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 A B S T R A C T

The growing adoption of battery powered systems demands advanced Battery Management System (BMS) 
solutions for accurate State of Charge (SoC) and State of Health (SoH) estimation, ensuring safe and efficient 
operation. To address this need, the authors propose a practical and scalable algorithm based on state-of-the-art 
TinyML models capable of handling variable-length input sequences without padding, for the SoH estimation. 
These models enable embedded SoC and SoH estimation at the module level, effectively functioning as smart 
sensors within a BMS. Four deep learning architectures were developed for battery state estimation, based 
on CNN, GRU, LSTM, and Dense layers. The models were converted into TinyML compatible formats using 
an innovative compression technique based on neural network projection. After projection, the models were 
fine-tuned for a few epochs to restore their accuracy, and then evaluated using metrics such as Mean Absolute 
Error (MAE), Root Mean Square Error (RMSE), model size, and inference latency. Latency measurements were 
obtained on an RTX 3060 GPU and are reported only for relative model comparison. For SoC estimation, the 
models utilized a time window of 60 samples, each containing voltage, current, and temperature measurements, 
to produce accurate predictions throughout the first life phase of the battery (up to 70% SoH). The projected 
Pr_LSTM TinyML model was selected for deployment due to its minimal memory footprint (4.0 kB), low latency 
(0.391 ms), and low error rates (MAE: 0.0114, RMSE: 0.0286). For SoH estimation, the models were trained 
and tested using partially charging data of varying lengths, reflecting practical real-world conditions. Two 
input feature sets were considered: the Incremental Capacity Analysis (ICA) curve alone, and ICA combined 
with voltage data. The projected Pr_CNN_GRU TinyML model, using only ICA features, was selected for its 
high accuracy and compact size (3.4 kB), achieving an MAE of 0.0060, RMSE of 0.0130, and a latency of 
1.607 ms. Finally, an embedded SoC/SoH estimation strategy was proposed to scale predictions from the cell 
to the module level, enabling potential real-time implementation on the Infineon Mobile Robot (IMR) BMS.
1. Introduction

The rapid growth of Artificial Intelligence (AI) across various fields, 
including electrical grids [1], robotics [2], and electric vehicles [3], is 
driven by significant advancements in hardware [4] (AI accelerators), 
software [5] (deep learning frameworks), and the increasing availabil-
ity of massive datasets. These factors collectively enable the develop-
ment of more efficient, accurate, robust, and powerful AI models. In 
the context of electric vehicles and other battery-powered applications, 
the development of a sophisticated Battery Management System (BMS) 
that can accurately estimate various states of battery cells, is essential 
for ensuring safety and optimal performance [6,7]. Since many critical 
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battery states can not be directly measured using standard sensors, 
AI models can be deployed to provide precise estimations, working 
as smart sensors [8], enhancing the reliability and efficiency of such 
systems [9].

Several model-based and data-driven approaches have been devel-
oped for battery states estimation [10–12]. Data-driven models are 
particularly suitable for this transformation, as they do not require 
the development of complex partial differential equations or designing 
Equivalent Circuit Models (ECM) to describe internal electrochemical 
processes [13]. Moreover, by leveraging transfer learning techniques, 
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they can maintain high accuracy across various battery cell types, 
thereby enhancing their robustness [14]. Furthermore, data-driven ar-
chitectures are well suited for compression and hardware-oriented 
optimization, making them well-suited candidates for embedded or 
resource-constrained battery management applications.

To enable these benefits on microcontroller based platforms, Tiny 
Machine Learning (TinyML) models are utilized, providing data-driven 
solutions tailored for ultra low power and memory constrained hard-
ware [15]. These models represent a specialized class of light weight 
neural networks designed to run efficiently on microcontrollers through 
several optimization techniques such as model compression and
hardware–software co-design [16]. With recent advancements in em-
bedded ML toolchains and optimization frameworks [17–19], TinyML 
has matured into a practical and widely adopted approach for de-
ploying intelligent algorithms directly on edge devices. In particular, 
its ability to perform accurate real-time estimations within only a 
few kilobytes of memory, while remaining compatible with diverse 
microcontroller architectures, makes it highly suitable for applica-
tions requiring low latency and minimal energy consumption [20]. By 
leveraging these capabilities, TinyML enables battery state estimation 
algorithms to operate directly within BMS hardware, reducing depen-
dence on external computation and enhancing system autonomy and 
efficiency.

In [21], the authors developed simple Convolutional Neural Net-
work (CNN) and Artificial Neural Network (ANN) models for battery 
SoC estimation, achieving efficient performance with minimal mem-
ory and computational demands. They used MATLAB and Infineon 
software for model development, compression and deployment to the 
Infineon-Cypress microcontroller. The compressed ANN, int16 × 16 
(16-bit weights with 16-bit activations), achieved the best Mean Ab-
solute Error (MAE) of 2.81% in early cycles while occupying less 
than 3% of the available flash memory. The PoliMi-TUB single bat-
tery cell dataset [22] was used for training and testing the models. 
Similarly, in [23], the authors developed several data-driven mod-
els, including Feed-Forward Networks (FFN), Long Short-Term Mem-
ory (LSTM), Gated Recurrent Units (GRU), Temporal Convolutional 
Networks (TCN), and Legendre Memory Units (LMU), for lithium-ion 
battery SoC estimation. These models were deployed on STM32H5731-
DK microcontrollers (MCUs) and STM32MP257F-EV1 microprocessors 
(MPUs) using the STM32Cube.AI software. The parallel TCN architec-
ture achieved the highest accuracy combined with low latency when 
deployed to a MCU. For this study, IEEE open-source datasets [24] 
were used for model development and validation. Lastly, in [25], the 
authors developed a TinyML based framework for battery SoC estima-
tion in redox flow batteries (RFBs) using an LSTM-based deep learning 
model optimized for edge deployment. Post-training quantization was 
applied to compress the model and enable deployment on an ESP32 
microcontroller. The dynamically quantized LSTM model achieved an 
RMSE of 0.043 and an MAE of 0.035 for all vanadium RFB, with a 
model size of 97.8 kB and an inference time of 1.72 s, outperforming 
other quantized variants in efficiency. Latency and memory consump-
tion were measured directly on the ESP32 edge device, confirming its 
real-time applicability.

For the deployment of data-driven models for SoH estimation, a 
similar procedure was followed, using identical software tools to com-
press the models and convert them into TinyML compatible versions. 
In [26], a simple CNN and ANN were compared for SoH estimation, 
utilizing Incremental Capacity Analysis (ICA) [27] and voltage charging 
data. Various quantization techniques were evaluated, with testing 
conducted at two distinct degradation stages: one in the early life of 
the battery and the other near its ’knee-point’ [28]. Except for the 
int8 × 8 quantized models, all approaches achieved satisfactory re-
sults. Likewise, in [29], the authors developed TinyML models for SoH 
estimation, focusing on the deployment of lightweight deep learning 
architectures for efficient edge computing. They implemented CNN, 
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LSTM, GRU, CNN-LSTM, and CNN-GRU models, trained on NASA’s Li-
Ion battery dataset, using voltage, current, temperature, and time-series 
discharge data as input features. Among the tested models, CNN-GRU 
achieved the best performance, with an RMSE of 4.88% and MAE 
of 4.14%. Additionally, a comparative analysis of the TinyML mod-
els’ characteristics, including memory footprint and computational re-
quirements, was conducted using TensorFlow Lite for Microcontrollers 
(TFLM) [30] for model conversion.

Lastly, in [31], the authors developed several deep learning models, 
including CNN, CNN-GRU, and TCN, for Remaining Useful Life (RuL) 
estimation, which is based on predicting the trajectory of SoH values. 
They utilized TFLM for model compression and conversion into TinyML 
models, which were subsequently deployed on an Arduino board. The 
paper provides a detailed analysis of TinyML model errors, latency, 
and size reduction compared to the original models. Among the tested 
models, the TCN model demonstrated the best performance, achieving 
an error of less than 1% and an inference latency of under 5 ms.

Currently, there is a lack of research on optimizing and converting 
data-driven methods, especially deep learning models, into TinyML 
models suitable for deployment on microcontrollers. Most researchers 
focus on developing highly accurate models for states estimation with-
out considering the computational and memory limitations, necessary 
for integration into such resource constrained devices. In the case 
of SoH estimation, where the length of input data can vary signifi-
cantly, many studies rely on fixed-length inputs, which is impractical 
in real-world scenarios, especially when users, in most cases, partially 
charge their devices. Additionally, many state estimation algorithms 
are designed for single battery cells and do not offer a comprehensive 
strategy for scaling to the module level, which is more relevant for 
practical applications. Lastly, although RNN/LSTM layer support has 
only recently been added on some open-source libraries [30], their 
current optimization and compression implementations still assume 
fixed-length inputs, making variable-length sequence processing (with-
out padding) unsupported. To address these challenges, the authors 
introduced several key innovations such as:

• Create state-of-the-art TinyML models, by combining CNN, LSTM, 
GRU and Dense layers, and converting them to their projected 
version, utilizing an innovative compression technique based on 
neural network projection [32], enabling them to act as smart 
sensors for embedded SoC and SoH estimation.

• Optimize and convert variable-length input models for SoH es-
timation into a deployment-ready format, leveraging ICA curves 
and voltage data obtained from partial battery-charging data, to 
improve accuracy and real-world usability.

• Develop an end-to-end algorithmic strategy, implementable in the 
BMS for Infineon’s Mobile Robot (IMR), that upscales SoC and 
SoH estimation from the cell to the module level.

The remaining sections are organized as follows: Section 2 de-
scribes the most commonly used methods for battery states estimation, 
as reported in the literature. Section 3 provides a brief overview of 
up-scaling techniques for cell-to-module states estimation. Section 4 
presents an analysis of a novel neural network compression technique 
that was utilized. Sections 5 and 6 detail the dataset used and the 
methods and results of the proposed models for states estimation, re-
spectively. Finally, Section 7 concludes the work and discusses potential 
directions for future research.

2. State estimation methods for BMS

The primary responsibility of a BMS is to ensure the safety, relia-
bility, and optimal performance of the battery pack. To achieve this, 
the BMS manages several key functions, including cell balancing, ther-
mal management, states estimation, and fault detection [33]. Among 
these functions, accurate estimation of SoC and SoH is critical, as 
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they provide essential information to both user and control systems. 
This information is vital for making intelligent decisions about battery 
usage, predicting remaining range or capacity, and detecting potential 
safety risks, such as overcharging, deep discharging, or unexpected 
degradation [34].

SoC refers to the percentage of the remaining usable capacity of a 
battery cell, and its accurate estimation is necessary for the control of 
most BMS operations. It can not be directly measured by conventional 
sensors and instead, it must be estimated. The SoC value is influ-
enced by various environmental factors (such as temperature, pressure, 
and humidity) and operational conditions (including C-rates and the 
cell’s degradation state) [35]. For this reason, an accurate and robust 
SoC estimation model is essential for effective and reliable battery 
management.

Considering SoH estimation, there are two main definitions com-
monly used. The first defines SoH based on the loss of battery capacity 
over time, while the second relies on the increase in internal resis-
tance [36]. The first definition is the most widely accepted, as it is 
more straightforward and does not require complex or time-consuming 
experimental procedures, unlike the second approach. Accurate SoH 
estimation plays a crucial role in evaluating the current condition of 
the battery. In addition to providing detailed insights into the historical 
operating conditions of the battery, it also facilitates the prediction 
of its future behavior and performance. In conclusion, accurate SoH 
estimation supports both diagnostic and prognostic functions in BMS.

According to the existing literature [37], numerous methods have 
been developed to accomplish this task, which can be broadly classi-
fied into three main categories: model-based, data-driven, and hybrid 
approaches, which will be presented more in detail in the following 
subsections. However, to develop an accurate and robust model, it 
is first necessary to conduct several experiments, under known and 
controlled conditions and to acquire precise measurements. In Fig.  1, a 
general framework is depicted that can be followed for developing and 
deploying both model-based and data-driven methods for SoC and SoH 
estimation. In this paper, the authors follow the data-driven approach 
for reasons that will be discussed in the following sections.

2.1. Laboratory methods for SoC/SoH calculation

This section provides a brief overview of methodologies and exper-
iments that can be carried out in laboratory settings, where environ-
mental and operational conditions are precisely known and controlled. 
Under these conditions, it is possible to accurately determine several 
battery states, such as SoC and SoH. These calculations rely on direct 
measurements rather than the development of predictive models, en-
suring a high level of data accuracy. Such laboratory-based techniques 
are particularly important for model training and validation, where 
data quality is critical. However, due to their time-consuming nature 
and the fact that such controlled conditions are rarely achievable out-
side the laboratory, these methods are generally limited to laboratory 
environments and are not suitable for real-world applications.

For extracting the SoC information of the battery cells, initially cells 
should be fully charged according to the instructions of the datasheet 
that the battery manufacturing company provides, typically by using 
CC-CV as charging profile at specific temperature and C-rate current. 
In the CC stage, there is a constant current that is applied to the 
battery cell, often with 1C-rate, until the battery cell voltage reaches 
maximum voltage. Afterwards, in the CV phase, the voltage is kept 
in a steady stage, and the current starts decreasing until it reaches a 
threshold. Then, for the discharging process, the Eq. (7) is applied at 
specific time frame, to update the SoC value, since the initial SoC is 
100%. The battery cell is fully discharged, 0% SoC, once it reaches the 
minimum voltage. The current maximum capacity 𝑄cur_max also should 
be updated to provide accurate measurements [38].

To extract the true maximum battery cell capacity and calculate 
its real SoH, a capacity characterization test should be performed, 
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by fully discharging the battery cell, after a certain amount of full 
cycles. It must be mentioned, that the battery cell must be initially 
fully charged. The capacity tests provide the current maximum capacity 
of the cells, at specific environmental conditions. This process can 
provide the real value SoH, since the calculation of the capacity is 
direct, but the process is time consuming and once it is started should 
not be stopped. Furthermore, the environmental conditions should be 
steady, especially the temperature, since high temperatures lead to 
higher capacity values, and applied pressure at cell affects directly its 
capacity [39].

2.2. Model-based approach

Model-based approaches are currently used widely in many appli-
cations due to their proven reliability and satisfactory accuracy under 
specific environmental and operational conditions [40]. These methods 
typically rely on ECMs such as the Rint model, Thevenin model, or 
higher-order Thevenin models, chosen based on the desired balance 
between accuracy and computational cost [41]. ECM, depending on 
their complexity, can simulate several internal electrochemical behav-
ior of battery cell through their parameters, such as charge transfer 
resistance, double-layer capacitance and diffusion processes, so their 
accurate estimation is necessary [42]. To achieve this, some charac-
terization tests must be conducted, such as Hybrid Power Pulse Char-
acterization (HPPC) [43] or Electrochemical Impedance Spectroscopy 
(EIS) test, and then fit the data into the ECM through an optimization 
algorithm, based on Particle Swarm Optimization (PSO) or Genetic 
Algorithm (GA), to extract parameters [44].

2.2.1. State of Charge estimation
In a model-based approach for SoC estimation, the initial SoC is 

determined either from the Open-Circuit Voltage (OCV)–SoC curve if 
the battery is at rest, or from the last known SoC value if the battery is 
already in operation. Once initialized, SoC is updated using Coulomb 
Counting (CC), by integrating the measured current over time Eq. (7). 
This updated SoC is then used to estimate the OCV through the OCV–
SoC lookup table. With the estimated OCV and input current, the 
terminal voltage is estimated, using a battery cell ECM, by solving its 
governing differential equations. Finally, a Kalman filter or observer 
can be applied to compare the estimated terminal voltage with the 
measured one, to correct the internal states, reducing estimation error 
and compensating for sensor drift and model inaccuracies, thereby 
refining the SoC estimation [45,46].

SoC estimation generally relies on the OCV–SoC curve, which maps 
the relationship between SoC and the cell’s voltage at rest. However, 
the OCV curve is itself affected by external factors like temperature 
and aging, making its accurate characterization both important and 
challenging [47]. Extracting a reliable OCV curve typically requires 
time-consuming characterization tests, such as low-current dis/charge 
tests (e.g., at C/20, where C is the C-rate of the battery), or HPPC/EIS 
tests, conducted at every 10% SoC increment. In those tests, volt-
age is measured after a resting period, to estimate the equilibrium 
voltage [48].

In general, model-based SoC estimation methods can offer accurate 
and robust performance, but they also come with several drawbacks:

• OCV Curve Requirement: Accurate SoC estimation depends 
heavily on the OCV–SoC curve, which requires time-consuming 
testing to obtain. Moreover, the OCV curve is sensitive to tem-
perature, cell aging, and operating conditions.

• Initial SoC Sensitivity: A large error in the initial SoC estimate 
can lead to significant deviations in SoC prediction. However, this 
error can be mitigated using appropriate filters (e.g., Kalman) or 
observers.
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Fig. 1. Basic overall framework for SoC and SoH estimation of battery cell.
• Accuracy vs. Complexity Trade-off: More accurate ECMs, such 
as second-order Thevenin models, provide better voltage predic-
tion but come with increased computational complexity, which 
may not be suitable for real-time embedded systems. Lastly, there 
should be an additional algorithm that will regularly update the 
model’s parameters, considering different degradation stages and 
operation conditions.

2.2.2. State of Health estimation
The SoH estimation approach with model-based methods, differs 

significantly from the SoC estimation, since it is directly dependent 
on the values of ECM’s parameters. By measuring and tracking the 
changes of the parameters, the degradation stage of the battery cell 
can be identify, as those parameters provide insights into internal 
aging mechanisms formed in the cell (e.g. growth of Solid Electrolyte 
Interphase (SEI) layer and lithium plating). By the formation of those 
battery’s aging mechanisms, degradation modes are enabled, such as 
Loss of Lithium Inventory (LLI), Loss of Active Material (LAM), and Loss 
of Electrolyte (LE), which lead to cell’s capacity and power fade [49].

After the accurate estimation of the ECM’s parameters, by a testing 
process, such as HPPC or EIS, a semi-empirical model can be formed 
and be utilized for providing an estimation of the SoH value. According 
to the literature, there are plenty implementation of this process, and 
most of the researchers select to form polynomial and logarithmic 
equations, containing several parameters such as ECM’s parameters, 
temperature, and SoC value, for accurate SoH information [50,51]. 
Lastly, there are some implementations of this algorithm that depend-
ing on the degradation stage of the battery cell, before and after 
‘knee-point’, a different equation is utilized [52].

In conclusion, SoH estimation using model-based approaches can be 
an easy and straightforward method for gaining insights into battery 
degradation levels. However, several issues remain that prevent them 
from being ideal, such as:
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• Data Requirement: Most semi-empirical models are based on 
the development of polynomial and logarithmic equations, which 
rely on data fitting to identify the model parameters. However, 
acquiring the necessary data is a time-consuming process.

• Accuracy and Robustness: The aforementioned described
methodology is easy to develop and implement to a BMS but 
the accuracy and its provided robustness is not high, consider-
ing other techniques. This is because, the degradation features, 
that the ECM parameters describe, do not fully exploited by 
developing semi-empirical models.

Overall, model-based methods can provide a simple and easy-to-use 
solution for specific applications where high accuracy and robustness 
are not critical. Both SoC and SoH estimation rely on continuous 
updates of the ECM parameters to achieve satisfactory performance, 
which increases the overall complexity of the algorithm. To perform 
these updates, certain experiments, such as HPPC or EIS tests, must be 
conducted under specific environmental conditions. Lastly, it should be 
noted that the accuracy and robustness of model-based methods are 
generally inferior to those of data-driven approaches, which will be 
analyzed in the following subsection.

2.3. Data-driven approach

Nowadays, the industry is increasingly shifting towards data-driven 
solutions, driven by the significant growth in data availability, con-
tinuous improvements in hardware computational power, and the de-
velopment of models that achieve high performance while requiring 
relatively low memory. In this section, authors present the most com-
monly used techniques and models for SoC and SoH estimation. As 
mentioned earlier, both states depend on several factors that directly 
influence the behavior of a battery cell. For this reason, features such 
as voltage, current, and temperature should be used, as they provide 
valuable insights into the environmental and operational conditions 
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under which the battery operates. Furthermore, deep learning models 
capable of simultaneously learning both local and global patterns are 
essential for achieving accurate SoC and SoH estimation [53]. In this 
section, there will not be separate subsections for SoC and SoH estima-
tion, since the only difference is the input features that are utilized for 
their estimation. The overall, training and testing process is similar to 
both scenarios.

A general methodology for estimating the battery states involves 
three main stages: data processing, model training, and testing. Proper 
data processing begins with collecting relevant measurements from 
battery cells. The data must then be organized into an appropriate 
format, typically by splitting it into training and testing sets, often using 
80% and 20% of the total data, respectively. Measurement errors and 
offsets should be corrected, and time series should be constructed using 
a sliding time window to capture meaningful behavioral patterns of the 
cell. Finally, the data should be normalized to ensure compatibility with 
deep learning model inputs [54]. SoH estimation algorithm, requires 
one more step in data processing which is the feature extraction, since 
the input features that the model requires, such as the curves of ICA, 
Differential Voltage Analysis (DVA) and Differential Temperature Anal-
ysis (DTA), must be formed from the current, voltage and temperature 
measurements by applying a smoothing algorithm [55].

During the training phase, models capable of capturing both local 
features, such as CNNs, and long-term dependencies, such as LSTM 
or GRU layer-based networks, should be selected. Once the model 
architecture is chosen, the corresponding hyperparameters, such as 
the number of units, number of layers, and activation functions, must 
be defined. This is typically achieved by utilizing hyperparameter 
optimization algorithms such as Grid Search (GS), Random Search 
(RS), or Bayesian Hyperparameter Optimization (BHO), to find the 
optimal set of hyperparameters within a defined hyperspace [56]. The 
trained model should then be evaluated based on its accuracy, inference 
latency, and memory consumption.

According to the literature, data-driven models can achieve very 
high accuracy while requiring relatively low memory and computa-
tional resources. Moreover, they can be easily re-trained using transfer 
learning techniques to estimate the battery cells states, of different 
battery types [57,58]. However, despite these advantages, the perfor-
mance of data-driven models depends heavily on the quality of the 
data [59]. To obtain accurate and meaningful results, a well-designed 
experimental campaign is essential. Such campaign requires appropri-
ate equipment, significant time investment, and expert knowledge in 
both hardware and software. Additionally, it should cover a wide range 
of operational and environmental conditions to ensure the model’s 
robustness and generalizability.

2.4. Hybrid approach

Apart from model-based and data-driven approaches, hybrid models 
can also be developed. The hybrid method refers to the fusion of both 
approaches, or to the estimation of battery cell states by considering 
additional states [60].

For the fusion hybrid method, usually there is a development of 
an ECM, such as second order Thevenin, and once its parameters are 
estimated, by performing a characterization test like HPPC or EIS, 
they can be utilized as input features to a machine learning model for 
providing an estimation of battery state [61]. This process can achieve 
satisfactory results, and reduce significantly the overall complexity 
and computational requirements since there is no need for solving the 
systems differential equations nor is there a need to an identification 
of the OCV–SoC curve.

Considering the joint estimation of cell’s states, the most common 
practice is to first estimate the cell’s SoH and then utilizing this in-
formation. For example using the estimated value of SoH as an input 
feature to a deep learning model [62]. But also, there are some other 
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cases such as using SoC information as a factor inside a semi-empirical 
model for SoH estimation [51].

Generally, hybrid models can reduce significantly the computational 
requirements of the overall algorithm, achieving better accuracy and 
increase model’s robustness since the state estimation depends on both 
physics and data. A great disadvantage of the hybrid models is their 
complexity not only in the architecture design, but also in the imple-
mentation process, due to the co-existence of many methods-models, 
make them not preferable in real-time estimations.

In this paper, the authors chose to utilize deep learning models for 
separately estimating SoC and SoH. This approach provides an easy-to-
use solution that can achieve satisfactory accuracy without the need to 
develop any ECM. Moreover, as it will be explained Section 6, these 
models can be easily scale up from cell-level to pack-level estimation.

3. Cell to pack state estimation

Accurate state estimation of battery modules is a challenging topic 
due to electrochemical inconsistencies among individual cells, even 
when cells are of the same battery type. These inconsistencies arise 
primarily from variations in manufacturing and welding processes and 
significantly impact the overall performance of battery modules. Cell 
inconsistencies can be observed as differences in internal resistance, ini-
tial SoC, capacity, and SoH. Such variations can lead to cell imbalance, 
uneven current distribution, and non-uniform temperature profiles, 
significantly accelerating battery module degradation and potentially 
causing safety hazards [63].

According to the literature, various strategies have been proposed 
to estimate battery module SoC and SoH [64]. These methods include 
lumped cell, reference cell, and mean and difference cell estimation 
approaches [65], which can be implemented using either model-based 
or data-driven techniques. The lumped cell estimation method does 
not consider cell-to-cell inconsistencies and utilizes overall module 
measurements, treating the module as a single equivalent cell. The 
reference cell method uses the most degraded cell as a representa-
tive for the entire module. Selecting an appropriate reference cell is 
challenging, as it requires detailed characterization of each cell or 
simulations of temperature distribution, given that higher temperatures 
accelerate degradation. Finally, the mean cell and difference SoC esti-
mation method accounts for variations among cells by averaging state 
estimations. However, using average values can reduce accuracy, and 
computational costs are not significantly lowered because each cell’s 
state must still be estimated but by using simpler models.

Overall, these methods primarily aim to reduce computational com-
plexity, but their accuracy often suffers due to simplifying assumptions 
and cell selection challenges, without any significant improvement of 
the computational cost.

In this paper, the authors propose a straightforward strategy for bat-
tery module states estimation by using individual cell voltage, current 
and temperature measurements to estimate each cell’s state. During 
discharging, the module’s SoC is represented by the lowest SoC, while 
during charging the highest SoC is taken as the module SoC Eq. (1). 
This approach not only ensures accurate state estimation but also 
prevents cell overcharging and over-discharging, thereby reducing the 
risk of significant damage and thermal runaway. For SoH estimation, 
the most degraded cell, which has the lowest value, represents the mod-
ule’s overall SoH, Eq. (2). Conducting individual cell characterization 
tests ensures high accuracy and supports effective health management, 
providing crucial data for prognostics and diagnostics. Moreover, this 
strategy can extend the battery module’s lifespan by allowing the 
replacement of cells that fall below approximately 70% SoH in electric 
vehicle applications. The primary drawback is the potentially higher 
computational cost; however, the authors address this by employing 
TinyML models, which eliminate the need for developing complex 
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ECM or solving differential equations, thus mitigating computational 
concerns. 

𝑆𝑜𝐶𝑚𝑜𝑑𝑢𝑙𝑒 =

⎧

⎪

⎨

⎪

⎩

min
𝑖∈{1,…,𝑛}

𝑆𝑜𝐶𝑐𝑒𝑙𝑙𝑖 , during Discharging
max

𝑖∈{1,…,𝑛}
𝑆𝑜𝐶𝑐𝑒𝑙𝑙𝑖 , during Charging (1)

𝑆𝑜𝐻𝑚𝑜𝑑𝑢𝑙𝑒 = min
𝑖∈{1,…,𝑛}

𝑆𝑜𝐻𝑐𝑒𝑙𝑙𝑖 (2)

The Eqs.  (1) and (2) describe the strategy for the module states 
estimation, where 𝑛 is the number of the overall cells connected in 
series.

4. Neural network compression

Deploying deep learning models on microcontrollers or other In-
ternet of Things (IoT) devices requires aggressive model compression 
to reduce memory footprint, computational load, and energy con-
sumption; factors that are critical for real-time inference in embedded 
systems. Standard compression techniques such as quantization [66], 
pruning [67], and weight clustering [68] have proven effective for con-
volutional and feed-forward architectures, where input shapes are typ-
ically static and well-defined [69]. However, applying these techniques 
to recurrent architectures, especially for LSTM and GRU layers, presents 
distinct challenges, particularly when the input sequence length varies 
across inferences. Current embedded inference frameworks such as Ten-
sorFlow Lite Micro and Apache TVM fundamentally require static input 
tensor shapes, leading to deployment pipelines that enforce fixed-length 
sequences via padding or truncation.

While these static-shape limitations constrain the applicability of 
conventional compression methods to variable-length recurrent models, 
an alternative approach has emerged that can reduce model complexity 
in such models. This method, known as network projection [32], re-
places selected network layers with projected counterparts that operate 
in a significantly lower-dimensional subspace. This reduces the number 
of learnable parameters while maintaining satisfactory performance, 
and can be easily applied using MATLAB. Unlike traditional low-
rank decomposition approaches used for neural network compression, 
such as low-rank matrix factorization and related tensor decomposi-
tion methods [70,71], the projection framework is data-driven, using 
in-distribution samples to characterize the activation patterns of inter-
mediate layers and to construct projection operators that preserve the 
most informative subspaces. In Table  1 there is a summary of the most 
important deep learning compression techniques designed to reduce 
model size and computational complexity for deployment in TinyML 
and embedded environments.

To create the projection layers, first the matrix covariance of the 
layers’ neurons is formed, and its eigenvalues and eigenvectors are 
computed. Then the neurons are projected to a subspace (R𝑏𝑖 ⊂ R𝑎𝑖 , 
with 𝑏𝑖 ≤ 𝑎𝑖 where 𝑎𝑖 is the number of neurons in 𝑖th layer), by applying 
the projection operator P, Eq. (3), which eliminates the eigenneurons 
(neurons defined by eigenvectors) with small eigenvalues. 

P =
𝑏𝑖
∑

𝑝=1
𝑣𝑝𝑣

𝑇
𝑝 (3)

where 𝑣𝑖 is the corresponding eigenvector of the neuron’s covariance 
matrix. The 𝑏𝑖 is selected depending on the preferred retained variance. 
If 𝑏𝑖 → 𝑎𝑖, the projection operator tends to the identity matrix.

The projection operator, can be applied to each neuron of a layer, 
for defining a new projected layer, 𝑓P

𝑖 , which basically maps a layer 
to its projected equivalent. The projected layer is described by Eqs.  (4) 
and (5), assuming there are no bias terms for simplicity purposes. 
𝑓P
𝑖 ∶ R𝑎𝑖−1 → R𝑎𝑖 (4)

𝑓P
𝑖 (𝑥) = P𝑖𝑓𝑖(P𝑖−1𝑥) =

(

𝑣𝑖𝑣
𝑇
𝑖
)

𝑊
(

𝑣𝑖−1𝑣
𝑇
𝑖−1

)

𝑥
̃ ( 𝑇 )

(5)

= 𝑊 𝑣𝑖−1𝑥

6 
Table 1
Summary of deep learning compression methods for embedded and TinyML 
deployment.
 Method Description  
 Quantization
[66,72]

Reduces precision of weights and activations (e.g., 
FP32 to INT8 or smaller), lowering memory and 
compute requirements with minimal accuracy loss.

 

 Pruning
[67,73,74]

Removes low-importance weights or neurons, 
reducing parameter count and enabling sparse 
computations. Includes unstructured pruning 
(individual weights) and structured pruning (entire 
neurons or filters), often followed by fine-tuning.

 

 Weight clustering
[68,75]

Groups similar weights and shares representative 
values, decreasing storage while preserving model 
behavior.

 

 Low-Rank 
factorization
[71,76]

Decomposing large weight matrices/tensors into 
smaller low-rank matrices, capturing essential 
information with fewer parameters.

 

 Knowledge distillation
[77–79]

Trains a compact student to mimic a larger 
teacher model, preserving task accuracy while 
significantly reducing size.

 

 Network projection
[32]

Projects layer activations into data-driven 
subspaces, reducing parameters while maintaining 
functionality.

 

The projection operator P𝑖−1 =
(

𝑣𝑖−1𝑣𝑇𝑖−1
) projects the input into a 

lower-dimensional subspace (keeping the ‘‘important’’ eigenneurons), 
𝑓𝑖 apply the normal layer mapping (without the bias term for simplic-
ity) and P𝑖 applies projection to output neurons to keep the output 
restricted to the correct subspace. Lastly, the term 𝑊 =

(

𝑣𝑖𝑣𝑇𝑖
)

𝑊 (𝑣𝑖−1)
is the projected weight matrix that is stored, instead of 𝑊 , which 
contains a reduced number of parameters.

In Fig.  2, there is a depiction of the original fully connected layer, 
the projected layer with the input and output projection operations, 
and lastly the final compressed form of the projected layer.

Fig.  2(a), presents a simple fully connected layer that takes 3 inputs 
and produces 2 outputs (𝑛(1)𝑖 (𝑥), 𝑛(2)𝑖 (𝑥)). In Fig.  2(b), there is the 
projected fully connected layer, with the projection operations applied 
to the input and output. The original fully connected layer can be seen 
with the black neurons, while the single neurons with blue and orange 
color comprising the eigenneurons, that were formed by applying the 
projection operation to the input and output neurons. The weights on 
the connections between layer input eigenneurons and layer output 
eigenneurons correspond to the projected weight values in the subspace 
defined by the eigenvectors of the neuron covariance matrices.

In Fig.  2(c), there is the depiction of the final compressed form of 
the projected layer, where 𝑊  and 𝑊  represent the weight matrices of 
the fully connected layer and the projected one, containing 6 and 5 
learnable parameters, respectively. Thus, the projected weight matrix 
𝑊  is stored, instead of 𝑊 , thereby reducing memory requirements.

Finally, a projected network is constructed by linking multiple 
projected layers, as shown in Eq. (6). 
𝐹 (𝑥) = 𝑓P

𝑁 (𝑓P
𝑁−1(⋯ 𝑓P

1 (𝑥)⋯)) (6)

In this process, each layer maps its input onto eigenneurons, lowers 
the rank by discarding eigenneurons with low variance, and then 
converts the result back into the original basis before passing it to 
the following layer. It should be noted that the final projected models 
should be retrained for a few epochs, since performance may initially 
drop, due to loss of some information. More technical information 
about the neural network projection can be found in [32].

5. Dataset

For this study, an online battery dataset made available by Polimi 
[22] was utilized. The dataset includes voltage, current, and temper-
ature measurements for six LG18650HE4 battery cells (data from cell 
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(a) An example of a simple fully connected layer.

(b) Projected layer with input and output projection operations.

(c) Final compressed form of the projected layer.

Fig. 2. In Fig.  2(a) there is simple fully connected layer, while in Fig.  2(b) 
there is a depiction of the projected layer with the input and output projection 
operations. Fig.  2(c) composes the final structure of the projected layer with 
lower number of learnable parameters. (For interpretation of the references to 
color in this figure legend, the reader is referred to the web version of this 
article.)

4 are not available), each with a nominal capacity of 2.5 Ah. These 
measurements were recorded at various ambient temperatures ranging 
from −20◦C to 35◦C. Following the temperature variation experiments, 
a degradation campaign was conducted at 35◦C to monitor the aging 
behavior and degradation process of each battery cell. During the dis-
charging phase, several real-world driving profiles were used, including 
UDDS, US06, LA92, as well as six randomly combined drive cycles 
labeled Mixed 1 through Mixed 7. For the SoC estimation, the models 
were trained on these dynamic driving profiles, which contain both 
discharging and charging (through regenerative braking) data. Data 
7 
Fig. 3. Battery cells SoH true values, for different degradation phases.

from cells 1–6 were utilized for training the models (80% for pure 
training and 20% for validation), while the developed models’ accuracy 
was evaluated on the ‘‘unseen’’ dataset of cell 7 (testing data). The 
selection of the training–testing cells, came from the selection of the 
worst performing models for both SoC and SoH estimation, on a cross-
validation experiment. It should be noted that the LA92 and Mixed 
5–7 cycles were used exclusively for testing, and not for training, to 
further enhance the models’ robustness. Charging was performed using 
the Constant Current Constant Voltage (CCCV) protocol recommended 
in the manufacturer’s datasheet to ensure that the cell is fully charged.

From the recorded data, additional features were derived, including 
SoC, SoH, and the ICA curve, all of which are essential for training 
and testing machine learning models. For the SoC calculation, the 
Coulomb Counting (CC) method, as described in Eq. (7), was utilized. 
It was assumed that 100% SoC and 0% SoC are reached when the 
battery cell voltage reaches its maximum and minimum values, respec-
tively. A definition of the SoC can be seen in equation Eq. (8), where 
𝑄cur_max(𝑐𝑦𝑐𝑙𝑒) is the maximum capacity of the battery cell at specific 
cycle (degradation stage), while 𝑄(t) is the cell’s available capacity at 
specific time. 

𝑆𝑜𝐶 = 𝑆𝑜𝐶(𝑡0) −
1

𝑄cur_max(𝑐𝑦𝑐𝑙𝑒) ∫

𝑡0+𝜏

𝑡0
𝐼bat 𝑑𝑡 ⋅ 100% (7)

𝑆𝑜𝐶 =
𝑄(𝑡)

𝑄cur_max(𝑐𝑦𝑐𝑙𝑒)
⋅ 100% (8)

For SoH estimation, according to the literature there are two main 
definitions [80], as it was mentioned above, one based on capac-
ity degradation, Eq. (9) and the other based on resistance increase, 
Eq. (10). In general, to determine the current maximum capacity 
𝑄cur_max(𝑐𝑦𝑐𝑙𝑒) or the current internal resistance of the cells 𝑅cur (𝑐𝑦𝑐𝑙𝑒), 
specific characterization tests, such as full charge–discharge cycles 
for capacity measurement or HPPC tests for resistance measurement, 
must be conducted every few cycles (e.g. 20–40 cycles in this dataset) 
in order to update the SoH value. These procedures are typically 
performed under controlled temperature and current conditions to 
ensure consistency and repeatability, as both capacity and resistance 
are sensitive to operating conditions. In Fig.  3, there is a depiction 
of the SoH true values of the battery cells, for different degradation 
phases. Data from cell 4 were excluded due to channel errors. For data 
extraction in this work, authors utilized Eq. (9), where 𝑄ini_max is the 
initial maximum capacity of the battery cell, instead of Eq. (10). In 
Eq. (10), 𝑅EOL and 𝑅BOL represent the End of Life (EOL) and Beginning 
of Life (BOL) resistances, respectively. 

𝑆𝑜𝐻𝑄 =
𝑄cur_max(𝑐𝑦𝑐𝑙𝑒)

𝑄ini_max
⋅ 100% (9)

𝑆𝑜𝐻𝑅 =
𝑅EOL − 𝑅cur (𝑐𝑦𝑐𝑙𝑒)

𝑅EOL − 𝑅BOL
⋅ 100% (10)

By generating the ICA curve [dQ/dV] and the DVA curve [dV/dQ] 
[81], valuable insights about internal electrochemical reactions, degra-
dation mechanisms, capacity and power fade of battery cells can be 
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Table 2
Performance of SoC models.
 Metrics CNN_GRU Pr_CNN_GRU CNN_LSTM Pr_CNN_LSTM GRU Pr_GRU LSTM Pr_LSTM 
 MAE 0.0100 0.0129 0.0093 0.0124 0.0099 0.0119 0.0129 0.0114  
 RMSE 0.0276 0.0296 0.0269 0.0291 0.0274 0.0289 0.0283 0.0286  
 Size (kB) 155.5 5.3 390 8.8 200.5 7.5 68.8 4.0  
 Latency (ms) 0.265 0.194 0.386 0.242 0.476 0.411 0.417 0.391  
 Size Red. (%) 96.59 97.74 96.26 94.19
 Latency Red. (%) 26.79 37.31 13.66 6.24
Table 3
BHO searching space for both state estimation models.
 Parameter Model’s Hyperspace
 SoC SoH

 BHO max tuner 40
 Epochs 1000
 Early stopping 50
 Input shape (None,60,3) (None,None,1-2)
 Batch size 256 1
 Kernel size (2,5)
 Number of units orfilters for all layers range(4, 32, 4) range(16, 128, 16)
 Learning rate (0.001, 0.0001, 0.00001)
 Additional LSTM or GRU layers (0,1)
 Additional dense layers (0,1)
 Layers’ activation function (leaky_relu, gelu, swish, selu, linear)
obtained. These insights are derived by tracking the shifts in the 
peaks and valleys of the curves, which are typically associated with 
degradation phenomena such as LLI, LAM, and LE [82].

To extract meaningful features from these curves, it is essential to 
apply a noise-reduction filter [83], such as a Gaussian filter, Savitzky–
Golay filter, or rolling window (Moving Average) filter, since differen-
tiation tends to amplify measurement noise. In this study, only voltage 
and ICA curve data were utilized as input features for the deep learning 
models used in SoH estimation. A moving average filter was applied to 
smooth the data and enhance the visibility of peaks and valleys, due to 
its simplicity and ease of implementation. More information about the 
dataset can also be found in [62]. Similarly to the SoC case, the SoH 
estimation models were trained on the datasets of cells 1–6 and tested 
on the unseen data from cell 7 to further improve model robustness and 
generalization capability. Since the charging time varies significantly, 
not only among the same cell, due to degradation, but also across 
different cells, authors selected layers capable of handling variable-
length input data without the usage of the padding or truncation 
technique.

6. Methods and results

In this paper, authors conducted an analysis of several deep learning 
models, such as GRU, LSTM, CNN_GRU and CNN_LSTM, for both SoC 
and SoH estimation. Afterwards, by utilizing MATLAB software, they 
compressed the models by using neural network projection, and gener-
ate the proper C code to be ready for deployment into a microcontroller 
of a battery management system.

For both cases the BHO algorithm was utilized for finding the 
optimal hyperparameters of the models during the training procedure. 
The BHO algorithm [84], is an iterative technique designed to effi-
ciently identify the global optimum of complex functions. It uses a 
probabilistic surrogate model, typically a Gaussian process, to approx-
imate the target function and quantify uncertainty. This model guides 
the optimization by balancing two key strategies: exploration, which 
investigates less-tested regions of the hyperparameter space, and ex-
ploitation, which focuses on areas expected to yield high performance. 
At each step, BHO selects the next set of parameters to test based on an 
acquisition function that captures this trade-off. After evaluating these 
parameters, the surrogate model is updated, and the cycle continues 
until convergence or a specified stopping condition is reached. In Table 
8 
3, there is a depiction of the hyperspace in which the BHO will search in 
order to find the optimal architecture of the models. The total number 
of optimization trials is determined by the max tuner value. Additional 
training related parameters, such as the number of epochs, batch size, 
and learning rate, are also included in the table.

To evaluate the performance of the models, considering the accu-
racy, the Mean Absolute Error (MAE) and Root Mean Squared Error 
(RMSE) are utilized, calculated as in Eqs.  (11) and (12), respectively: 

𝑅𝑀𝑆𝐸 =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑗 − 𝑦̂𝑗 )2 (11)

MAE = 1
𝑛

𝑛
∑

𝑗=1

|

|

|

𝑦𝑗 − 𝑦̂𝑗
|

|

|

(12)

where 𝑦𝑗 is the real value of the SoH and 𝑦̂𝑗 is the predicted value 
generated by the model.

After training and evaluating the ‘‘simple’’ models, using Tensor-
Flow environment, they were imported into MATLAB, where their 
layers were compressed using neural network projection technique to 
form the projected models. However, this projection led to a significant 
drop in performance. To address this, the models were fine-tuned for 
few epochs, using a small batch of the original training dataset. Once 
the performance was restored, dedicated functions for SoC and SoH 
estimation were developed. Finally, using MATLAB’s C code generation 
capabilities, the corresponding C source files were generated, preparing 
the models for deployment on a microcontroller.

The latency of the models were assessed on a GPU (NVIDIA GeForce 
RTX 3060) using dlCodegenBench, an add-on created by developers at 
MathWorks for benchmarking the runtime performance of code gener-
ated from deep learning models in MATLAB. For each function defined 
for SoC and SoH estimation, MATLAB Executable (MEX) functions 
were first generated and then benchmarked using dlCodegenBench, 
which executed two warm-up calls followed by 100 inference calls 
of the generated code, reporting latency as the 90th percentile of the 
measured times [85].

In the upcoming subsections, there will be an analysis of the SoC 
and SoH algorithms, that were developed and lastly, there will be a 
presentation of the method that can be utilized for a real BMS.
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(a) Sample of estimation results of the deep learning models for 10 cycles.

 
(b) Enhanced results of the LA92 driving profile.

  
(c) Enhanced results of the Mixed-6 driving profile.

 

Fig. 4. SoC estimations results from CNN_LSTM model before compression (Net) and fine-tuned projected model Pr_LSTM for mid-degradation stage of the battery 
cell.
6.1. State of Charge

To achieve accurate SoC estimation, the models utilized a time 
window of 60 samples, with each sample representing one second and 
containing three input features: current, voltage, and temperature mea-
surements. As previously mentioned, all input data were normalized 
before being fed into the models. Importantly, the dataset includes 
SoC information recorded under varying temperatures, C-rates, and 
degradation stages, which enhances the robustness of the models across 
diverse operational and environmental conditions.

In Table  2, the results of the SoC models are presented, highlighting 
the ‘‘simple’’ models that achieved the best performance and underlin-
ing the projected models with the lowest error. The CNN_LSTM model 
achieved the highest accuracy, with an MAE of 0.0093 and an RMSE of 
0.0269. Among the projected models, Pr_LSTM demonstrated the best 
accuracy, with an MAE of 0.0114 and an RMSE of 0.0286.

Considering both memory and computational requirements, the 
size and latency of the models were also evaluated. As observed, the 
‘‘simple’’ models require more memory, which in some cases can cause 
significant challenges when deployed on a microcontroller. On the 
other hand, their latency remains, in both cases, within a satisfactory 
range. Since the latency of both ‘‘simple’’ and projected models is 
similar, the focus is placed on model size, as it directly affects energy 
consumption. Fewer parameters lead to fewer memory accesses and 
multiplications, which significantly reduces energy consumption.

The LSTM model achieved the smallest size among the ‘‘simple’’ 
models, requiring just 68.8 kB, while still delivering acceptable accu-
racy. After applying compression and fine-tuning, the Pr_LSTM model 
9 
not only achieved the highest accuracy but also reached the lowest 
size of 4.0 kB, with a 94.19% reduction. Additionally, its latency 
improved by 6.26%, resulting in an estimation time of 0.391 ms per 
batch. This combination of competitive accuracy and minimal memory 
usage makes the Pr_LSTM model particularly well-suited for embedded 
TinyML applications. Lastly, as it can be deduced from the results, 
almost all models achieved satisfactory results throughout different 
temperature, C-rates and degradation stages which are very important 
for real BMS.

In Fig.  5, a boxplot is presented to compare the per-sample MAE of 
different SoC estimation models. The plot illustrates the distribution of 
errors for each model: the light-blue boxes represent the interquartile 
range (25th to 75th percentile), the black whiskers extend to the 
minimum and maximum non-outlier values, and the black dots indicate 
the mean MAE for each model, as detailed in Table  2. Additionally, 
the blue median line represents the typical error for a single sample 
without the consideration of extreme offset values. Notably, the median 
often differs from the mean MAE due to a small number of high-
error instances (offsets), which may result from faulty measurements, 
extreme environmental conditions, or the battery operating near its 
degradation knee-point.

Fig.  4 shows the SoC estimation results for both the ‘simple’ (Net) 
CNN_LSTM and the fine-tuned projected Pr_LSTM (TinyML) model, 
compared with the actual SoC values. Fig.  4(a), presents 10 cycles of 
a mid-degradation stage of the battery cell, approximately 90% SoH, 
within the full degradation range analyzed (100% to 70% SoH). As 
it was mentioned above, those 10 cycles are not the same since for 
the testing process only the 4 driving profiles were utilized (LA92 and 



S. Giazitzis et al. Journal of Energy Storage 152 (2026) 120673 
Fig. 5. Per-sample MAE results for battery cell SoC estimation considering 
both projected and non-projected models. (For interpretation of the references 
to color in this figure legend, the reader is referred to the web version of this 
article.)

Mixed 5–7). The utilization of unseen driving profiles in the testing 
procedure strengthens the generalization and robustness of the models. 
Finally, Figs.  4(b) and 4(c) present a closer look at the CNN_LSTM and 
Pr_LSTM model results for the LA92 and Mixed-6 cycles, respectively. 
Notably, these models not only accurately predict the battery’s SoC dur-
ing its first life, but also maintain satisfactory estimation performance 
for steep profiles and initial SoC estimation, after charging scenarios, 
in which model-based methods fail to achieve good accuracy.

6.2. State of Health

Similarly, for SoH estimation, the same architecture deep learning 
models were evaluated, followed by a neural network projection step to 
identify the most suitable model for deployment on a microcontroller. 
Two scenarios were considered: one using only ICA data as input fea-
ture, and the other combining ICA and voltage data. In both cases, the 
models were designed to handle variable-length input sequences, en-
abling SoH estimation from partial battery charging within the voltage 
range of 3.6 V to 3.9 V, thus avoiding the need for full charge–
discharge cycles. This approach significantly reduces processing time 
and enhances applicability in real-world conditions, since in practice 
users do not always fully charge or discharge their batteries.

Fig.  6 displays the ICA curves of battery cell number 7 across various 
degradation stages, up to cycle 419, for clarity. To generate these 
curves, capacity and voltage differences (𝛥𝑄 and 𝛥𝑉 ) were extracted at 
one-minute intervals (every 60 samples) to compute the ICA profiles. 
Although this data pre-processing helped reduce noise, some spikes 
remained, so a rolling average with a 300-sample window was applied 
to further smooth the data. Notably, the ICA curve from cycle 1 is 
significantly different from those of later cycles.

The aforementioned phenomenon can be explained by the different 
internal electrochemical behavior of the cell during its early cycles, 
such as the SEI layer formation, which starts to form when charging the 
cells for the first time and differs from that of aged cells. Additionally, 
until cycle 60, the cell experienced extreme temperature variations, 
ranging from −20◦C to 35◦C. After that, it was cycled at a constant 
temperature of 35◦C to promote gradual degradation until reaching the 
knee-point. These ICA signals, which vary in length, were used as the 
primary input for SoH estimation.

Tables  4 and 5 present the performance of the deep learning models 
under both input scenarios. The ‘‘simple’’ models without compression 
which achieved the best accuracy are shown in bold text, while the top-
performing projected (TinyML) models are marked with underscores. 
In both input scenarios, the ‘‘simple’’ GRU model delivered the best 
performance, achieving an MAE of 0.0031 and RMSE of 0.0057 using 
only ICA data. Among the TinyML models, the projected GRU model 
(Pr_GRU) yielded the lowest error, 0.0058 MAE and 0.0087 RMSE, 
when using both ICA and voltage data.
10 
Fig. 6. Incremental capacity analysis curve, depending on the voltage level, 
for different degradation phases.

It must be noted that, in principle, adding more input features can 
provide richer information that may improve model performance. To 
address this uncertainty, the authors conducted this feature sensitivity 
analysis, which showed no consistent or significant improvement when 
voltage was added alongside ICA data. In several cases, performance 
even decreased (GRU), although accuracy remained within an accept-
able range. This is likely because the ICA curve already captures the key 
degradation patterns derived from the voltage–capacity relationship, so 
including voltage adds little to no new information. Consequently, the 
accuracy differences between the ICA and ICA_V models are small and 
not systematically in favor of either configuration.

Similarly, the model size and latency were calculated to assess 
memory usage and computational requirements. On average, the size 
reduction across both input cases was 93.79%, while latency was 
reduced by 17.58%. For embedded deployment, the TinyML model 
selected by the authors is the Pr_CNN_GRU, using just the ICA data 
as input feature, which achieves competitive accuracy with an MAE of 
0.0060 and RMSE of 0.0130, while also offering the smallest size and 
lowest latency, just 3.4kB and 1.607 ms, respectively.

In embedded applications, model size is critical, as many microcon-
trollers have limited memory capacity. Additionally, larger models tend 
to consume more energy. Although model size can influence latency, it 
is important to note that latency also heavily depends on the hardware 
on which the model is deployed, which in this case is a GPU whose 
characteristics are described above.

Fig.  7 illustrates the SoH predictions of both the ‘‘simple’’ CNN_GRU 
and the fine-tuned projected Pr_CNN_GRU model, compared to the 
actual SoH values. While both models show reduced accuracy in the 
early cycles, where extreme conditions were also applied, and again 
near cycle 400, where degradation accelerates, their overall predictions 
are highly satisfactory throughout all the first life cycle of battery, 
which is until 70% of SoH.

To further analyze models’ performance, Fig.  8 plots the MAE at 
each cycle. As expected, estimation errors are highest during early 
cycles (1–61), likely due to the extreme environmental conditions the 
batteries experienced, as discussed previously. These included tem-
peratures ranging from −20◦C, to 35◦C, which can trigger lithium 
plating and other processes that can degrade significantly the battery 
cell. Error increases again as the battery nears 80% SoH, marking 
the beginning of the ‘‘knee-point’’, where degradation becomes more 
rapid and battery cell becomes more unpredictable. This instability is 
often connected to manufacturing variability in the construction phase, 
such as differences in internal resistance and capacitance, even among 
identical cells. As degradation progresses, these differences become 
more noticeable, which is why cells falling below 80%–70% SoH are 
generally declared as unsuitable for high-stress applications such as 
electric vehicles. It should be noted that, since the LSTM based models 
did not achieve satisfactory results, they were not included in Fig.  8, 
to improve clarity and allow the errors of the remaining models to be 
more easily compared.

In conclusion, the developed SoH estimation method is more com-
plex compared to SoC estimation, primarily due to the additional step 
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Table 4
Comparison of models with ICA input features.
 Metrics CNN_GRU Pr_CNN_GRU CNN_LSTM Pr_CNN_LSTM GRU Pr_GRU LSTM Pr_LSTM 
 MAE 0.0060 0.0060 0.0095 0.0079 0.0031 0.0135 0.0227 0.0558  
 RMSE 0.0089 0.0130 0.0114 0.0148 0.0057 0.0156 0.0265 0.0698  
 Size (kB) 23.1 3.4 64.1 4.8 99.8 6.6 444.1 12.2  
 Latency (ms) 1.614 1.607 2.042 2.040 15.113 13.477 29.567 19.192  
 Size Red. (%) 85.28 92.51 93.39 97.25
 Latency Red. (%) 0.43 0.10 10.83 35.09
Table 5
Comparison of models with ICA_V input features.
 Metrics CNN_GRU Pr_CNN_GRU CNN_LSTM Pr_CNN_LSTM GRU Pr_GRU LSTM Pr_LSTM 
 MAE 0.0064 0.0094 0.0071 0.0060 0.0055 0.0058 0.0116 0.0549  
 RMSE 0.0079 0.0112 0.0086 0.0093 0.0071 0.0087 0.0134 0.0687  
 Size (kB) 819.1 17.5 178.8 7.9 380.5 12.8 59.0 4.8  
 Latency (ms) 5.31 2.67 2.86 2.66 23.37 15.86 17.37 16.44  
 Size Red. (%) 97.86 95.58 96.64 91.86
 Latency Red. (%) 49.72 6.99 32.14 5.35
Fig. 7. SoH estimation results for CNN_GRU (Net) and Pr_CNN_GRU (Pr) 
models using just ICA data.

Fig. 8. Comparison of SoH estimation models considering MAE per cycle 
(excluding LSTM based models).

of constructing the ICA data using a rolling window. Once the user stops 
the charging process, a few current and voltage measurements are col-
lected within the voltage range of 3.6 V to 3.9 V. These measurements 
are then used to generate the ICA curve, as previously described. The 
resulting data is normalized and subsequently fed into the deep learning 
model. As demonstrated, this approach achieves high accuracy in SoH 
estimation across most stages of battery cell degradation.
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6.3. Deployment into Infineon battery module

The target application of the developed models is to estimate the 
SoC and SoH of a real battery system. To achieve this, the models must 
first be compressed to reduce memory and computational requirements 
without compromising accuracy. After compression, models should be 
converted into a suitable format (C code) to enable deployment on 
microcontrollers. Infineon Technologies has recently developed a BMS 
for a robotic application, Infineon Mobile Robot (IMR), which consists 
of several subsystems designed to ensure optimal performance and 
safety.

The IMR is classified as an autonomous mobile robot due to its 
integration of intelligent motor control, a BMS, and a robust power 
distribution system, all of which interact with precise Infineon’s built-
in sensors. It operates independently without the need for external 
guidance, as it can generate maps from its environment, accurately 
identify its own location, and perform obstacle avoidance. The system 
architecture of the IMR reveals that it is powered by motors on each of 
its four wheels and includes two hot-swappable BMS units along with 
a pair of power distributors. These distributors use an interleaved buck 
converter design to reduce current ripple within the system. For its 
autonomous navigation capabilities, it utilizes a hybrid Time-of-Flight 
camera.

The IMR’s BMS, serves as a fully integrated, independent battery-
pack solution consists of both control and power components, as il-
lustrated in Fig.  9. At the core of the power board is the highly 
dependable Infineon’s BMS Integrated Circuit (IC) TLE9012DQU, which 
supports balancing of up to 12 Li-Ion cells connected in series. This 
IC also enables precise voltage monitoring for each individual cell. 
It includes five temperature sensing channels, which contribute to 
accurate assessments of the battery’s SoC and SoH.

Furthermore, the system incorporates diagnostic functionality for 
detecting open-wire and open-load conditions, as well as identifying 
overcurrent and undercurrent issues during the balancing process. To 
ensure stable communication with the main controller, a differential 
UART interface is employed. Moreover, IMR’s BMS contains several 
other devices such as the TLI4971 25 A, current sensor for the accurate 
measurement of the overall module current, as well as a 2ED4820-
EM MOSFET Gate driver that provides protection against overvoltage, 
undervoltage, and overcurrent conditions.

The current BMS includes algorithms for SoC and SoH estima-
tion, relying on a coulomb-counting approach for SoC and a full dis-
charge/charge cycle for SoH assessment. Additionally, the current state 
estimation strategy is based on aggregated system-level measurements, 
overlooking potential variations between individual battery cells, as 
discussed earlier. In this context, the authors propose an algorithm 
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Fig. 9. IMR’s BMS architecture and components for optimal control and power management.
Fig. 10. Architecture of the fine-tuned TinyML models for SoC and SoH 
estimation.

suitable for integration into the existing BMS, capable of delivering 
accurate SoC and SoH estimations with minimal memory footprint, thus 
meeting the constraints of embedded deployment.
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Table 6
Hyperparameter results of the BHO search of the top performing models for 
SoC (LSTM) and SoH (CNN_GRU).
 SoC (LSTM) SoH (CNN_GRU)  
 Input: (None, 60, 3) Input:(None, None, 1) 
 LSTM_1_Units: 64 Kernels: 3  
 Dense_1_Units: 1 Filters: 32  
 Activation: relu GRU_1_units: 16  
 – GRU_2_units: 16  
 – Dense_1_units: 96  
 – Dense_2_units: 1  
 – Activation: relu  
 Parameters: 17,473 Parameters: 5889  
 Pr_Parameters: 7653 Pr_Parameters: 1160  

For this task, the authors suggest using the Pr_LSTM model for 
SoC estimation, as it achieved the lowest memory requirements, of 
4.0kB, with satisfactory accuracy of 0.0114 and 0.0286 MAE and RMSE 
respectively and a satisfactory latency of 0.391 ms. Considering the 
SoH estimation, the Pr_CNN_GRU model, by utilizing just ICA data, 
achieved simultaneously, very low errors, with 0.0060 and 0.0130 MAE 
and RMSE respectively, and size of just 3.4 kB with 1.607 ms latency. 
The architecture of the projected models that authors recommend for 
implementation are presented in Fig.  10, where hyperparameters of 
those models, such as activation function, number of layers and units, 
were selected by the BHO algorithm and are presented explicitly in 
Table  6. The model hyperparameters, such as the number of hidden 
units and the filter size, remain the same in both the ‘simple’ and the 
projected models. The only aspect that changes during projection is the 
structure of the layers, where the convolutional, LSTM/GRU, and dense 
layers are replaced by their projected counterparts. Further details on 
the formulation of these projected layers can be found in [32].

It must be also noted that the aforementioned models were trained 
and tested for estimating the states of a single battery cell, not the entire 
battery module. Therefore, an algorithm should be developed to scale 
up the models’ cell-level estimations to the module level. The proposed 
algorithm is described in Section 3 and illustrated in Fig.  11, where, 
depending on the state to be estimated, different types of measurements 
must be extracted and converted into a specific form.

These measurements are obtained from Infineon’s IC TLE9012DQU, 
which provides voltage readings from each cell and includes five tem-
perature channels for measuring ambient temperature within the de-
vice. Additionally, the current of the entire battery module is measured 
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Fig. 11. Suggested diagram for displaying battery module’s SoC and SoH 
estimation.

using the high-precision, coreless current sensor TLI4971 25 A, as it was 
mentioned above.

Subsequently, based on the BMS mode (charging or discharging), 
the SoC value of the ‘worst-performing’ cell is selected to represent the 
state of the battery module. This approach is adopted due to the battery 
module’s architecture, 12 battery cells connected in series, where over-
charging or over-discharging even a single cell, can compromise the 
safety and functionality of the entire module, especially in lithium-ion 
batteries.

For the SoH value, the most aged cell is selected due to its high 
unpredictability, which can lead to localized temperature increases 
caused by its elevated internal resistance, further amplifying cell imbal-
ances and potentially resulting in reduced performance or even thermal 
runaway. It should also be noted that the aged cells are typically the 
‘bad’ ones, limiting the overall energy and power capabilities of the 
module. This SoH algorithm enables the identification of such cells, and 
their replacement can significantly enhance the lifespan of the battery 
module, thereby contributing to more accurate and effective health 
prognostics and diagnostics.

The overall objective of this study is to demonstrate a novel method 
for compressing and optimizing deep learning models using an in-
novative neural network projection technique developed in MATLAB, 
and to convert them into state-of-the-art TinyML models that can 
be efficiently deployed on microcontrollers designed for time-series 
processing. These models are capable of capturing both short- and long-
term patterns, handling variable-length inputs for the SoH estimation 
task, and enabling accurate battery state estimation while significantly 
reducing memory usage, computational load, and energy consumption. 
The resulting TinyML models can be scaled from individual cell-level 
estimations to module-level estimations for Infineon’s BMS, which man-
ages 12 battery cells connected in series. To support this, the authors 
propose a strategy that is straightforward to implement while en-
suring safety, control, and effective battery health monitoring (both 
prognostics and diagnostics). In this study, however, no module-level 
13 
validation experiments for SoC or SoH were performed, as the chosen 
approach focuses on the performance of single-cell state estimations, 
which were conducted offline for the ready-to-deploy TinyML models 
analyzed in Section 6. Module-level verification will be examined in 
future research, integrating it with the overall BMS control strategy, 
including cell balancing and temperature management.

7. Conclusion

In conclusion, this study developed four state-of-the-art TinyML 
models capable of processing variable-length inputs without padding 
for SoH estimation and fix length input (60 samples) for SoC esti-
mation. The models, based on CNN, LSTM, and GRU architectures, 
were comprehensively evaluated using multiple performance metrics, 
including MAE, RMSE, model size (kB), and latency (ms). For utilizing 
those models into a microcontroller, to perform real-time estimations, 
the computational and memory requirements of the models, must be 
minimized. For this task, authors utilized an innovative compression 
technique based on the projection of neural networks. This projection 
technique compresses model size up to 97.86% and in some cases 
reduced latency up to 49.72%, while their accuracy remained almost 
the same after fine-tuning the models. The top-performing TinyML 
variants were the Pr_LSTM for SoC and the Pr_CNN_GRU for SoH, each 
trained solely on ICA features. Pr_LSTM reached MAE = 0.0114 and 
RMSE = 0.0286 with a 4.0 kB footprint and 0.391 ms latency, while 
Pr_CNN_GRU achieved MAE = 0.0060 and RMSE = 0.0130, occupying 
just 3.4 kB and executing in 1.607 ms. Lastly, authors proposed an 
algorithm for up-scaling the estimations from cell to pack level, consid-
ering safe operation without cells’ over or under dis/charge, and with 
the ability to perform optimal health management of the battery pack, 
enhancing its overall lifespan.

Considering future applications, these models could support the 
development of more holistic BMSs, which utilize the models’ states 
estimation for balancing battery cells and thermal management. More-
over, a simpler architecture can be developed for SoH estimation, 
without the need of filters or features extraction from measurements, 
which can lower the complexity and computational requirements of the 
BMS. To further enhance inference efficiency, joint model optimization 
techniques can be explored, such as projection-quantization or pruning-
quantization, when compatibility allows. These combined approaches 
can potentially reduce latency and energy consumption during embed-
ded deployment while maintaining high accuracy. Lastly, a comparison 
analysis can be conducted for comparing the energy consumption of the 
models for state estimation, between cloud and on-edge solution.
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