ball, “A review on online
state of charge and state of health estimation for lithium-ion batteries in
electric vehicles,” Energy Rep., vol. 7, pp. 5141–5161, 2021.

[13] B. Liu, S. Qin, Z. Lyu, T. Wu, P. Huang, and Y. Pang, “On-line estima-
tion for impedance of lithium-ion battery in DC-DC charger converter
with step-response data and morlet wavelet,” Measurement, vol. 257,
Jan. 2026, Art. no. 118677.

[14] E. Ezemobi, A. Tonoli, and M. Silvagni, “Battery state of health estima-
tion with improved generalization using parallel layer extreme learning
machine,” Energies, vol. 14, no. 8, Apr. 2021, Art. no. 2243.

[15] A. Ponso, A. Bonfitto, M. Silvagni, and S. Luciani, “Off-board test-
ing device for battery diagnostics and market analysis for battery
reuse,” in Proc. Vol. 1: 25th Int. Conf. Adv. Veh. Technol.. Boston,
Massachusetts, USA: American Society of Mechanical Engineers,
Aug. 2023, Art. no. V001T01A009.

[16] S. G. Padder et al., “Data-driven approaches for estimation of ev battery
soc and soh: A review,” IEEE Access, vol. 13, pp. 35048–35067, 2025.

[17] S. Barcellona, S. Colnago, G. Dotelli, S. Latorrata, and L. Piegari,
“Aging effect on the variation of li-ion battery resistance as function
of temperature and state of charge,” J. Energy Storage, vol. 50, 2022,
Art. no. 104658.

[18] X. Tan et al., “Real-time state-of-health estimation of lithium-ion bat-
teries based on the equivalent internal resistance,” IEEE Access, vol. 8,
pp. 56811–56822, 2020.

[19] J. Camacho, L. M. Ibarra, and P. Ponce, “Evaluating the influence of
execution speed on real-time simulation accuracy: A buck converter
case study,” IEEE Access, vol. 13, pp. 15168–15177, 2025.

[20] L. Ibarra, “A fast convergence geometric–statistical approach for the
estimation of three-phase electrical signal parameters,” IEEE Trans. Ind.
Informat., vol. 21, no. 7, pp. 5536–5544, Jul. 2025.

SEBASTIN MALDONADO (Student Member,
IEEE) currently working toward the B.Sc. degree
in electronics engineering with Tecnológico de
Monterrey, Mexico City Campus, Mexico. He has
held internships in the telecommunications indus-
try, focusing on mobile networks. His research
interests include power electronics, power con-
verters, real-time embedded systems, and control
systems.

EMILIO LÓPEZ was born in Mexico City, Mexico,
in 1993. He is currently working toward the B.S.
degree in electronics engineering with Tecnológico
de Monterrey, Mexico City Campus, Mexico. He
was the part of professional internships in the
hardware industry. He is currently an Embedded
Systems Engineer. His research interests include
power electronics, in particular, the use of DC-DC
converters in real-time embedded systems.

LUIS IBARRA (Senior Member, IEEE) received
the B.Eng. degree in mechatronics in 2011, and
Ph.D. degree in intelligent control from Tecno-
logico de Monterrey, Mexico City, Mexico, in
2016. He is currently a Professor with the Institute
of Advanced Materials for Sustainable Manufac-
turing, Tecnologico de Monterrey. He is a founding
partner of a technology company. His research in-
terests include power systems, automatic control,
electric machinery, signal processing, and applied
mathematics. Dr. Ibarra is a Member of the Na-

tional Research Fellows System level 1 (SNII-1), SECIHTI, Mexico, and also
a Member of the Mexican Academy of Sciences.

RENATO GALLUZZI (Senior Member, IEEE) re-
ceived the M.Sc. and Ph.D. degrees in mecha-
tronics from Politecnico di Torino, Turin, Italy, in
2010 and 2014, respectively. Since 2011, he has
been an active collaborator with the Mechatronics
Laboratoryt, Politecnico di Torino. He is currently
a Research Professor with the School of Engi-
neering and Sciences, Tecnologico de Monterrey,
Monterrey, Mexico. His research interests include
vibration control and damping systems, power ac-
tuators, electric machinery, and energy harvesting.

Dr. Galluzzi is a Member of the National Research Fellows System level 1
(SNII-1), SECIHTI, Mexico.

JESÚS CAMACHO (Student Member, IEEE) re-
ceived the B.Sc. degree in communications and
electronics engineering from Instituto Politecnico
Nacional ESIME Culhuacan, Mexico City, Mex-
ico, in December 2015, and the M.Sc. degree in
microelectronics engineering from SEPI-ESIME
Culhuacan, Mexico City, in July 2018. He is cur-
rently working toward the Ph.D. degree with Tec-
nologico de Monterrey, Monterrey, Mexico From
2019 to 2022, he held a position in the telecommu-
nications industry. His research interests include

Power Electronics, Control Systems, System Dynamics, Real-Time Systems,
and Simulation of Electric and Energy Systems.

VOLUME 7, 2026 1263



MALDONADO ET AL.: ONLINE MILLIOHM VARIATION DETECTOR FOR ASSESSING BATTERY INTERNAL RESISTANCE

ALBERTO PONSO received the B.Sc. and M.Sc.
degrees in automotive engineering from Politec-
nico di Torino, Turin, Italy, in 2020 and 2022,
respectively, where he has been currently working
toward the Ph.D. degree in mechanical engineer-
ing, since 2022. His research interests include vehi-
cle electrification, sustainable transportation, route
planning of electric vehicles for grid integration
and battery testing for state of health assessment
and second-life addressing. He is working on these
subjects in the Interdepartmental Center for Auto-

motive Research and Sustainable Mobility (CARS) at Politecnico di Torino.

ANGELO BONFITTO received the Ph.D. degree
in mechatronics from Politecnico di Torino, Turin,
Italy, in 2010. He is currently an Associate Pro-
fessor with the Department of Mechanical and
Aerospace Engineering, Politecnico di Torino. He
is Member of CARS@Polito, Interdepartmental
Center for Automotive Research and Sustainable
mobility. His research interests include mecha-
tronic systems for automotive, modelling and con-
trol of hybrid and electric powertrains, technolo-
gies for assisted and autonomous driving, design

and control of electromagnetic actuation for rotating machines.

1264 VOLUME 7, 2026



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


