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Developed TinyML models for battery SoH estimation from EIS data.
Compared ECM-based and raw EIS data-driven approaches for model development.
Optimized models converted to TinyML for real-time edge device deployment.
CNN-GRU model achieved highest performance by using raw EIS data.
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 A B S T R A C T

As battery systems become more widespread, the need for accurate and fast estimation of State of Health (SoH) 
in lithium-ion cells is increasingly critical. This study analyzes two data-driven model methods that leverage 
Electrochemical Impedance Spectroscopy (EIS) measurements to capture the internal electrochemical dynamics 
underlying battery degradation and estimate the cell’s current SoH. The first approach, Method A, utilizes an 
Equivalent Circuit Model (ECM) from EIS data and uses it to train various state-of-the-art Deep Learning (DL) 
models, including LSTM, GRU, CNN-LSTM, and CNN-GRU. In contrast, Method B directly employs raw EIS data 
to train the same set of DL models, bypassing the need for ECM development. Both methods demonstrated 
strong performance, with the CNN-GRU model from Method B yielding the best results, achieving a Mean 
Absolute Error (MAE) of only 0.87% and a Root Mean Square Error (RMSE) of 1.20%. Additionally, both 
methods included an analysis of various input features, such as State of Charge (SoC), to evaluate their 
impact on model performance. Finally, the models of Method B were optimized for size and computational 
efficiency, making them suitable for deployment on low-power edge devices and applications requiring TinyML 
capabilities. The average latency and size reduction of the models were 99.61% and 88.61%, respectively.
1. Introduction

As the world accelerates its transition towards sustainable energy, 
the role of Battery Energy Storage Systems (BESS) has become increas-
ingly pivotal. These systems are integrated into several sectors, includ-
ing automotive, industrial applications, and electrical grids, serving as 
support for improvement of energy efficiency and grid stability [1]. 
By optimizing energy use and facilitating the integration of renewable 
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sources, BESS reduce dependence on fossil fuels and lower greenhouse 
gas emissions, contributing to a more sustainable energy system. Ad-
ditionally, they enable the provision of ancillary services that enhance 
grid stability through advanced control systems [2]. To fully exploit the 
potential of BESS, an effective Battery Management System (BMS) is 
essential. A well-designed BMS ensures safe and efficient operation by 
accurately assessing cell conditions, monitoring and balancing charge 
levels, detecting faults, managing thermal conditions, and ensuring 
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overall system safety. These functions are critical for enhancing the 
lifespan, reliability, and overall performance of the BESS [3].

Batteries degrade over time due to repeated charge–discharge cy-
cles, temperature fluctuations, and natural aging processes, resulting 
in an increase of internal resistance and a gradual loss of capacity 
and overall performance. Without proper monitoring, this deterioration 
can lead to unexpected failures, reduced efficiency, and increased 
safety risks. For this reason, accurate and rapid estimation of the 
State of Health (SoH) is crucial. Several experimental approaches such 
as acoustic sensing [4], thermal analysis [5], gas evolution monitor-
ing [6], and strain or pressure sensing [7] have been proposed to 
assess battery health by relying on directly measurable physical signals. 
Among these, Electrochemical Impedance Spectroscopy (EIS) stands 
out as a particularly powerful and non-destructive technique, capable 
of capturing detailed information about internal resistance, capacitive 
behavior, and diffusion processes, which are all key indicators of bat-
tery degradation [8]. EIS tests utilize a small-amplitude AC excitation 
signal to ensure linearity between the perturbation signal and the 
system’s response, while minimizing stress on the battery cell. These 
tests typically take only a few seconds or minutes to complete [9]. 
For further details, in Section 2.2 there is an in-depth analysis of the 
applications and modes of EIS. This rapid assessment is essential for 
real-life applications that require fast diagnostics and prognostics, such 
as the repair of EVs, Uninterruptible Power Supply (UPS), and other 
critical BESS.

Methods utilizing EIS data for SoH estimation can be broadly clas-
sified into two main categories, the mathematical function based ap-
proach and data-driven modeling approach. In the literature, as shown 
in the following sections, both methods can leverage the parameters of 
an Equivalent Circuit Model (ECM) to enhance their performance and 
impose physical constraints on the models. ECM parameters can offer 
valuable insights into the degradation stage of a battery cell, reflecting 
phenomena such as capacity fade and increases in internal resistance. 
These parameters can be utilized to develop empirical or semi-empirical 
mathematical models that approximate the cell’s SoH. Therefore, these 
parameters should be regularly updated to ensure reliable performance.

In mathematical function approaches, researchers derive mathe-
matical equations from previous degradation experiments and develop 
or utilize predefined functions, often polynomials of second order or 
higher, to achieve accurate SoH estimation while accounting for factors 
such as temperature, resistances, and State of Charge (SoC). A notable 
contribution by [10] presents a fast and efficient method for estimating 
the SoH of lithium-ion batteries (LIBs) using partial EIS measurements, 
rather than utilizing data from the entire frequency range. By utilizing 
the real part of impedance at two specific frequencies, this method 
drastically reduces measurement time from 30 min to just 3 min while 
maintaining accurate SoH predictions through a second-order fitting 
function.

Similarly, [11] analyzed EIS data from four battery cells across 
different SoC levels, temperatures, and degradation stages, tracking 
their evolution up to End of Life (EOL) defined by a 20% capacity fade. 
Using these data, an ECM is developed, incorporating solid electrolyte 
interface (SEI) and charge transfer resistances to characterize their rela-
tionship with battery’s degradation stage, under varying temperatures 
and SoC. A probabilistic model for SoH estimation is then formulated, 
utilizing charge transfer resistance, temperature, and SoC as input 
variables.

In [12], the Distribution of Relaxation Times (DRT) was employed 
to extract indicators associated with degradation modes, capturing var-
ious aging mechanisms. These indicators were used to simulate aging 
progression throughout the battery’s lifetime, enabling SoH estimation. 
Two logarithmic decay functions were developed to represent the pre- 
and post-knee point regions. SoH measurements were fitted to these 
functions, allowing for accurate prediction of SoH. In commercial cells, 
the method identified Loss of Lithium Inventory (LLI) as the domi-
nant degradation factor, followed by Loss of Cathode Active Material 
(LAMC), for more information see Section 2.1.
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Data-driven SoH estimation has gained considerable attention due 
to the increasing availability of online datasets and advancements in 
machine learning algorithms [13,14]. Compared to mathematical func-
tion approaches, these methods offer lower computational complexity 
by bypassing the development of intricate high-order models. However, 
the accuracy of data-driven model methods is highly dependent on the 
quality of the training data and the selected model. Therefore, careful 
experimental design is essential to ensure the reliability of the data and 
to determine whether the selected model architecture is appropriate 
for the given scenario. Additionally, feature engineering, data cleaning, 
and processing are critical for enhancing estimation accuracy. More-
over, it is essential to incorporate features that are closely correlated 
with battery degradation.

As previously mentioned, data-driven modeling techniques can be 
categorized into two distinct approaches. The first approach derives 
ECM parameters from impedance data, which are then utilized for 
SoH estimation [15]. In contrast, the second approach directly esti-
mates SoH from impedance measurements, leveraging both real and 
imaginary part of the impedance at a specific frequency [16].

Considering the first approach, [17] developed a SoH estimation 
model for second-life batteries using parameters from a first-order ECM, 
along with an analysis to reduce the number of frequencies examined 
for improved efficiency. Similarly, [18] compared three different ECMs 
to fit the EIS data and subsequently developed a Gaussian Process 
Regression (GPR) model to separately estimate battery cell SoH and 
SoC from the ECM parameters. Expanding on the use of GPR for 
SoH estimation, the study in [19] implemented three techniques: one 
based on all EIS measurements, one using features extracted from 
model parameters, and one relying on impedance values at specific 
frequencies.

For the second approach, authors in [20] devised a novel method for 
SoH estimation using only the frequency, and the real and imaginary 
part of impedance. Initially, a convolution autoencoder (CAE) is used 
for feature extraction and the modified data is fed into a Deep Neural 
Network (DNN) model to estimate the SoH. Similarly, authors in [21] 
employed a GPR machine learning model for the battery cell SoH 
estimation using EIS measurements collected in different SoC, SoH 
and temperature conditions. In [22], authors trained a DNN model for 
SoH estimation for two different temperatures, and applied a transfer 
learning technique for estimating the SoH for another temperature, 
which demonstrated great performance and robustness.

These studies collectively highlight the growing complexity of SoH 
estimation techniques. While integrating ECMs, Machine Learning (ML) 
models, and frequency-specific analysis can significantly enhance accu-
racy, such approaches also introduce challenges, particularly in terms 
of computational costs and model complexity, which may hinder their 
practical deployment.

To address these challenges, the innovations presented in this pa-
per aim to improve the performance and usability of SoH estimation 
methods, utilizing state-of-the-art (SOTA) deep learning models, while 
exploring new approaches for their practical application. In this pa-
per, the authors developed two methods, Method A and Method B, 
which use SOTA models for SoH estimation based on ECM and raw 
EIS data, respectively. Subsequently, the methods and their respec-
tive models were compared to evaluate their performance. Following 
this, they were converted into TinyML models for deployment on 
micro-controllers. Specifically, the key innovations of this paper are to:

• A comparative analysis of two data-driven modeling approaches 
for SoH estimation is conducted-one utilizing parameters derived 
from an ECM, and the other based directly on raw EIS data

• Development of SOTA deep learning models, based on CNN, 
LSTM and GRU neural networks, for SoH estimation, using EIS 
data

• Provide guidance for ECM parameters extraction and for the 
proper training and testing of deep learning models
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• Investigate models’ performance on various sets of input fea-
tures, considering also the SoC variations influence at a constant 
temperature of 25 ◦C

• Compress and convert the top-performing models into TinyML 
format, using .tflite libraries, and analyze the effects on model 
size, latency and performance.

This paper is organized as follows: Section 2 provides an overview of 
the diagnostics and modeling in battery health assessment, focusing on 
degradation mechanisms of lithium batteries, EIS and ECMs. Section 3 
describes the proposed methodology and the materials used in this 
work. In particular, the EIS dataset used in the study, the ECM parame-
ter extraction process, the ML model developed for SoH estimation and 
analyzed and the metrics used for the final results. Section 4 presents 
the results and discussions, where the performances of the proposed 
models are compared and analyzed, and the TinyML conversion process 
is assessed. Finally, Section 5 concludes the paper, summarizing the 
main findings and proposing future directions for research.

2. Advanced diagnostics and modeling in battery health assess-
ment

Accurate estimation of the SoH of lithium-ion batteries is essen-
tial for optimizing performance, ensuring safety, and extending their 
operational lifespan, particularly in high-demand applications. Once 
a battery’s SoH declines to approximately 80% [23], it becomes un-
suitable for use in electric vehicles due to increased thermal and 
electrical instability under certain environmental conditions. At this 
point, these batteries are repurposed as ‘second-life’ batteries [24], 
finding new applications in less demanding, low-stress environments 
such as stationary energy storage. Advanced diagnostic techniques and 
modeling approaches are vital for understanding the complex elec-
trochemical and mechanical degradation mechanisms that influence 
battery performance and reliability over time. This section delves into 
key degradation processes and diagnostic methods, with a particular 
focus on EIS and the development of ECMs to simulate critical internal 
electrochemical behaviors. By integrating these diagnostics and mod-
els, researchers can more accurately predict battery health, optimize 
operational conditions, and mitigate degradation, ultimately enhancing 
battery longevity and performance.

2.1. Degradation mechanisms

As Li-ion batteries undergo multiple charge and discharge cycles, 
various internal electrochemical and mechanical degradation processes 
begin to occur, including SEI formation, binder decomposition, lithium 
plating, and particle cracking. These procedures can lead to degra-
dation mechanisms that can be classified to LAM, LLI, Resistance 
Increment (RI), and Electrolyte Loss (EL) which leads to capacity and 
power fade (CF and PF) [25].

LAM involves the reduction of electrochemically active material in 
the electrodes, often caused by mechanical stress, particle cracking, 
binder decomposition or side reactions, leading to decreased capac-
ity [26]. LLI refers to the irreversible loss of lithium ions, commonly 
due to the formation and growth of the SEI on the anode or lithium 
plating, which diminishes the battery’s capacity over time. To accu-
rately estimate LAM and LLI, the Incremental Capacity (IC) [dQ/dV] 
curve and the Differential Voltage (DV) [dV/dQ] curve should be 
formed [27]. These curves provide valuable insights, by identifying 
peak and valley values, as well as tracking the shifts in their positions 
as the battery degrades [28]. 

RI denotes the increase in internal resistance within the battery, 
impeding the flow of ions and electrons, and is influenced by fac-
tors such as SEI thickening, electrode degradation, and electrolyte 
decomposition, leading to reduced power output and capacity fade [29,
30]. EL pertains to the reduction or degradation of the electrolyte, 
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affecting ion transport, and can result from decomposition due to 
high voltage or temperature, evaporation, leakage, or side reactions 
consuming electrolyte components. Initially, EL can present minimal 
impact, but as the electrolyte becomes severely depleted – particularly 
towards the end of the battery’s lifespan – can result in significant 
capacity loss [31,32]. Understanding these degradation mechanisms is 
essential for developing strategies to enhance battery durability and 
performance.

The rate of capacity and power fade begins to accelerate noticeably 
near a critical threshold of the battery cell, typically around 70%–80% 
of SoH, known as the ‘‘knee-point’’. This point is crucial to predict and 
identify, as the battery’s behavior becomes increasingly unpredictable 
beyond it [33].

As mentioned above SEI layer and lithium plating formation are 
two key processes affecting the aging and performance of lithium-
ion batteries. The SEI layer is formed on the electrode surface during 
the initial charge process and acts as a protective barrier to inhibit 
additional interactions between the electrode and electrolyte. Nonethe-
less, its porous characteristics facilitate electrolyte transfer, resulting 
in continuous SEI thickening and depletion of active lithium. On the 
other hand, lithium plating occurs when lithium deposits on the an-
ode surface rather than intercalating into graphite, particularly under 
situations such as high charge rates, low temperatures, or extended 
cycling. Plated lithium may react with the electrolyte, resulting in the 
formation of extra SEI or becoming electrically separated, which causes 
rapid capacity degradation. In severe cases, lithium dendrites may also 
formed, which might cause internal short circuits and safety issues [34].

The primary managing factors that contribute to these degradation 
processes are temperature, C-rate of the charging and discharging pro-
file, Depth of Discharge (DoD), storage time and applied pressure [35]. 
By carefully adjusting these parameters, researchers can mitigate (or 
accelerate) battery degradation in a controlled manner, without causing 
any immediate damage [36].

Overall, to acquire valuable and accurate measurements from the 
aforementioned degradation mechanisms, expensive laboratory equip-
ment with controllable environmental conditions is required. Moreover, 
in order to obtain useful data, extensive data processing is required, 
especially for the IC and DV curves (Savitzky-Golay filter) [37]. For 
these reasons, EIS technique is preferred for studying the degradation 
of the battery cell.

2.2. Electrochemical impedance spectroscopy

Electrochemical impedance spectroscopy is a technique used to 
analyze the electrical properties of materials and their electrochem-
ical behavior across a wide range of frequencies by measuring their 
impedance. In battery applications, EIS can provide valuable insights 
into various processes, including ohmic/inductive behavior, SEI and 
CEI (Cathode-Electrolyte Interphase) formation, lithium plating, dif-
fusion phenomena, structural degradation, and electrolyte decomposi-
tion. By adjusting the parameters of an ECM, these processes can be 
accurately emulated, offering a detailed understanding of the battery’s 
performance, degradation mechanisms, and overall health [38].

Battery cell impedance can be measured using various techniques, 
depending on the type of excitation signal, such as galvanostatic 
(current-based) or potentiostatic (voltage-based), and its form, which 
may be step, sinusoidal, or multi-sine. Additionally, measurements 
are influenced by the operational state of the battery, either ‘in-situ’ 
(during relaxation) or ‘in-operando’ (during charging or discharging 
process) modes. Most researchers employ a sinusoidal excitation signal 
with a small amplitude (current or voltage) when conducting EIS, 
applying one frequency at a time while the battery is in its ‘in-situ’ 
state. Small-amplitude excitation signals are used to ensure that the 
system remains linear and does not perturb the battery’s behavior, 
enabling a more accurate and reliable measurement of its intrinsic 
electrochemical properties. It should be emphasized, however, that the 
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Fig. 1. Different electrical elements (resistor, inductor, Constant Phase Element (CPE), ZARC, and a more complex model) along with their impedance equations, Nyquist plots, 
Bode plots, and corresponding notes explaining their physical interpretations.
amplitude must not be too small, as this would increase the impact of 
noise on the measurements. Therefore, a sweet spot must be found to 
balance linearity and signal quality. By analyzing the corresponding 
response (voltage or current with respect to the excitation signal), 
researchers can calculate the total impedance, which consists of both 
real and imaginary components. [38]. The real part represents the 
ohmic behavior, while the imaginary part provides insights into the 
capacitive and inductive behavior of the battery.

To ensure the accuracy of EIS measurements, several criteria must 
be met, including system linearity, causality, stability, and model fit-
ness [39]. Data quality can be validated by examining the shape of 
Lissajous plots and using Kramers–Kronig relations [40], both of which 
serve as robust indicators.

In some BMS applications, performing ‘in-situ’ EIS measurements is 
not feasible, primarily due to time constraints. As a result, alternative 
techniques have been developed to capture EIS data while the battery 
is ’in-operando’ mode [41–43]. However, these methods are complex 
and often introduce noise due to various interferences. Additionally, it 
is important to note that impedance measurements are highly sensitive 
to environmental factors such as temperature, SoC, pressure, and the 
battery’s degradation stage. These variables further complicate the 
process when EIS tests are conducted in-operando mode.

2.3. Equivalent circuit models

Several models are used to analyze and predict battery behavior, 
with different trade-offs between accuracy and complexity. The most 
common are ECMs, single-particle models (SPMs) and pseudo two-
dimensional models (P2Ds) [44]. ECMs simulate battery behavior using 
electrical components, offering a good balance between accuracy and 
computational efficiency, making them ideal for real-time applications 
in BMS. However, it is important to note that ECM components do 
not often represent the true physical characteristics of the battery cell; 
rather, they are used to emulate its response to different environmental 
conditions.

SPMs simplify lithium-ion battery modeling by considering ion dif-
fusion within one representative particle per electrode, reducing com-
putational complexity. Conversely, P2D models solve detailed elec-
trochemical equations across electrode thickness and electrolyte re-
gions, capturing spatial gradients accurately, but their complexity limits 
real-time applicability. ECM models are the most widely used due 
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to their low computational complexity, ease of parametrization and 
satisfactory accuracy for battery states estimation [45]. These models 
aim to accurately simulate the internal characteristics and electro-
chemical processes of the battery cells, including ohmic and inductive 
resistance, charge-transfer resistance, polarization resistance, double-
layer capacitance, and diffusion impedance [18,46]. Although they lack 
the detailed physical knowledge compare to SPM and P2D models, 
their simplicity makes them ideal for embedded applications requiring 
real-time estimation.

Several circuit elements and configurations can be employed to 
model the internal behavior of battery cells. A typical ECM often 
incorporates a combination of resistors, inductors, capacitors, Constant 
Phase Elements (CPEs), and Warburg impedance. Fig.  1 presents an 
overview of some of the most commonly used electrical components 
and models, including their general equations, frequency response 
characteristics with Nyquist and Bode plots and some notes explaining 
their physical interpretations.

Several tests can be conducted to gather the necessary data for de-
veloping an ECM. The most commonly used tests include the Galvanos-
tatic Intermittent Titration Technique (GITT) [47], Hybrid Power Pulse 
Characterization (HPPC) [48], and EIS [17]. GITT and HPPC provide 
valuable insights into kinetic parameters, diffusion coefficients, and the 
SoC-voltage relationship. However, these tests are time-consuming due 
to long resting periods, and HPPC, in particular, can stress batteries 
more due to high current pulses. In contrast, EIS, with a proper fre-
quency adjustment, can capture nearly all the internal electrochemical 
processes of the battery cell without the need for extended resting 
periods [49].

3. Materials and methods

The proposed methodology follows a structured approach starting 
with data acquisition and pre-processing, followed by model develop-
ment, implementation and validation. In this section, a first general 
overview of the EIS dataset used as model’s input is described and 
the parameter extraction process for the ECM is explained. Next, the 
performance of the developed data-driven models for SoH estimation 
were compared by utilizing specific evaluation metrics.

A general overview of the structure of the proposed methodology 
is shown in Fig.  2 where the two different methods are described. The 
architecture of Method A, used for SoH estimation, is based on fitting 
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Fig. 2. Architecture of the two developed methods for processing the EIS dataset and training deep learning models. Method A involves ECM fitting, MIC-based feature selection, 
time series creation, and normalization. Method B uses direct feature extraction followed by time series creation and normalization. Both methods feed deep learning models with 
a defined training and testing procedure.
ECM parameters to EIS data. For this, the ECM of Fig.  3 was chosen 
for its ability to emulate various internal electrochemical processes, 
ensuring high accuracy. The IGWO algorithm was then employed to 
fit the EIS data, extract the ECM parameter values, and validate their 
accuracy. In this context, we examined if the ECM parameters fall 
within an acceptable range and reconstructing the Nyquist plot to 
ensure it closely matches the original from the EIS dataset. By following 
this procedure, it is unnecessary to verify the original EIS datasets using 
the Kramers–Kronig relations, as suggested by some researchers [39,
50]. Afterwards, an input analysis was performed by evaluating the 
model’s performance across various input feature combinations, taking 
into account the correlation analysis conducted using the Maximum 
Information Coefficients (MIC) method. The results of this analysis are 
presented and discussed in greater detail in the following sections. The 
selected inputs were then converted as time-series data and normalized 
using min–max normalization to prepare them, with the appropriate 
format, for models’ training and testing.

A similar procedure was also applied to Method B, where the 
key difference is that ECM development is not required, and feature 
extraction focuses on obtaining the real and imaginary parts of the 
measured impedance at a specific frequency.

The models’ training and testing procedures that were followed for 
both methods are the same. Data from Cells 1, 2, 3, and 5 were used 
to train the models, while data from Cell 4 were reserved exclusively 
for testing. This approach ensures the models’ robustness when ap-
plied to unseen datasets. The training data were further divided into 
training and validation sets with 80% and 20% split, respectively, to 
prevent overfitting. The authors developed four distinct models, LSTM, 
CNN-LSTM, GRU, and CNN-GRU, and identified the optimal hyperpa-
rameters for each, including the number of units, layers, and activation 
functions. This was achieved by exploring a defined hyperparameter 
space, using the Bayesian optimization algorithm, which is discussed 
in detail in the following sections. Finally, the best-performing models 
that was identified through the Bayesian optimization algorithm, for 
each type of neural network, were tested and their performance, eval-
uated in terms of accuracy, model size, and latency, was thoroughly 
assessed.

3.1. EIS dataset

The dataset used in this study were analyzed in [51] and it is 
available online [52]. The battery dataset includes multiple EIS mea-
surements from five 1.1 Ah Li-Po battery cells, measured under varying 
SoC and SoH conditions. The EIS measurements were taken over a fre-
quency range from 0.2 Hz to 5000 Hz, using an excitation current signal 
with an amplitude of 40 mA. An example of EIS dataset (Nyquist plots), 
can be seen in Fig.  2. Additionally, the dataset provides parameters for 
an ECM, which were obtained through Matlab by applying the lsqnonlin
function [53] with a multi-start algorithm to avoid convergence to 
suboptimal local minima: however, in our proposed methodology, the 
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pre-fitted data provided by the dataset [52] will not be used. Although 
the dataset includes information on battery SoC, it is not suitable for 
developing a SoC estimation model. This is because the dataset lacks 
sufficient variation in SoC values with corresponding measurements, 
which would result in a model that is neither accurate nor robust. For 
this reason, the authors in this paper, did not attempt to develop such 
model. Instead, they utilized the provided (true) SoC values to analyze 
performance response, of the SoH estimation models, when SoC is used 
as an input.

3.2. Parameter extraction

In this section, authors provide few guidelines of the steps that need 
to be followed for extracting the parameters of an ECM.

The first step is to select the appropriate ECM. In general, high-
precision models have an increased computational cost and complexity, 
while simpler models offer lower performance but can be implemented 
more easily. Depending on the application and project requirements, a 
trade-off between accuracy and complexity must be found. However, to 
correctly represent the dynamics of the processes taking place within 
lithium batteries, a model of at least second or third order is typically 
used [54]. For this reason, the ECM presented in Fig.  3, and also used 
in [55], was utilized in this work, as it is able to achieve a high accuracy 
and to optimally represent the dynamics described by the EIS dataset 
used both for high and low frequencies.

For the second step, an approximation of the initial values of the 
parameters along with their upper and lower bounds for the selected 
ECM should be provided. Following this step is essential to ensure that 
the fitting algorithm identifies the global minimum, rather than a local 
minimum, resulting in a more accurate estimation of the ECM parame-
ters. This approximation should consider the shape of the Nyquist plot 
derived from EIS measurements. By analyzing the curve shapes and 
recognizing electrochemical processes occurring at specific frequencies, 
it is possible to develop equations that provide an initial approximation 
of the ECM parameters, while the lower and upper bounds are set based 
on experience and literature. These approximations can then be used 
as initial conditions for the fitting algorithm. Authors in [18] provide 
an analytical guide detailing the procedure that should be followed for 
extracting those initial parameters. As depicted in Fig.  1 and discussed 
in Section 2.3, the values of the resistor and inductor can be estimated 
by analyzing high-frequency data. Similarly, the parameters for the 
ZARC elements can be determined at medium frequencies. Various 
combinations of resistance, capacitance, and depression factors can 
create complex shapes that are capable of fitting most EIS data. Lastly, 
the Warburg element, which describes the diffusion phenomena, is 
calculated in the low-frequency domain.

In the final step, selecting a solver to find the global minimum 
of the objective function, developed based on the selected ECM, is 
crucial. Accurate approximation of initial values and bounds is essential 
to ensure that the objective function reaches the global minimum. 
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Fig. 3. Characteristics and total impedance equation of the proposed Equivalent Circuit Model, which includes resistive, inductive, constant-phase, and Warburg elements. The 
corresponding Nyquist and Bode plots illustrate the model’s impedance behavior across frequencies.
However, for achieving near-optimal values, this step can be avoided, 
which simplifies and reduces the computational cost of the overall 
process. Two algorithms have been analyzed to fit the ECM parameters 
to the EIS data. The first fitting algorithm follows a similar approach 
used in [51], utilizing the lsqnonlin function with a multi-start algo-
rithm, while the second algorithm is based on the Improved Grey Wolf 
optimizer (IGWO), a nature-inspired metaheuristic algorithm based on 
the hierarchical leadership dynamics and collective hunting strategies 
of wild grey wolves [56]. Both algorithms were implemented in Matlab 
to extract the parameters of the proposed ECM model from the EIS 
data. The IGWO solver demonstrated better performance in achieving 
near-optimal results, when all initial values were set to zero

3.3. Developed models

3.3.1. Neural network architectures
LSTM networks are a subtype of RNNs (which are specifically 

designed for sequential data processing) developed to improve the 
RNNs flaws, especially in managing long-term dependencies. An LSTM 
unit features three gates: input, forget, and output. These gates de-
termine the information to be transmitted to the output, retained in 
memory, or discarded. This design helps LSTMs maintain information 
over extended durations, proving essential for handling intricate, se-
quential tasks like language processing and time series forecasting. 
LSTMs excel at capturing long-term dependencies and accommodating 
data sequences of varying lengths, providing a notable edge over basic 
neural network models [57].

GRUs, akin to LSTMs, are a variant of RNN with a less complex 
structure. GRUs streamline the process by combining the input and 
forget gates into one update gate and integrating the cell and hidden 
states. This simplification makes GRUs easier to train than LSTMs, often 
yielding similar or better results on specific tasks. The primary dis-
tinctions between GRUs and LSTMs revolve around their architectural 
simplicity and training speed; GRUs are quicker to train but easier 
to deploy in edge devices. Both GRUs and LSTMs offer advantages 
over traditional RNNs by mitigating the vanishing gradient issue, thus 
enhancing the learning of long-distance dependencies in data [58].

Convolutional Neural Networks (CNNs) are highly effective at fea-
ture extraction, a fundamental aspect of many machine learning appli-
cations. They utilize convolutional layers with learnable filters to detect 
specific patterns, generating feature maps that highlight important 
details. Pooling layers then refine these maps by reducing their spatial 
dimensions through techniques like max pooling, which selects the 
highest value, or average pooling, which computes the mean. This pro-
cess not only decreases computational cost and memory usage but also 
improves the model’s ability to generalize, making CNNs well-suited for 
a wide range of visual recognition tasks [59].

In this paper, authors developed four different models (LSTM, CNN-
LSTN, GRU and CNN-GRU) for the SoH estimation, as they constitute 
the ‘state-of-the-art’ models specific for time-series estimations. The 
CNN-LSTM and CNN-GRU fused model combines convolutional layers 
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for feature extraction with LSTM layers for capturing temporal depen-
dencies. CNN layers detect spatial patterns, while LSTM layers handle 
sequence learning, making the model effective for time-series data with 
complex features.

3.3.2. Bayesian hyperparameter optimization
A major challenge in data-driven approaches is the optimization 

of hyperparameters, which play a critical role in determining model 
performance. Selecting the right combination of parameters, such as 
learning rate, batch size, number of layers, and activation functions, 
can significantly impact convergence speed, generalization ability, and 
overall accuracy. Poorly chosen hyperparameters may lead to issues 
like overfitting, underfitting, or slow training times. To determine the 
optimal set of hyperparameters, various methods such as Grid Search 
(GS), Manual Search (MS), and Random Search (RS) can be employed. 
However, GS and MS tend to be computationally intensive, particularly 
when dealing with a high number of hyperparameters or an extensive 
search space. Moreover, RS operates as a purely stochastic technique, 
which may lead to inefficient exploration of the parameter space in 
the search for optimal values. In contrast, probabilistic methods like 
Bayesian optimization offer an effective alternative by integrating the 
strengths of these traditional techniques and achieving near-optimal 
results with fewer evaluations, as they utilize information from prior 
evaluations [60].

Bayesian Hyperparameter Optimization (BHO) is an iterative
method specifically designed to efficiently locate the global optimum 
of complex functions. It employs a probabilistic surrogate model, 
commonly a Gaussian process, to approximate the target function’s 
behavior and associated uncertainty. This surrogate model facilitates 
the optimization process by balancing exploration (investigating un-
charted areas of the hyperparameter space) and exploitation (focusing 
on regions predicted to yield better results). At each iteration, BHO 
determines the next set of parameters to evaluate using an acquisition 
function that measures this balance. Once the selected parameters are 
evaluated, the surrogate model is updated, and the process is repeated 
until convergence is achieved or a predefined stopping criterion is 
met [61].

In this paper, BHO was utilized in order to find the optimal set of pa-
rameters that achieves the best accuracy. The hyperspace’s parameters 
were carefully selected in order to be compatible with .tflite libraries 
for compressing this models for the next step. BHO algorithm searched 
through several type of parameters such as the number of layers, units, 
filters, learning rate and activation functions of LSTM, GRU and CNN 
layers to find the optimal combination.

3.4. Metrics

For evaluating the model’s performance in terms of accuracy, the 
Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) are 
used, calculated as in Eqs.  (1) and (2), respectively: 

𝑅𝑀𝑆𝐸 =

√

√

√

√

1
𝑛

𝑛
∑

(𝑦 − 𝑦̂)2 (1)

𝑖=1
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Fig. 4. Maximum Information Coefficients between ECM parameters and battery SoH and SoC, which highlight the relative strength of non-linear associations. Higher MIC values 
indicate stronger dependencies, helpful for feature selection.
Table 1
Performance metrics (MAE, RMSE, and model size) for Method A using different input feature combinations across LSTM, CNN-LSTM, GRU, and CNN-GRU models. The table shows 
the impact of various ECM parameters and state indicators (SoC, Q) on SoH prediction accuracy: the best result (lowest RMSE) for each model is underlined.
 Input features LSTM CNN-LSTM GRU CNN-GRU

 MAE (%) RMSE (%) Size (kB) MAE (%) RMSE (%) Size (kB) MAE (%) RMSE (%) Size (kB) MAE (%) RMSE (%) Size (kB) 
 R0 2.41 3.51 1.48 2.16 3.51 3.59 2.17 3.30 3.02 2.26 3.70 2.76  
 R0, SoC 1.84 3.08 3.98 2.25 3.27 3.59 1.57 3.05 2.99 1.90 3.17 2.78  
 R0, Q 1.50 1.80 1.79 1.43 1.71 3.59 1.27 1.62 1.75 1.38 1.73 2.77  
 R0, Q, SoC 1.47 1.84 2.70 1.35 2.36 3.60 1.56 1.80 3.25 1.65 2.64 2.78  
 R0, R1, Q1, a1, R2, 
Q2, a2, Q, L

1.54 2.25 1.22 2.07 2.70 3.61 1.15 1.55 1.66 2.30 3.04 2.79  

 R0, R1, Q1, a1, R2, 
Q2, a2, Q, L, SoC

2.19 2.80 2.40 1.50 1.90 3.62 3.14 3.85 1.64 1.94 2.80 2.80  
𝑀𝐴𝐸 = 1
𝑛

𝑛
∑

𝑗=1
|𝑦 − 𝑦̂| (2)

where 𝑦 is the real value of the SoH and 𝑦̂ is the predicted value 
generated by the model. MAE evaluates the average magnitude of 
prediction errors without considering their direction, offering a clear 
and straightforward measure of model accuracy. In contrast, RMSE 
places greater emphasis on larger errors due to its squared error calcu-
lation, making it more sensitive to outliers. For the latter, in this paper 
authors put greater emphasis on RMSE values over MAE. Additionally, 
the model’s size (in kB) and latency (time in seconds for making one 
prediction) are used as indicators of computational cost, as accurately 
calculating Floating-Point Arithmetic Operations per second (FLOPs) is 
not feasible for .tflite models. As a result, FLOPs values cannot be used 
for direct comparison between .h5 and .tflite models.

4. Results and discussions

4.1. Method A

As it was mentioned above, to investigate the correlation of the 
ECM parameters with the SoH and SoC, an input analysis based on 
MIC method were performed. MIC was selected over some other types 
like, Pearson and Spearman, because it can capture more complex and 
non-linear relationships among data [62]. As it is shown in Fig.  4, the 
parameters R0 and Q (Warburg capacitance) provide higher correlation 
with the SoH, 0.77 and 0.45 respectively, whereas parameters such as 
Q1,a1,Q2,a2 (ZARC elements) relates more with the SoC. As it was 
expected, the ZARC elements also provide high correlation with each 
other, as they form the cycle (or two cycles depending on their values) 
that appears in the Nyquist plot of EIS data.

It is important to note that SoC values alone are not directly relate 
with SoH. However, when analyzed with ECM parameters, SoC can 
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offer valuable insight into the battery’s degradation stage. This is be-
cause ECM parameters reflect the underlying electrochemical processes 
within the cell, which are highly dependent on SoC. As SoC changes, 
so do factors such as open-circuit voltage, ion concentration, reaction 
kinetics, and internal resistive behavior. These shifts influence key 
ECM parameters, including resistances and capacitances, making SoC 
an important feature for battery health diagnostics.

In this method, authors assessed the performance of four different 
models, LSTM, CNN-LSTM, GRU, and CNN-GRU, using six distinct input 
features, as shown in Table  1. They also investigated the effect of 
incorporating SoC values alongside ECM parameters to determine if this 
combination could improve overall model performance. It is important 
to note that the SoC data used as inputs were not generated by another 
model but represented actual measured values.

In Table  1, the results of Method A are presented, highlighting 
the best performance of each model based on the RMSE metric. Ad-
ditionally, Fig.  5 shows the comparison of the performance of various 
deep learning models for estimating the SoH using method A over 
several cycles. Real SoH values are shown together with the predictions 
made by the LSTM, CNN-LSTM, GRU and CNN-GRU models. The 𝑥-axis 
represents the number of cycles, while the 𝑦-axis shows the SoH values. 
Each model follows the degradation trend over time with different 
levels of accuracy. In particular, the GRU and CNN-GRU models seem 
to follow the trajectory of the actual SoH more closely than LSTM and 
CNN-LSTM, especially in the latter stages of degradation. The figure 
also shows, with a horizontal arrow, that each cycle interval includes 
multiple estimates of SoH at different SoC levels, ranging from 100% 
to 0%.

All the DL models achieved low error, without being computation-
ally expensive, with the GRU model demonstrating the best perfor-
mance. When all the ECM parameters were used as inputs, the GRU 
model achieved an RMSE of 1.55% and an MAE of 1.15%. It is worth 
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Fig. 5. Performance comparison of the best deep learning models using Method A for 
SoH estimation across battery cycles. The predictions from LSTM, CNN-LSTM, GRU, 
and CNN-GRU are evaluated against the real SoH. Each cycle includes multiple data 
points corresponding to different SoC levels, as indicated by the horizontal arrow.

Fig. 6. SoH percentage variation of the best deep learning models using Method A 
across battery cycles, evaluated against the real SoH. Each cycle includes multiple data 
points corresponding to different SoC levels, as indicated by the horizontal arrow.

noting that combining models (e.g. CNN with LSTM/GRU) does not 
always lead to improved accuracy, while the increase in model size 
is noticeable in most cases. It must be underlined that the size of the 
models does not depend on the number of input features. Instead, their 
size, which is determined by the number of learnable parameters, is 
controlled by the combination of the hyperparameters that the BHO 
algorithm found. Furthermore, the performance of the models remains 
nearly unchanged, showing no significant improvement when real SoC 
values are used as inputs or when all ECM parameters are included. 
For instance, satisfactory SoH estimation results were achieved across 
all models by using just the R0 and Q parameters, as shown in Fig.  4. 
Based on these findings, the complexity of both ECM and DL models 
can be effectively reduced without compromising accuracy.

Moreover, Fig.  6 depicts the percentage variation of each model 
with respect the actual SoH values. The figure also shows, with a 
horizontal arrow, that each cycle interval includes multiple estimates of 
SoH at different SoC levels, ranging from 100% to 0%. The percentage 
variation of each model is calculated as in Eq. (3)

𝑉 𝑎𝑟[%] =
̂𝑆𝑜𝐻 − 𝑆𝑜𝐻
𝑆𝑜𝐻

⋅ 100 (3)

where 𝑆𝑜𝐻 is the actual SoH, and ̂𝑆𝑜𝐻 is the estimated SoH of the 
considered model.

Considering Fig.  6, it is noticeable that all models demonstrated im-
proved performance during the initial stages of degradation. However, 
as the battery ages and approaches the ‘knee-point’, (around 70/% of 
SoH) the accuracy of the models significantly declines. This pattern is 
expected since the degradation process of battery cells can be consid-
ered a partially stochastic process, due to small variations introduced 
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Fig. 7. Performance comparison of the best deep learning models using Method B for 
SoH estimation across battery cycles. The predictions from LSTM, CNN-LSTM, GRU, 
and CNN-GRU are evaluated against the real SoH. Each cycle includes multiple data 
points corresponding to different SoC levels, as indicated by the horizontal arrow.

during the manufacturing process that led to slight differences in their 
internal resistance. These small differences become more pronounced 
as the battery moves further into degradation, where variations in SEI 
layer growth and lithium plating formation are amplified

4.2. Method B

Although models based on the Method A architecture delivered 
satisfactory results with high accuracy, the overall design and process 
required for a single SoH estimation are complex and unsuitable for 
real-time applications. Additionally, due to the sensitivity of EIS data, 
the values of the ECM parameters can fluctuate even when environmen-
tal conditions remain unchanged. This variability can lead to significant 
errors in real-life applications, where external noise in the measure-
ments is high. To address this, a simplified architecture (referred to as 
Method B) is proposed. This method estimates the battery cell SoH by 
directly utilizing raw EIS data as input for a DL model, as illustrated in 
Fig.  2.

Similar to the previous approach, Method B involved analyzing 
the same DL models using six different input features derived from 
combinations of frequency, and the real and imaginary parts of the 
impedance data from EIS dataset as presented in Table  2. In this method 
the influence of the SoC as an input parameter were also examined. The 
main objective was to evaluate the models’ accuracy when utilizing just 
the raw EIS data and compare their performance with the models used 
in Method A.

Table  2, showcases the results of Method B, emphasizing the best 
performance achieved by each model based on the RMSE metric. More-
over, Fig.  7 presents a comparison of the performance of advanced deep 
learning models for estimating SoH using method B. The plot compares 
the predictions made by the LSTM, CNN-LSTM, GRU and CNN-GRU 
models with the actual (real) values of SoH. The 𝑥-axis represents the 
number of cycles and the 𝑦-axis indicates the SoH. The zoomed area 
allows a closer look at the estimated SoH, highlighting discrepancies in 
model predictions at different stages of degradation. The inclusion of 
multiple data points within each cycle reflects different levels of SoC, as 
underlined by the horizontal arrows in the insets. Among the models, 
GRU and CNN-GRU generally maintain closer alignment with the actual 
SoH, although variations emerge under different SoC conditions.

In this case also, the DL models demonstrated high performance 
without being computationally expensive, with the CNN-GRU model 
delivering the best results. When raw EIS input features (frequency, and 
the real and imaginary parts of impedance) were used, the CNN-GRU 
model achieved an RMSE of 1.20% and an MAE of 0.87%, as it can 
be also seen from the zoom area of Fig.  7 with more details. Notably, 
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Table 2
Performance metrics (MAE, RMSE, and model size) for Method B using different input feature combinations across LSTM, CNN-LSTM, GRU, and CNN-GRU models. Results show 
how real and imaginary parts of impedance, with or without SoC, influence SoH prediction accuracy: the best result (lowest RMSE) for each model is underlined.
 Input features LSTM CNN-LSTM GRU CNN-GRU

 MAE (%) RMSE (%) Size (kB) MAE (%) RMSE (%) Size (kB) MAE (%) RMSE (%) Size (kB) MAE (%) RMSE (%) Size (kB) 
 Freq, Z_real 1.77 2.47 1.05 1.31 1.66 2.50 1.31 1.92 0.83 1.40 1.68 2.09  
 Freq, Z_real, SoC 1.65 2.45 2.71 1.47 1.76 2.51 1.89 2.59 1.61 1.76 2.14 2.10  
 Freq, Z_im 2.73 3.28 3.06 3.66 4.43 2.15 2.67 3.30 1.85 3.87 4.73 1.74  
 Freq, Z_im, SoC 1.53 1.92 2.24 4.10 5.10 1.52 1.36 1.77 3.42 3.91 4.80 1.56  
 Freq, Z_real, 
Z_im

1.67 2.67 1.06 1.25 1.48 2.51 1.84 2.72 2.91 0.87 1.20 2.18  

 Freq, Z_real, 
Z_im, SoC

2.27 3.35 3.2 1.84 2.44 2.51 1.94 3.03 1.53 1.52 2.02 1.26  
Fig. 8. SoH percentage variation of the best deep learning models using Method B 
across battery cycles, evaluated against the real SoH. Each cycle includes multiple data 
points corresponding to different SoC levels, as indicated by the horizontal arrow.

both the CNN-LSTM and CNN-GRU models exhibited very low errors 
when these input features were utilized, without any size increasement 
compare with LSTM and GRU models. Similarly, by using only the 
frequency, the imaginary part, and the SoC as inputs, the LSTM and 
GRU models achieved high accuracy, with errors below 2% in both 
cases. It is important to note that while the true SoC input cannot be 
used in real-time applications (only the estimated values of SoC), this 
study aimed to examine its influence on model performance, which was 
found to be negligible.

In addition, Fig.  8 depicts the percentage variation of each model 
with respect the actual SoH values, calculated as in Eq. (3). The figure 
also shows, with a horizontal arrow, that each cycle interval includes 
multiple estimates of SoH at different SoC levels, ranging from 100% 
to 0%. Similarly with Method A, models achieved better results in 
early stages, and when the degradation stage moved near to the ‘knee-
point’, the performance degrades since the battery behavior become 
more ‘unpredictable’.

Comparing these methods reveals that Method B not only achieves 
higher accuracy but also simplifies the SoH estimation process. Unlike 
other approaches, it eliminates the need to develop an ECM, fit data, or 
extract parameters. With just basic data processing steps, such as time-
series creation and data normalization, Method B can deliver highly 
accurate SoH estimations. Furthermore, the model sizes are within an 
acceptable range for deployment on most hardware devices, but their 
reduction is necessary for optimal performance. However, to further 
reduce computational cost, model size, and latency, converting these 
models into TinyML implementations is necessary, as discussed in the 
next section.

4.3. TinyML conversion

Data-driven models offer a simple yet highly accurate solution for 
various BMS tasks, making their efficient deployment on edge devices 
an increasingly relevant topic, commonly referred to as TinyML. Em-
bedded sensor devices can continuously feed real-time data to TinyML 
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Table 3
Percentage reduction in latency and model size after converting to TensorFlow Lite 
(.tflite) format for the models using different input features. All models show significant 
reductions, making them suitable for deployment on resource-constrained devices.
 Models Reduction Input features
 (%) Freq, Z_real Freq, Z_im Freq, Z_real, Z_im 
 LSTM Latency 99.53 99.35 99.35  
 Size 89.97 90.84 89.91  
 CNN-LSTM Latency 99.92 99.92 99.71  
 Size 87.66 89.78 87.65  
 GRU Latency 99.48 99.33 99.01  
 Size 89.24 89.50 90.87  
 CNN-GRU Latency 99.90 99.93 99.87  
 Size 86.66 88.80 89.77  

models for estimating SoC [63], SoH [64], and RuL [65]. However, de-
ploying these models on low-power and low-resources devices requires 
significant compression to minimize energy consumption and memory 
while maintaining accuracy.

There are plenty of quantization methods (Quantization [66],
Weight pruning [67], transfer learning [68]) and software that can be 
utilized to compress and convert deep learning models into TinyML. 
In this case, authors exported the TensorFlow models into .h5 for-
mat and, afterwards, used TFLITE libraries [69] to quantize the 
models from 32 bit floating-point numbers (float32) to 8 bit integers 
(int8). Specifically, for each model, a TFLiteConverter instance 
was created from the corresponding saved model directory, and post-
training dynamic range quantization was applied by setting con-
verter.optimizations = [tf.lite.Optimize.DEFAULT]. 
This approach reduces model size by converting only the weights from 
float32 to int8, while keeping activations in float. To ensure compati-
bility with a broader range of TensorFlow operations – especially those 
not originally supported by TensorFlow Lite – allow_custom_ops 
= True was enabled, and converter.target_spec.supported
_ops was set to include both TFLITE_BUILTINS and SELECT_TF
_OPS. This allowed for successful conversion of models that incorpo-
rate complex or custom layers without requiring architecture modifica-
tions. 

Following this procedure, the model’s size and its latency (time in 
seconds for a single prediction), will be decreased significantly as it 
is presented on Table  3. Afterwards, the generated model should be 
converted into an hexadecimal representation, and the proper libraries 
should be included into the device, in order to be able to perform real-
time estimations on a micro-controller. The models can be transformed 
into C code using tools such as the xxd -i command (Linux command), 
which converts the .tflite model into a C header file containing the 
model as a byte array, or utilizing software environments like MATLAB 
which offer automatic C code generation for trained models, with the 
added flexibility of targeting specific hardware configurations.

As previously mentioned, TinyML requires simple models and archi-
tectures to minimize computational cost. Consequently, models based 
on Method A and those using SoC as an input feature are excluded, as 
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extracting this information requires the development of more complex 
models. Table  3 illustrates the reduction in latency (per batch) and 
model size (kB) achieved through conversion to the .tflite format.

It is worth noting that the deep learning models were trained using 
an NVIDIA GeForce RTX 3060 GPU, while the .tflite models were 
tested, and their latency measured, on a 13th Gen Intel(R) Core(TM) i7-
13700F CPU. On average, latency was reduced by 99.61%, while model 
size presented an 89.22% reduction. The latency of the generated 
.tflite models ranged from 0.4 ms to 5.85 ms, and their sizes ranged 
from 90 kB to 310 kB. Additionally, the compatibility and size of 
libraries (e.g., tflite-micro) should be carefully considered before model 
development, as not all layers, activation functions, or operations are 
supported. For example, currently there is no available library from 
tflite-micro that supports GRU (only for LSTM).

Finally, it is worth noting that the accuracy of the compressed 
models, those using Freq, Z_real and Freq, Z_real, Z_im, remained 
practically unchanged, with negligible or no performance degradation. 
Specifically, the average difference between the quantized and non-
quantized models was only 0.05% and 0.042% in terms of MAE and 
RMSE, respectively, for the first model (Freq, Z_real), and 0.069% and 
0.057% for the second model (Freq, Z_real, Z_im). The small differences 
can be justified by the selected compression technique, which is based 
on data-type compression rather than layer-wise compression. Unlike 
layer-wise techniques that modify the network structure and typically 
require re-training to maintain accuracy, data-type compression mainly 
affects numerical precision and often preserves model performance 
without the need for full re-training.

Considering the case of the compressed models that utilized the 
input features Freq and Z_im, the quantized versions showed an in-
crease in MAE and RMSE errors, that is not acceptable, which can 
be attributed to the higher numerical sensitivity of Z_im. This feature 
may introduce greater variance or lower dynamic range, making the 
model more susceptible to the reduced precision effects introduced by 
quantization. However, this accuracy degradation can be minimized 
by re-training the models using a representative subset of the dataset 
which allows the model to adapt to the reduced precision during 
the training process. Similarly, performance variations, including small 
changes in error and model size reduction due to quantization, were 
also observed in [65], though with different types of models.

5. Conclusion

Accurately estimating a battery’s degradation is essential for optimal 
performance and safety. Among various techniques, EIS is the most 
effective method, providing direct insights into degradation, while 
data-driven models excel in leveraging EIS data for precise SoH esti-
mation.

In this paper, two methods (A and B) are proposed using state-
of-the-art data-driven models for SoH estimation based on EIS data. 
Method A depends on the development of an ECM, whereas Method 
B adopts a much simpler architecture, using only raw EIS data for SoH 
estimation.

Models based on Method B deliver comparable or, in some cases, 
superior results to those of Method A. Among these, the CNN-GRU 
model from Method B achieved the highest accuracy, with an RMSE 
of 1.20% and an MAE of 0.87%. As clearly demonstrated, the models 
achieve high accuracy in estimating the SoH during the early stages of 
battery life. However, their performance significantly deteriorates as 
the batteries progress further into the degradation stage.

Although the combination of CNN and GRU networks, in some 
cases, can result in larger model sizes compared to other architectures, 
this can be significantly reduced by converting the models to the .tflite 
format with minimal loss of accuracy in most cases. On average, this 
conversion led to an 89.22% reduction in model size and a 99.61% 
decrease in latency. These .tflite-converted models can be efficiently 
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deployed on edge devices using appropriate TFLite Micro libraries, 
enabling real-time SoH estimation.

Considering the future research, smaller, simpler and more accurate 
DL models should be developed in order to be converted into TinyML 
models. Furthermore, it is necessary the development of hardware 
devices that can perform EIS measurements supporting DL models, with 
optimize operation, for real-time SoH estimations. Additionally, all the 
aforementioned data and analysis is based on specific measurements 
that were conducted in 5 battery cells, with certain type, under ‘in-
situ’ mode. To enhance the accuracy and robustness, of the developed 
models, a more spherical battery dataset is needed, that will provide 
EIS data for several and different battery types, dynamic conditions (‘in-
operando’) and different stress conditions, such as C-rates, temperatures 
and pressures. Lastly, in order to reduce the time of EIS experiments, an 
accurate mapping of electrochemical processes with certain frequencies 
and impedance values need to be developed for the most commonly 
used types such as NMC and LFP cells.
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