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Abstract—Lithium-ion batteries (LiBs) are widely used in
diverse applications due to their high energy and power density,
efficiency, and long cycle life. However, their performance varies
over time due to a combination of reversible effects and irre-
versible aging mechanisms, driven by factors such as tempera-
ture, state of charge (SOC), and current rate. Accurate estimation
of key battery parameters—including internal resistance—is
essential for assessing the state of health (SOH), SOC, and state
of power, which are critical for reliable operation and battery
management. This work proposes a machine learning approach
for estimating the low-frequency internal resistance of LiBs,
leveraging prior estimation of the high-frequency component.
The method builds on previous research and aims to provide
accurate predictions across varying SOC, temperature, and aging
conditions, while avoiding the need for complex hardware or in-
tensive computations. The results show that, although estimating
low-frequency resistance is inherently challenging, the use of a
neural network—especially when incorporating high-frequency
resistance as an input—reduces the estimation error to below 3%.
The proposed model represents a promising solution for practical,
real-time resistance estimation in advanced battery management
systems.

I. INTRODUCTION

Among rechargeable batteries, lithium-ion batteries (LiBs)
are widely used across a broad range of applications such as
smartphones, notebooks, medical tools, electric vehicles, and
stationary systems supporting renewable energy sources [1].
This widespread use of LiBs is driven by their strong perfor-
mance characteristics, including high energy and power den-
sity, high coulombic and energy efficiency, low self-discharge
rates, relatively long lifetime, and no memory effect [2].
Especially in transportation applications, both the energy and
power a battery can deliver are crucial to ensure long service
life and optimal dynamic performance.

Nevertheless, LiBs are subject to various aging mechanisms,
both during storage and use. For instance, depending on the
temperature and state of charge (SOC) at which the battery
is stored, the aging rate can accelerate or decelerate (calendar
aging) over time. Similarly, during operation, factors such as
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temperature, SOC, current rate, SOC window, and voltage
limits influence the battery degradation (cycle aging) as a
function of number of cycles or total charge throughput
(referred to as moved charge) [3].

Therefore, the optimal way to use or store the battery can
improve its efficiency and reduce the aging rate. In any case,
battery degradation primarily leads to two consequences: a
decrease in the ability to store energy (energy fade) and a
decrease in the ability to deliver electrical power (power fade).
While the former depends on the battery capacity, the latter is
related to its internal resistance. For this reason, both capacity
loss and resistance increase are commonly used as indicators
of the state of health (SOH) of LiBs [4].

In addition to SOH estimation, other battery states such as
SOC and state of power (SOP) are essential for determining
the remaining capacity and available power of the battery [5].
Therefore, accurate estimation of these parameters is critical
for diagnostics, prognostics, and ensuring the optimal and safe
operation of the battery.

Besides the irreversible changes in both battery capacity and
internal resistance caused by degradation, the same factors that
influence the aging rate (such as temperature, SOC, current
rate, etc.) also have a reversible effect on the actual values of
capacity or resistance [6], [7].

Focusing on SOP and power fade, this work aims to analyze
the estimation of the battery internal resistance under various
conditions. Several studies in the literature have analyzed
how internal resistance varies reversibly with SOC or battery
temperature [8], [9]. Conversely, other studies have examined
how different SOC and temperature conditions affect both
calendar and cycle aging, leading to an increase in internal
resistance [10], [11]. A more comprehensive analysis was
presented in a previous work [12], in which the authors
investigated the combined reversible and irreversible effects of
various SOC and temperature conditions on internal resistance
in different aging states.

Regarding the estimation methods for battery internal re-
sistance, while various classifications exist in the literature, in
this work, we primarily categorize them into non-model-based
and model-based approaches. In this regard, it is important to
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note that the internal resistance of a LiB consists of multiple
components [13]. Specifically, it can be divided into a high-
frequency term and a low-frequency term, as further discussed
in the next section.

Non-model-based methods rely on direct measurements
and can be further divided into time-domain and frequency-
domain techniques. Among the time-domain methods, the
most frequently used is the dc current pulse method. This
approach involves applying a current pulse to the battery under
test and observing the resulting change in voltage over a
defined time interval [14]. In the frequency domain, electro-
chemical impedance spectroscopy (EIS) is a well-established
technique. It works by applying a small sinusoidal current
(galvanostatic EIS, GEIS) or voltage (potentiostatic EIS) at
multiple frequencies and measuring the corresponding voltage
or current response [15]. Through this process, it is possible to
characterize the impedance of the battery across a wide range
of frequencies. These methods can achieve high accuracy
but may be difficult to implement for online and real-time
applications.

On the other hand, model-based methods encompass a
wide range of approaches, which can be broadly categorized
into physics-based models, data-driven approaches, and hybrid
methods that combine elements of both [16]. Physics-based
models, although computationally demanding, offer high accu-
racy by providing a detailed description of the electrochemical
and physical processes occurring within the battery [17], [18].
In contrast, data-driven approaches are typically simpler but
may be less accurate. They often rely on analytical functions
fitted to experimental data, or, more recently, on machine
learning (ML) techniques that learn patterns from data without
requiring explicit physical knowledge of the system [19]–[21].

Although the internal resistance of a battery can serve as
an SOH indicator for power fade, most works in the literature
focus primarily on SOH estimation in terms of capacity fade.
In some of these studies, internal resistance is used either as
part of the battery model or as a feature for ML models.
Specifically, in ML-based approaches, internal resistance is
often estimated using other algorithms, such as the Kalman
filter and their derivative algorithms or recursive least squares,
and the estimated resistance is then fed as an input feature to
the ML model [22]–[24]. However, studies that attempt direct
estimation of internal resistance using ML techniques appear
to be scarce in the literature.

Specifically, in [25], the authors employed an ML ap-
proach involving two neural networks (NNs). The first NN
estimated the battery capacity based on voltage, current, and
temperature, while the second NN estimated the internal
resistance—specifically the solid electrolyte interface (SEI)
and charge transfer resistance—using both the same inputs
as the first NN and its estimated capacity output. On the
other hand, a previous work [15], proposed a simple ML
approach to estimate the high-frequency resistance of a LiB
under different conditions of SOC, temperature, and aging
levels, without using battery capacity as a feature. In particular,
the proposed approach showed promising results in estimat-

ing resistance variations at unknown SOC levels and under
future aging conditions, despite relying on a limited dataset
with few features and without the need for resource-intensive
computational tools.

Moreover, while the high-frequency resistance can be rela-
tively easily estimated online using non-model-based meth-
ods—such as by superimposing a high-frequency signal
through the existing power converter used for battery oper-
ation—the low-frequency resistance is more challenging to
estimate with these techniques.

In the present work, an ML approach similar to [15] was
developed to estimate the low-frequency resistance of the same
type of LiB, based on the estimation of the high-frequency
resistance.

II. ELECTRICAL MODEL AND EXPERIMENTAL ACTIVITY

The battery internal resistance is composed of four different
contributions [13]. Specifically, it can be decomposed into a
high-frequency term related to the ohmic resistance of the
materials that make up the battery, a component associated
with the growth of the SEI, a term linked to the charge transfer
processes during lithium intercalation and deintercalation, and
a contribution related to the diffusion of lithium ions within
the electrodes and electrolyte. In this paper, GEIS was used to
derive the resistance contributions by fitting the impedance
model presented in the next section. For the analysis of
this paper a 10 Ah LiCoO2 pouch cell (model 8773160K)
manufactured by General Electronics Battery Co. Ltd was
used [26]. This cell operates within a voltage range of 2.75 V
to 4.2 V and can handle a maximum discharge current of 100
A (10C). In the following sections, the battery model used to
fit the spectroscopy data, as well as the experimental setup
and procedure, are described.

A. Battery impedance model

The impedance model used to interpret the results of GEIS
consists of a series arrangement of the ohmic resistance
(RHF ); an RC branch associated with the SEI layer (CSEI ,
RSEI ); another RC branch representing the charge transfer
resistance (Rct) and the double-layer capacitance (Cdl); and
an impedance element related to lithium-ion diffusion, known
as the Warburg impedance (ZW ).

The impedance model and the resulting Nyquist plot are
shown in Fig. 1. This paper focuses on estimating the low-
frequency resistance of LiBs based on the high-frequency
resistance, which was evaluated under various SOC levels,
temperatures, and aging conditions. Specifically, the high-
frequency resistance was determined from the intersection of
the battery’s response with the real axis. Physically, the low-
frequency resistance (RLF ) should be considered as the sum
of all four resistance components. However, accurately deter-
mining the diffusion resistance requires GEIS measurements
at very low frequencies, which are challenging due to the
long measurement times involved and the possibility that the
total charge exchanged with the battery might shift the SOC
outside the intended range. This could introduce nonlinear
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Fig. 1. Battery impedance model and corresponding Nyquist Plot.
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Fig. 2. Experimental setup.

effects that may distort the results. On the other hand, the
time constant relevant for analyzing power fade can be related
to the high frequency resistance, the SEI resistance, and the
charge transfer one [27]; therefore, the RLF considered in this
paper was calculated as in (1):

RLF = RHF +RSEI +Rct. (1)

RHF and RLF in the Nyquist diagram are shown in Fig. 1.

B. Experimental Setup and Test Procedure

The tests were conducted using a potentiostat (SP-150)
paired with a booster (VMP3B-100) from Biologic Science
Instruments, both managed through EC-Lab software on a
PC connected via Ethernet. To maintain a constant battery
temperature during testing, three Peltier cells connected in
series were placed beneath the battery and mounted on a
heatsink. The current through the Peltier cells was regulated by
a Texas Instruments BOOSTXL-DRV8323RS converter [28],
which was controlled by an F28069M controller board [29]
using a proportional-integral regulator. The control system
monitored the battery temperature via a PT100 sensor and
adjusted the current through the Peltier cells to keep the battery
temperature close to the target value. Although the Peltier cells
were only on one side of the battery, the thin profile of the cell
minimized any temperature gradient across it. Fig. 2 shows the
experimental setup.

The test procedure was divided into two phases: resistance
evaluation and aging cycling. The aging phase consisted of

repeated charge and discharge cycles at a constant temperature
of 30 °C and a constant current of 50 A (5C). Charging and
discharging were limited between 20% and 80% of SOC and
3.45–4.05 V. The battery aging was quantified using the total
moved charge Q measured in Ah and calculated as follows:

Q =
1

3600

∫ t

0

|Ib| dτ (2)

where Ib is the battery current. Each aging cycle continued
until a total charge throughput of about 5000 Ah was reached.

Resistance measurements were taken at the beginning of
life and after each aging phase and were performed at eight
different temperatures (20.0 °C, 22.5 °C, 25.0 °C, 27.5 °C,
30.0 °C, 33.5 °C, 38.0 °C, and 46.0 °C) and five different SOC
levels (0%, 25%, 50%, 75%, and 100%). At each temperature,
the battery was first charged using a constant current–constant
voltage protocol at 10 A (1C) until the maximum cutoff
voltage of 4.2 V was reached. The voltage was then held at
4.2 V until the current dropped to 100 mA (0.01C). After
charging, the battery was allowed to rest for 1 hour, and then
a GEIS measurement was performed from 10 kHz to 100 mHz
with an amplitude of 300 mA (0.3C). The battery was then
discharged at a constant current of 1C to reach 75% of SOC.
At this SOC, after 1 hour of rest, another GEIS measurement
was performed. This procedure was repeated, discharging the
battery by 25% of SOC increments down to 0% of SOC. After
the resistances at 0% of SOC were measured, the reference
temperature was changed. The cell was recharged to 100%
of SOC, and the procedure was repeated for the next target
temperature.

III. MODEL DESCRIPTION

Neural networks are universal function approximators ca-
pable of modeling complex nonlinear relationships with high
accuracy [30]. They have demonstrated strong performance
across various domains, including computer science, finance,
and engineering [31], [32]. Unlike other ML methods, NNs
can predict system outputs without requiring explicit analytical
models, offer notable computational efficiency [32], and high
potential for parallelization and scalability [33]. Given these
strengths, this study focuses on NNs as an efficient tool for
addressing nonlinear estimation problems. In addition to all
these reasons, in [34] we had already demonstrated that NNs
were capable of obtaining good prediction results on a dataset
very similar to the one used here.

This Section is organized as follows: Section III-A outlines
the design choices made for the NN used in this work,
and subsequently describes the training, validation, and test-
ing pipeline; Section III-B presents the ensemble procedure
adopted to enhance the robustness of the predictions generated
by the previously introduced NN.

A. Neural Network design

The main challenge of this dataset lies in its limited size:
160 samples for training, 40 for testing, and only 4 available
features (T , SOC, Q, and RHF ). Therefore, the NN must be
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designed with careful consideration of the trade-off between
model complexity and generalization. A network that is too
simple may lack the accuracy needed, while an overly complex
one is prone to overfitting due to the small size of the training
set.

Preliminary experiments were conducted to select a proper
NN architecture; for these tests a conventional 4-fold cross-
validation strategy was used to train the NN models, where
each fold contained 40 samples and was randomly generated
with uniform distribution. The network that achieved excellent
results on a similar dataset in our previous work [34] was used
as a starting point. However, tests performed on the current
data yielded poor accuracy, indicating that this dataset is more
challenging than the previous one. For this reason, we decided
to design a slightly more sophisticated network architecture.
After conducting several tests, by adding more layers, more
units, changing the batch size, the learning rate and/or mod-
ifying the activation functions to the previous network [34],
we observed that the greatest improvement in performance
was linked to adding an additional hidden layer. Tuning other
parameters either worsened the performance or caused only
negligible fluctuations. Introducing a second layer of units
and adopting a pyramidal network structure significantly im-
proved the predictive capabilities of the model. The resulting
model employed in the experiments is summarized in Table I.
Compared to the network used in our previous work [34], the
current model increases the number of parameters from 26 to
209, when dealing with an input with three features. The fact
that performance improves with this new network—which is
a natural evolution of the previous one—confirms that the ML
approach we are using is informative for the problem we are
addressing.

TABLE I
NN ARCHITECTURE

Number of layers 3
Number of units in the first hidden layer 16
Number of units in the second hidden layer 8
Number of units in the output layer 1
Activation function of the hidden units softmax
Activation function of the output unit None
Data scaling Standard Scaler
Loss function MSE
Optimizer Adam
Initial learning rate 5 · 10−3

Batch size 32

B. Bagging

Bagging (Bootstrap Aggregating) is a widely used ensemble
learning method that aims to reduce the variance of predictive
models by training multiple base learners on different subsets
of the training data and aggregating their outputs. In the
context of NNs for regression, each model in the ensemble
is trained independently on a different bootstrap sample—a
dataset generated by sampling with replacement from the
original training set.

This approach introduces diversity among the models and
helps mitigate overfitting, especially when working with small
or noisy datasets. The final prediction is obtained by averaging
the outputs of the individual networks, which typically results
in more stable and accurate predictions compared to any single
model.

Given the limited size of our dataset, we decided to per-
form bagging, thus aggregating multiple models to enhance
robustness. In contrast to our previous work, where we used
an ensemble of 100 lightweight NNs, the current architecture
is larger and more computationally expensive. Therefore,
we limited the ensemble to 20 models, balancing predictive
performance and training cost. Following a standard bagging
procedure, each one of these 20 models was trained using 160
data points sampled uniformly at random with repetitions from
the original training set.

IV. MODEL PERFORMANCE

All the experiments were conducted on a workstation
equipped with a 12th Gen Intel® Core™ i7-1255U CPU
(base clock 1.7 GHz), 32 GB of RAM, and no dedicated
GPU. Python was used as a programming language, with the
Tensorflow library for the ML procedures.

Initially, we chose to focus exclusively on the new data
introduced in this work with respect to [34], namely the
measurements related to RLF . Our objective was to develop
an NN capable of predicting the RLF resistance values under
varying conditions of SOC, temperature T , and moved charge
Q. In this initial phase of experimentation, we chose to exclude
the feature measurements RHF —used as the target variable in
our previous work—in order to concentrate solely on the RLF

behavior.
Specifically, the network described in Section III-A was

trained on RLF measurements collected across all available
SOC levels, temperatures, and moved charge values, with the
exception of the moved charge value Q = 20 kAh. The
prediction of RLF values for all curves corresponding to
Q = 20 kAh constituted the goal of our first experiment.
These prediction results are shown in Figure 3, together with
the experimental data, obtained as explained in Section II.

The results shown in Figure 3 are quite good, especially
because they show that the model is able to clearly identify
the correct trend of the 20 kAh curves, without having seen
any of them before. To better quantify the performances of the
model we computed the relative error for a given temperature
and SOC, defined as follows:

ϵ(SOC, T ) ≜ RLF (SOC, T )− R̂LF (SOC, T )
RLF (SOC, T )

, (3)

where R̂LF is the estimated value of resistance generated by
the NN. We obtained an average value of this relative error
equal to 0.7%, while the 95th percentile value is between -7.5%
and 12.9%. This is a significant result, taking into account
the small values of the resistance to be measured and the
impedance measurement device’s accuracy class of 1%.
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Fig. 3. Blue line: measured data points. Red line: estimated data points. The plots show the values at different SOC levels for the RLF with Q = 20 kAh.

TABLE II
NRMSE OVER DIFFERENT SOC LEVELS FOR THE PREDICTIONS OF RLF

WITH Q = 20 KAH

.
SOC [%] 0 25 50 75 100

NRMSE [%] 5.96 4.71 3.66 4.49 3.43

TABLE III
NRMSE OVER DIFFERENT SOC LEVELS FOR THE PREDICTIONS OF RHF

WITH Q = 20 KAH, FROM PREVIOUS WORK [34]

.
SOC [%] 0 25 50 75 100

NRMSE [%] 1.57 1.72 2.52 2.83 3.38

To better quantify the prediction results, we also computed
the Normalized Root Mean Square Error (NRMSE) for each
SOC level. The definition of NRMSE is provided below:

NRMSE (SOC) ≜

√√√√
∑

T

(
RLF (SOC, T )− R̂LF (SOC, T )

)2
∑

T R2
LF (SOC, T )

,

(4)
and the results are shown in Table II.

Comparing these results with those, reported in Table III,
from the previous work [34] on a similar problem—the
estimation of RHF —it can be observed that the estimation
of the RLF resistance in this work—using an NN even more
sophisticated than the previous one—is a more challenging
problem than the previous one.

To investigate whether high-frequency measurements can
improve low-frequency estimation, the NN model was re-
trained from scratch on the same task, incorporating now RHF

as an additional input feature. The NRMSE results for this new

TABLE IV
NRMSE OVER DIFFERENT SOC LEVELS FOR THE PREDICTIONS OF RLF

WITH Q = 20 KAH, WHEN THE ADDITIONAL FEATURE RHF IS
CONSIDERED IN THE ML MODEL

.
SOC [%] 0 25 50 75 100

NRMSE [%] 7.18 1.22 2.35 2.03 1.74

setup are presented in Table IV, and are significant lower than
those in Table II, and better than those in Table III too.

Excluding SOC = 0%, predictions in Table IV show marked
improvement with respect to those in Table II, with all
NRMSE values below 3%. These findings demonstrate the
network ability to effectively exploit the information contained
in the RHF feature to predict the target variable RLF . The
notable degradation in performance at SOC = 0% is likely due
to the scarcity of training samples for this state, coupled with
a possible presence of measurement noise within the limited
dataset. By taking into consideration the additional feature
RHF , the average value of the relative error is equal to -1.3%,
with the 95th percentile value between -8.6% and 4.2%. As a
final remark, we want highlight that if we exclude the data
points with SOC equal to 0% from the calculations, then the
average relative error improves by around 82.4% when also
using the additional RHF feature in the ML model.

V. CONCLUSION

This work presented an ML approach for estimating the low-
frequency resistance, RLF , of LiBs, building upon previous
research focused on high-frequency resistance, RHF . Com-
pared to prior studies, the estimation of RLF proved to be a
more challenging task due to its higher sensitivity to operating
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conditions and limited data availability. To enhance model
performance, RHF was introduced as an additional input
feature in the neural network. The results demonstrate that in-
corporating RHF significantly improves the accuracy of RLF

predictions, with all NRMSE values falling below 3%, except
at SOC = 0%, where performance is limited by data sparsity
and possible measurement noise. Notably, excluding SOC =
0% data points leads to an 82.4% improvement in average
relative error, highlighting the effectiveness of leveraging high-
frequency information in low-frequency resistance estimation.
These findings suggest that the proposed ML model, enhanced
by RHF , offers a practical and accurate solution for real-time
battery resistance monitoring, especially under conditions well
represented in the training dataset.
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