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Abstract

It is now crucial to accurately monitor the state of health (SoH) of batteries in a setting
where the use of electric vehicles (EVs) and renewable energy technologies is still growing.
To solve this issue and evaluate the SoH, this paper makes use of deep learning technology.
The suggested method incorporates voltage, current, and temperature data, which are
important indications of the SoH and can potentially be obtained directly from the battery
management system (BMS). Although deep neural networks (DNNs) have previously
been employed for SoH estimation, our study distinguishes itself by implementing a
robust, completely configurable DNN application in MATLAB/Simulink R2019a. This
design enables the adjustment of activation functions, layer depth, and neuron count to
adapt to different battery aging conditions. To achieve optimal performance, numerous
configurations were examined, highlighting the relevance of hyperparameter setting. Our
technique avoids traditional feature engineering while providing a practical, adaptive, and
accurate SoH estimate framework appropriate for real-world integration. The precision
of the improved model was then verified against a Li-ion battery dataset with various
discharge profiles given by the national aeronautics and space administration (NASA). The
collected findings revealed that the proposed method is more accurate and robust than
other regularly used models. The DNN model achieved a Mean absolute error (MAE) of
1.433% and a Coefficient of determination of 0.99998, outperforming previous methods
such as CNN-BiGRU, which reported an MAE of 2.448% in a recent publication. This study
demonstrates the reliable performance of the DNN in predicting the SoH of Li-ion cells.

Keywords: lithium-ion battery; state of health; deep learning; electric vehicles; machine
learning

1. Introduction
The energy transition to sustainable mobility is highly reliant on the electrification of

the transportation sector, which aims to significantly reduce carbon dioxide emissions while
improving overall energy efficiency [1]. As a result, an increasing number of countries
have switched from internal combustion engine vehicles (ICE) to EVs fueled by improved
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battery systems. Owing to recent advances in energy storage technology, Li-ion packs
have emerged as the preferred energy option for EVs. They outperform other battery
technologies in terms of energy and power density, low self-discharge rate, long lifespan,
and overall efficiency [2]. Due to its relatively high cost, the electric vehicle battery is
equipped with a battery management system (BMS) [3]. This system ensures the safety,
reliability, and proper functioning of the battery under a wide range of driving conditions.
It continuously monitors several key parameters of internal battery states, including state of
charge (SoC), state of health (SoH), state of energy (SoE) [4], and overall operating condition,
to optimize performance, extend system lifespan, and prevent any risk of failure [5].

The SoH is a dynamic metric that indicates the gradual degradation of a battery,
typically characterized by a decline in capacity or an increase in internal resistance over
time [6]. It is commonly defined as follows:

SOH[%] =
Ck
C0

× 100 (1)

where C0 represents the nominal capacity, and Ck refers to the capacity measured during
cycle k.

A new battery typically has an SoH of 100%, while a value below 70–80% generally
indicates that it has neared its useful life [7]. Lithium ion battery technology is now the
preferred solution for energy storage in both mobile devices and EVs, owing to its major
advantages, including light weight, high energy density, small size and low memory ef-
fect [8,9]. However, these cells inevitably suffer from aging influenced by multiple internal
and external factors, including operating conditions, constituent materials, increased inter-
nal resistance [10], charge/discharge rate, and temperature. This aging results in a gradual
decrease in available capacity and power, compromising not only performance but also
safety, and increasing the risk of failure and thermal runaway [11,12]. In a context where a
sudden failure can lead to considerable economic losses, particularly in the industrial and
electric mobility sectors, the ability to quickly and accurately predict the SoH of lithium ion
packs is of crucial importance. It is in this context that deep learning models appear to be a
promising avenue, offering powerful tools for predicting and monitoring SoH evolution in
the face of the complexity and non-linearity of aging phenomena [13,14].

The SoH prediction methods for rechargeable cells are generally divided into three
main categories: model-based approaches [15–17], data-based approaches, and hybrid
approaches [18,19]. While model-based methods aim to simulate the internal variables
of batteries, data-based methods aim directly to exploit the information collected dur-
ing experimental measurements, thus reducing the complexity present in electrochemical
systems [20], and this is considered an alternative and effective solution. Data-driven pre-
diction approaches rely primarily on machine learning (ML) techniques rather than explicit
physical models [21–23]. They use large sets of monitoring data, derived from experiments
or real-world operations, to train mathematical models capable of describing the dynamics
of aging and anticipating the degradation of Li ion packs [24,25]. Advances in computing
power and hardware infrastructure have significantly reduced the complexity and costs
associated with their implementation while facilitating their large-scale deployment. These
approaches now provide an appealing blend of precision, minimal computational cost,
and usefulness, making them a feasible option for reliably predicting battery SoH.

The process of experimentation is the simplest way to determine the state characteris-
tics of a battery. In Ref. [26], a Li-ion electrochemical system using single-particle modeling
was proposed to monitor the evolution of internal degradation in lithium ion packs in
real time while improving the parameter identification procedure. In Ref. [27], factors
influencing the SoH of lithium ion cells were extracted from electrochemical impedance
spectroscopy and then used to predict SoH using a regression model based on Gaussian
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processes. However, this experimental approach requires strict environmental and ex-
perimental conditions, which limits its practical application for SoH prediction in real
vehicles. In Ref. [28], a hybrid estimation algorithm combining the unscented Kalman filter,
the Ampere-Hour method, and the open-circuit method was developed. This approach
takes into account variations between cells in batteries and validates predictions obtained
during real-world driving situations. In reference [29], the effect of SoH, SOC, and temper-
ature on the parameters of the Thevenin equivalent circuit model was studied in order to
obtain a more accurate identification of the parameters. Although electrochemical models
offer high accuracy, identifying their parameters remains a major challenge, which limits
their practical application [30]. In Ref. [31], a new approach to predicting the SoH was
introduced, based on incremental capacity analysis and empirical signal decomposition
using a directed acyclic graph structure. This method highlights regenerative fluctuations
in battery capacity. However, model-based approaches require in-depth knowledge of
aging mechanisms and precise mathematical formulation. They therefore remain complex
and highly computationally intensive, which limits their practical applicability.

Model-based approaches founded on electrochemical theories or equivalent circuit
models such as the Thevenin model [32] aim to simulate the internal processes of the
battery with a solid physical foundation. These methods can achieve high accuracy when
their numerous parameters (resistances, capacitances, diffusion coefficients) are precisely
identified [33]. However, parameter identification is a complex task that must be repeated
periodically to adapt to the evolving characteristics of the battery during aging. These
requirements limit the practical applicability of such models for real-time estimation in
embedded BMS, as effective parameter tuning remains challenging and computationally
demanding under dynamic operating conditions.

Techniques based on data do not necessitate an in-depth knowledge of the aging
mechanics of lithium ion battery cells. They use historical and real-time data to assess
the state of the pack and predict its behavior. In recent years, the advancement of neural
networks and big data technologies has enabled researchers to investigate the potential of
machine learning to estimate the SoH of cells. In Ref. [34], a method combining particle
filtering and support vector machines was developed to predict the remaining life of
li-ion packs. In Ref. [35], an online estimation model for the actual capacity of vehicle
batteries was developed using long short-term memory (LSTM) recurrent neural networks.
The input data came directly from the vehicles’ voltage sensors, and the results confirmed
the model’s ability to filter noise while demonstrating excellent reliability. In Ref. [36],
a data-driven framework was proposed for estimating the SoH in real EVs using neural
networks. The accuracy and feasibility of the method were verified using critical data like
current and operating temperature from the vehicles’ BMS. In Ref. [37], a new method
based on support vector machines was proposed to predict the remaining life and SoH
of cells. In Ref. [38], a new SoH prediction model was introduced, based on the XGBoost
algorithm applied to logistic atomic orbital search, enabling reliable estimates even under
noisy conditions.

Among the most commonly used models for obtaining accurate estimates are linear
regression (LR) [39], Gaussian process regression (GPR) [40], support vector regression
(SVR) [41], long short-term memory (LSTM) networks [42], and temporal convolutional net-
works (TCNs) [43]. Much research aims to improve battery SoH estimation performance by
combining these models with various hyperparameter optimization techniques. Optimized,
data-driven models have been shown to adapt effectively to different types of datasets.
In Ref. [44], a systematic review of machine-learning-based methods for predicting the SoH
of lithium ion cells is presented.
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Recent research in battery State of Health estimation has increasingly focused on
complex hybrid deep learning architectures, such as Attention-CNN-LSTM and TCN-
LSTM [45,46]. These models can capture both spatial and temporal dependencies in
battery data, achieving high predictive accuracy. However, their architectural complexity
comes at the cost of a large number of trainable parameters, intensive computational
requirements, and challenging hyperparameter tuning. Furthermore, most of these models
are trained on idealized laboratory datasets, which limits their generalization to real-
world electric vehicle (EV) conditions, including sensor noise, dynamic load profiles,
and temperature variations. Beyond predictive accuracy, most studies pay little attention to
the strict hardware constraints of embedded BMS. Models must balance performance with
computational efficiency, including limited parameters, low memory usage, and minimal
energy consumption during inference. Complex hybrid architectures often overlook this
requirement. Our work demonstrates that an optimized DNN can achieve high accuracy
while remaining simple and suitable for microcontroller-based BMS deployment [47].

1.1. Current Challenges in Battery SoH Prediction

A significant amount of research has been devoted to predicting the SoH of lithium ion
packs. Data-driven approaches, particularly those based on machine learning, are attracting
growing interest. However, most existing work still relies heavily on experimental data,
and several difficulties and challenges remain to be overcome:

(1) The batteries in EVs are subject to dynamic and diverse environments (temperature,
charge/discharge profiles, driving conditions). This variability contrasts sharply with
the relatively stable and unique conditions found in experiments, making it difficult
to generalize predictive models to real-world situations.

(2) The extraction of parameters representative of the SoH of the battery suffers from
low efficiency and presents great difficulties. These limitations complicate the adapta-
tion of existing methods to online and embedded prediction, which is essential for
deployment in battery management systems (BMSs) for vehicles.

(3) The majority of current algorithms for SoH prediction rely heavily on data collected
directly from vehicles. This data must be extensive and of high quality, but acquiring
it is costly and difficult. This dependency limits the effectiveness and accuracy of
predictions, particularly in varied or noisy conditions.

To respond to these challenges, the use of DNN is a promising approach. These
networks make it possible to automatically capture complex, non-linear relationships,
reduce dependence on traditional feature extraction methods, and improve the accuracy
of SoH predictions in real-world conditions. In this work, the developed a DNN model
that showed superior accuracy in terms of MAE compared to the CNN + BiGRU model
presented in Ref. [39]. These results highlight the ability of DNNs to effectively exploit raw
data and provide more reliable and generalizable SoH predictions.

The structure of this article is as follows: A comprehensive theoretical analysis of deep
neural networks is given in Section 2. The methodology and experimental data are outlined
in Section 3. Section 4 presents and discusses the experimental results. Finally, Section 5
concludes this work with a summary of the main contributions.

1.2. Main Contributions of This Study

The main contributions of this article can be summarized as follows:

• A novel DNN architecture optimized for battery SoH estimation, featuring a strate-
gic combination of tansig (hidden layers) and satlins (output) activation functions
designed to ensure stable performance. The model demonstrates superior accuracy
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(1.433% MAE) compared to complex hybrid approaches like CNN-BiGRU (2.448%
MAE) while maintaining substantially reduced computational complexity.

• An enhanced MATLAB interface overcoming toolbox limitations by supporting 15 ac-
tivation functions (compared to 3 or 4 standard options), enabling systematic architec-
tural exploration and optimization for battery SoH estimation models through visual
comparison rather than manual coding.

• Comprehensive validation demonstrating robust performance across temperature
variations (24 °C for B0006/B0007, 4 °C for B0048) and throughout aging cycles (1–168),
confirming practical applicability for electric vehicle battery management systems.

• The model in this study demonstrates enhanced generalization capability and superior
modeling of complex battery dynamics compared to conventional architectures (1D
CNN, BiGRU, BILSTM, GRU, LSTM, ANN) and hybrid approaches (CNN-BiGRU)
while maintaining consistent performance accuracy across diverse operating condi-
tions for reliable state of health monitoring.

2. Analysis of DNN Hyperparameters and Architectures for Reliable
SoH Estimation

One of the main contributions of this work is the development of an interactive
application that includes a dynamic DNN configuration module. This interface allows users
to test and compare several activation functions and different neural network architectures
in order to identify the optimal combination for estimating the SoH of li-ion cells. Figure 1
represents the architecture of a deep neural network for reliable SoH estimation, along with
the corresponding activation functions. Unlike most existing studies, where the network
architecture and hyperparameters are set manually, our approach offers an adaptable
platform that allows for systematic exploration of the model parameters [1]. This flexibility
offers a twofold advantage: on the one hand, it allows researchers to better understand the
influence of activation functions and network structures on estimation accuracy; on the
other hand, it facilitates the hyperparameter optimization process without requiring in-
depth knowledge of the code. Figure 2 shows a diagram of the procedure for estimating SoH.
Thus, the proposed model is distinguished by its explanatory and experimental nature,
combining deep learning and interactivity to improve the reliability of battery health
prediction. Figure 3 shows the flowchart of the proposed algorithm.

The main interface (see Figure 2) includes several features:

1- Importation of experimental inputs.
2- Importation of the corresponding output data.
3- Enter the activation function to be used.
4- Specify the hidden layer number.
5- Set the total of neurons in each hidden layer.
6- Drop-down menu includes several commonly used activation functions: satlin, satlins,

netinv, poslin, purelin, radbas, radbasn, compet, hardlims, logsig, softmax, tribas,
elliotsig, hardlim and tansig.

7- Confirm the configuration before proceeding to the next step.
8- Choose the output activation function appropriate for the type of prediction.
9- Set the correct activation function.
10- Generate the neural network and run the test.
11- Plot the curves corresponding to the training data.
12- Plot the curves corresponding to the testing data.
13- Plot the validation curves.
14- Visualize the error between the validation data and the output estimated by the DNN.
15- Restart the application to perform a new simulation with modified parameters.
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Figure 1. Deep neural network architecture for estimating the SoH.

Figure 2. A diagram outlining a reliable procedure for estimating the SoH.

In this work, the tansig function was employed for hidden layers:

f (x) =
ex − e−x

ex + e−x (2)

It ensures efficient and reliable modeling of nonlinear relationships while maintaining
values between −1 and 1, leading to excellent stability and optimal learning. For the output
layer, the satlins function was selected so that we could obtain model outputs that are
consistent with the physical changes related to SoH:
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f (x) =


x, if − 1 < x < 1,

−1, if x ≤ −1,

1, if x ≥ 1.

(3)

For comparison, it was observed that the ReLU function, which has been utilized in
various works related to this study, is defined as follows:

f (x) = max(0, x) (4)

Figure 3. The application flowchart operation concept algorithm.

While it accelerates learning, it can sometimes produce unlimited outputs, and the
latter is not suitable for predicting SoH. In this study, several activation functions were
tested (ReLU, logsig, purelin, radbas, etc.), while the combination of tansig–satlins gave
a balanced result in terms of stability and accuracy despite the presence of measurement
noise and convergence speed in training. The satlins function limits help to reduce the
effects of noise (current, voltage, and temperature) and avoid extreme outputs, leading
to physically consistent values. The tansig function exhibits moderate nonlinearity and
is suitable for the gradual degradation caused by charge/discharge cycles. In contrast,
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the ReLU function generates positive and unbounded outputs, making it unsuitable for
data settled in the interval [−1, 1]. Furthermore, it can create hollow activations, and this
reduces the network’s ability to identify important small variables in battery signals.

In ref. [48], the authors employed the following activation functions tansig-purelin
to predict SOC. However, the purelin function, although it simplifies the network output,
does not limit the range of predicted values, and this may result in inefficient results when
there is measurement noise. In this study, the satlins activation function was used instead of
purelin to impose output saturation and achieve greater numerical stability. This approach
allows for more accurate predictions of the SoH and a robust model capable of providing
reliable results despite experimental variations.

3. Experimental Studies: Data Collection
The experimental dataset used in this study was selected from the Li-ion database

of the NASA PCoE (Prognostics Center of Excellence) research center. Batteries #06 and
#07 had a nominal capacity of 2 Ah, and the charge/discharge tests were carried out at
an ambient temperature equivalent to 24 °C. However, for battery #48, the tests were run
with a temperature setting of 4 °C. The evolution of the SoH of batteries B0006, B0007,
and B0048 versus cycles is depicted in Figure 4. The dataset includes values obtained from
the terminal (V, I, T), capacity, and impedance of an 18650 NCA Li-ion cell. The main
chemical characteristics of this rechargeable battery are summarized in Table 1. In the
MATLAB implementation, the standard data division of the Neural Network Toolbox was
used, with 70% of the cycles allocated to training, 15% to validation, and 15% to testing.
The training data cover the entire battery aging process, while the randomly shuffled
split enables the model to learn the relationship between voltage, current, temperature,
and SoH across the full degradation range. The main characteristics of the discharge tests
for the three Li-ion cells from the NASA dataset are summarized in Table 2. To evaluate the
model’s performance at different temperatures and discharge rates, batteries 06, 07, and 48
were selected for this study [49]. Figures 5–7 illustrate the discharge current, voltage, and
temperature profiles of battery #0006 at different aging stages.

Figure 4. Capacity degradation over cycles for the different cells selected.
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Figure 5. Current discharge profiles of battery #06 at the 40th, 80th, and 168th cycles (aging cell).
Only a segment of the discharge is shown for clarity, as the current is constant at 2 A.

Figure 6. Voltage discharge profiles of battery #06 for the fresh cell (1st cycle), the 90th cycle, and the
aged state (168th cycle).
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Figure 7. Temperature profiles of battery #06 for the fresh cell (1st cycle), the 90th cycle, and the aged
state (168th cycle).

Table 1. Battery chemical characteristics.

Characteristics of the Cells Tested Specifications

Cell chemistry 18650 NCA cell

Nominal capacity 2000 mAh (2 Ah)

Upper cut-off voltage 4.2 V

Table 2. Characteristics of the discharge tests for three Li-ion cells from the NASA dataset.

Battery
Number

Discharge
Current Temperature Cut-Off

Voltage
Initial

Capacity

#0006 Constant 2 A
(CC) 24 ◦C 2.5 V 2.0353 Ah

#0007 Constant 2 A
(CC) 24 ◦C 2.2 V 1.8910 Ah

#0048 Constant 1 A
(CC) 4 ◦C 2.7 V 1.6579 Ah

4. Results and Discussions
In this study, the developed DNN model provides even more accurate SoH estimates.

For battery #06, the DNN achieves an MAE of 1.433%, while the CNN-BiGRU, used as
a reference in previous work, has an MAE of 2.448%. As a reminder, the maximum
errors observed for the CNN-BiGRU were 7.5% for set #06 and 6% for sets #07 and #48.
These results highlight the superior performance and accuracy of the DNN compared to
the CNN-BiGRU. Figures 8–10 present the comparison between the DNN-estimated SoH
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and the measured SoH, along with the corresponding estimation errors, for battery sets
#06, #07, and #48, respectively, demonstrating the high accuracy and consistency of the
proposed model across different cells.

This improved performance is attributed to the ability of the DNN to exploit multiple
hidden layers and various activation functions, enabling it to effectively model the complex
dynamics of batteries and generalize across different charge profiles and temperature
conditions. The DNN also accurately tracks the overall degradation trend while taking into
account the local capacity regeneration phenomenon, which can cause occasional variations
in estimates. The graphical interface developed for the DNN facilitates training, validation,
and direct visualization of performance, offering a practical solution for implementing SoH
estimation in battery management systems for EVs. These results suggest that DNN can
outperform CNN-BiGRU models under certain conditions, due to its flexibility and capacity
to handle complex nonlinearities. The potential limitations of CNN-BiGRU, such as the
complexity of hyperparameter tuning or generalization across different battery sets, warrant
exploration in future comparative studies. To accurately evaluate the performance of the
proposed model, the mean absolute error (MAE), mean square error (MSE), and coefficient
of determination R2 were adopted as evaluation metrics.

MAE =
1
n

n

∑
i=1

|yi − ŷi| (5)

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (6)

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ȳ)2 (7)

where ȳ represents the mean of actual SoH values.
The following presents the findings obtained from the DNN. The outcome of the

SoH-monitoring experiment is presented once the model hyperparameters have been fixed.
Next, the performance of the proposed DNN model is compared to that of the CNN-BiGRU
model, and then to that of several other architectures, including 1D CNN, CNN-LSTM,
BiGRU, and ANN. All of these models are supplied by the same (I, V, T) inputs. The errors
MAE and MSE, and R2 were evaluated for batteries B0006, B0007, and B0048 using the
dataset of the NASA PCoE for the DNN algorithm. The findings are presented in Table 3.

Variation in mean square error (MSE) at different epochs for the training, test, and val-
idation datasets is depicted in Figures 11a–13a. The green circle indicates the highest
model performance. Figures 11b–13b represent the error histograms of the selected datasets.
These two figures reveal that the errors converged to zero. The errors correspond to the
difference between the DNN outputs and the targets. The results presented in the figures
were generated by a ten-layer DNN. In this case, the target was the SoH calculated from the
experiment. For battery B0006, the validation trend indicates the highest performance at
4.9313 × 10−3 at 591 epochs. For the rechargeable cell B0007, the validation trend achieved
the highest performance at 3.5265 × 10−3 at 336 epochs. For battery B0048, the validation
trend attained the highest performance at 3.5485 × 10−2 at 177 epochs.
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Figure 8. The DNN-calculated SoH vs the real SoH and the estimation error on battery set #06.

Figure 9. The DNN-calculated SoH vs the real SoH and the estimation error on battery set #07.
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Figure 10. The DNN-calculated SoH vs the real SoH and the estimation error on battery set #48.

Figure 11. (a) Mean square error of test, validation, and training datasets over various epochs.
(b) Error histogram shows the difference in both the Target and DNN outputs for battery B0006.
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Figure 12. (a) Mean square error of test, validation, and training datasets over various epochs.
(b) Error histogram shows the difference in both the Target and DNN outputs for battery B0007.

Figure 13. (a) Mean square error of test, validation, and training datasets over various epochs.
(b) Error histogram shows the difference in both the Target and DNN outputs for battery B0048.

To provide a comprehensive evaluation of the proposed DNN model, additional
neural network architectures, including GRU, LSTM, BiGRU, BiLSTM, and CNN, were
considered for comparison, as they represent the main families of models commonly
applied in recent SoH estimation studies. The architectures of these models are detailed in
Table 4, highlighting their key configurations. Figure 14 illustrates the comparison of the
actual SoH and the SoH predicted by each of these models over the battery cycles, along
with the corresponding estimation errors on battery set #06. The results clearly demonstrate
that the MATLAB-developed DNN consistently achieves estimation errors closer to zero
and exhibits lower error variability compared to the other networks, confirming its superior
performance in accurately capturing battery degradation trends. Figures 15–17 were
obtained using the DNN model trained on a publicly available NASA dataset. The results
illustrate that the coefficient of determination values approach 1, demonstrating the reliable
performance of the model for highly accurate SoH estimation.
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Table 3. Comparison of different methods for evaluating the SoH of various batteries.

Method Battery No. MAE (%) MSE (%) R2 References

BIGRU

Battery #06

5.467 - - [50]

CNN-BiGRU 2.448 - - [50]

CNN-LSTM 3.446 - - [50]

ANN 4.333 - - [50]

1D CNN 3.969 - - [50]

DNN proposed 1.433 0.4931 0.99998 -

DNN proposed Battery #07 2.932 0.3526 0.99996 -

CNN-LSTM Battery #07 3.188 - - [50]

1D CNN Battery #07 3.673 - - [50]

ANN Battery #07 5.413 - - [50]

DNN proposed Battery #48 4.391 3.5485 0.99957 -

TCN Battery #05 1.455 - - [51]

Modified GPR Battery #05 1.700 - - [52]

CNN-GRU Battery #05 4.040 - - [53]

CNN-LSTM Battery #05 4.340 - - [53]

ADLSTM-MC Battery #06 2.700 - - [54]

BOA-XGBoost
15 cells under
different aging
conditions

2.640 - - [55]

Table 4. Architectures of the neural network models used in the comparison.

Model Architecture Component Specification

GRU Number of GRU units (64, 32)
LSTM Number of LSTM units (128, 64)
BiGRU Number of Bidirectional GRU units (96, 48)
BiLSTM Number of Bidirectional LSTM units (256, 128)
1D-CNN Number of convolutional filters (64, 128, 256)

Although the proposed DNN model does not explicitly predict the knee point as
a standalone output, it provides an accurate and continuous estimation of the State of
Health (SoH) over the entire aging process. This high-fidelity SoH trajectory constitutes a
reliable basis for a posteriori knee-point identification through the analysis of degradation
dynamics. As evidenced by the estimated SoH curves, a clear change in slope corresponding
to accelerated degradation is observed for batteries B0006 and B0007 around cycles 50 and
48, respectively. These inflection points occur under identical experimental conditions
(24 °C and identical charge/discharge profiles), highlighting consistent aging behavior
while still reflecting cell-to-cell variability, mainly due to differences in initial capacity,
which explains the distinct SoH levels at the knee point (approximately 88% for B0006 and
96% for B0007). In contrast, battery B0048, tested at a low temperature of 4 °C, exhibits a
markedly different degradation pattern characterized by rapid and monotonic capacity
loss from the first cycles, without a clearly identifiable classical knee point.
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Figure 14. Comparison of the real SoH and SoH predicted by various neural network models (GRU,
LSTM, BiGRU, BiLSTM, 1D CNN) over cycles and the estimation error on battery set #06.

The MATLAB interface developed in this work serves solely as an offline tool for
model development and is not integrated into the BMS for real-time operation. To assess
the potential computational impact of the proposed approach, a comparison of model archi-
tectures has been performed. As summarized in Table 5, our optimized DNN architecture
exhibits a low computational footprint, with only 8521 parameters, representing a substan-
tial reduction compared to the referenced CNN-BiGRU model [50] with 299089 parameters.
The characteristics of the observed knee points, including their occurrence cycles, corre-
sponding SoH levels, and associated degradation behaviors, are systematically summarized
in Table 6, providing a concise comparison across different batteries and operating tem-
peratures and further illustrating the reliability of the proposed model with respect to
cell-to-cell variability. The estimated inference latency of the compact DNN ranges from ap-
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proximately 1 to 8 ms, based on established analytical frameworks linking model complexity
and deployment constraints to execution times on microcontroller-class processors [53,56].
Although these estimates have not yet been validated experimentally, they demonstrate
that the proposed architecture has the potential to satisfy typical BMS requirements. Fur-
thermore, Table 7 presents a comparative analysis of SoH estimation methods including
latency metrics, providing a broader context for the real-time applicability of different ap-
proaches. Experimental validation on representative embedded hardware, such as STM32
microcontrollers, is considered a perspective for future work, focusing on implementation
engineering rather than algorithmic development.

Figure 15. Training, testing, and validation values of the R2 for the B0006 cell.

Table 5. Computational complexity comparison of different models [50].

Metrics CNN-
BiGRU

CNN-
LSTM BiGRU-1D CNN ANN-1 Proposed

DNN

Number of
trained
parameters

299,089 228,401 126,625 35,041 6017 8521

Model size
(MB) 3.57 2.73 1.52 0.48 0.09 0.10
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Figure 16. Training, testing, and validation values of the R2 for the B0007 cell.

Table 6. Comparative analysis of knee point occurrence and degradation behavior across different
batteries and operating temperatures.

Battery Temperature SoH at Knee-Point Cycle of Knee-Point Characterization

#0006 24 ◦C ∼88% ∼Cycle 50 A distinct change in slope, marking the onset
of an accelerated degradation phase.

#0007 24 ◦C ∼96% ∼Cycle 48 The same acceleration phenomenon is
present, occurring at a higher state of health.

#0048 4 ◦C Not applicable From Cycle 0
No classical knee-point is observed; rapid
and continuous degradation is induced by
the low temperature.
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Figure 17. Training, testing, and validation values of the R2 for the B0048 cell.

Table 7. Comparative analysis of SoH estimation methods including inference latency.

Reference Model Dataset/Source Execution Platform Latency Latency Type

[57] MLP XJTU battery dataset +
simulation

Raspberry Pi 4B (CPU) 28 ms Measured

[57] LSTM XJTU battery dataset +
simulation

Raspberry Pi 4B (CPU) 49 ms Measured

[58] TinyML FFNN
(quantized)

Experimental UAV Li-
poly battery data

ARM Cortex-M0+ ≈2 ms Measured

This
work

DNN NASA PCoE battery
dataset

MCU-class processor
(Cortex-M)

≈1–8 ms Estimated (analytical,
based on [53,56])

Considerations on Real-World EV Applicability

While our model demonstrates strong performance on constant-current discharge data
(MAE = 1.433%), its application to real electric vehicle (EV) operation requires consideration
of several practical factors. Real-world EV usage involves dynamic current profiles from
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standardized driving cycles such as WLTC, UDDS, and US06, which feature significant
current variability, temperature fluctuations, and partial cycling patterns not present in
controlled laboratory CC tests. It is important to note that although our dataset includes
different temperature conditions (24 °C for batteries B0006/B0007 and 4 °C for B0048), it
does not capture continuous temperature variations during individual discharge cycles.
This represents a limitation compared to real EV operation, where battery temperature
evolves dynamically in response to driving conditions, ambient temperature changes,
and thermal management system operation, all of which influence both performance and
degradation rates.

Based on preliminary analysis and comparative studies from the literature [59], adapt-
ing our model to WLTC driving conditions might increase the MAE to approximately
1.6–2.2%, which remains competitive with state-of-the-art methods. Future work will focus
on implementing transfer learning techniques to bridge the gap between CC laboratory
data and dynamic real-world profiles, with particular emphasis on modeling the coupled
electrical and thermal dynamics characteristic of actual EV operation.

5. Conclusions and Perspectives
The precise prediction of the SoH is a critical factor in maintaining battery efficiency,

extending battery life, and preventing overuse. In this study, a DNN-based model was de-
veloped to improve SoH estimation accuracy compared to CNN-BiGRU hybrid approaches
reported in the literature. To perform the suggested model’s effectiveness under real-
world scenarios, a dataset on lithium ion batteries with various discharge configurations
(discharge current and operating temperature) obtained from NASA was employed in
all experiments. The designed model used current (I), voltage (V), and temperature (T)
measurements as its direct input variables. In addition, the results of other networks, specif-
ically BiGRU, 1D CNN, CNN/LSTM, and ANN, were also presented in this manuscript
for performance comparison. The results show that the DNN achieves superior perfor-
mance, with a MAE of 1.433% for battery B0006, compared to 2.448% for CNN-BiGRU.
This improvement highlights the potential of DNN to effectively model complex nonlinear
relationships between battery operating variables while ensuring better generalization
across different datasets and temperature conditions. In addition, the integration of a graph-
ical interface facilitates the process of training, validation, and performance visualization,
making this approach particularly suitable for battery management systems in EVs.

Although hybrid architectures such as CNN-BiGRU have shown promising results in
prior studies, their high structural complexity and large number of trainable parameters
limit their suitability for embedded BMS implementation. In contrast, the proposed DNN
offers a compact and computationally efficient architecture, enabling accurate and con-
tinuous SoH estimation with low inference latency compatible with real-time constraints.
Beyond prediction accuracy, the smooth and continuous SoH trajectories produced by the
model provide a reliable basis for identifying degradation inflection points, supporting
advanced aging analysis without requiring an explicit knee-point predictor.

Future work will focus on extending the proposed framework toward real-world EV
operating conditions by incorporating dynamic driving cycles and continuously varying
thermal profiles. Transfer learning will be employed to adapt the model to different battery
chemistries and operating domains, while additional degradation-related features, such as
internal resistance indicators, will be integrated to further enhance generalization. Finally,
experimental validation on representative embedded hardware platforms will be pursued
to bridge the gap between algorithmic development and practical BMS deployment.
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