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Abstract Resumen

A generalizable deep learning method for Li-ion battery SoH (State of Health) is
proposed. An identity embedding conditions the model to the degradation of each
cell; physics-guided features Rproxy and Paps complement cycle statistics. We
compare GRU, CNN-GRU, LSTM, and CNN-LSTM on NASA cells B0005—
B0007/B0018. Hyperparameters are tuned with validation; MAE, RMSE, MAPE,
and R2 are reported on held-out tests. All architectures track the SoH with high
fidelity (R? mostly >0.96). On average, GRU achieves the lowest MAE/RMSE and
the highest R?; CNN-GRU handles end-of-life transitions well; CNN-LSTM
obtains the lowest MAE/MAPE on B0007.

Goal

Methodology
-Single model generalizes across| | Inputs: cycle stats + Rproxy
NASA cells and Pas + identity
-Avoid IC curves and modal embedding
decompositions

A\ J
Models: GRU, CNN-
GRU, LSTM, CNN-

Contribucién

-R? mostly > 0.96 across cells

-GRU: best mean MAE/RMSE and R? LST™M

- CNN-GRU strong at end of life;

CNN-LSTM  lowest MAE/MAPE Y

(B0007) Metrics: MAE, RMSE,
MAPE, R?

Deep learning, Identity embedding, State of Health

Se propone un método de aprendizaje profundo generalizable para el SoH de baterias Li-
ion. Un identity embedding condiciona el modelo a la degradacion de cada celda; rasgos
guiados por fisica Rpoxy and Pans complementan estadisticas de ciclo. Comparamos GRU,
CNN-GRU, LSTM y CNN-LSTM en las celdass NASA B0005-B0007/B0018. Los
hiperpardmetros se ajustan con validacién; MAE, RMSE, MAPE y R? se reportan en
pruebas retenidas. Todas las arquitecturas siguen el SoH con alta fidelidad (R?
mayormente >0.96). En promedio, GRU logra el menor MAE/RMSE y el mayor R?
CNN-GRU presenta desempefio robusto en la fase de fin de vida (EoL), capturando
transiciones rapidas con bajo error.; CNN-LSTM obtiene el menor MAE/MAPE en B0007.

Objetivo

Metodologia

- Un solo modelo que generalice entre Entradas: estadisticas de
celdas NASA

- Evitar el uso de curvas IC y
descomposiciones modales

Ciclo + Rproxy and Pays +
embedding de identidad

\ 4
Modelos: GRU, CNN-
GRU,

LSTM, CNN-LSTM

Contribucion

-R? mayormente > 0.96 entre celdas.
-GRU: mejor promedio MAE/RMSE

yR?
-CNN-GRU desempefio robusto en la v
fase de fin de vida; CNN-LSTM Métricas: MAE, RMSE,

menor MAE/MAPE (B0007) MAPE, R2
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Introduction

One of the main applications of lithium-ion
batteries (LIBs) is in electric vehicles (EVSs),
driven by the need to reduce dependence on
fossil fuels and mitigate climate change. LIBs
are characterized by their high energy density
(120-220 Wh/kg), long cycle life (~2000 cycles),
and low maintenance requirements.
Nevertheless, significant limitations remain,
including the high cost—which accounts for
approximately 30% of the total cost of an EV—
and the risk of overheating.

Among the most widely used LIB
chemistries are lithium iron phosphate (LFP,
LiFePOs), known for their safety and low cost
but lower energy density; lithium nickel cobalt
manganese oxide (NCM, LiNiMnCoO:), which
provide a balance between safety, energy density,
and lifespan; and lithium nickel cobalt aluminum
oxide (NCA, LiNiCoAlQO:), which offer high
energy density suitable for long-range EVs but
are more thermally unstable (Ralls et al., 2023;
Shen et al., 2018).

Given these challenges, safety is a
critical factor, making the implementation of
battery = management  systems  (BMSs)
indispensable. These systems not only prevent
short circuits and overheating but also enable the
estimation of key parameters such as the state of
charge (SoC), state of health (SoH), and
remaining useful life (RUL).

Current trends in BMS development
highlight the integration of artificial intelligence
(Al) and cloud computing, which improve
prediction accuracy and reduce the risk of
failures. In this context, the present work focuses
on the implementation of Al-based approaches
for the prediction of the SoH of LIBs (Tranetal.,
2022; Yang et al., 2021).

The SoH of a battery is inherently a
sequential process, so recurrent neural networks
(RNNs) are well-suited for their estimation.
Among them, the long short-term memory
(LSTM) network has become one of the most
widely adopted due to its ability to capture long-
term temporal dependencies. Moreover, these
architectures can be combined with other types
of networks, such as convolutional neural
networks (CNNSs), to enhance feature extraction.
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In this regard, an improved model for
SoH estimation of LIBs, based on a CNN-LSTM
architecture with skip connections, integrates the
incremental capacity (IC) curve as an input
feature and employs a feature selection
algorithm to eliminate redundant information,
thereby reducing computational complexity; the
model was validated on the NASA and Oxford
datasets, achieving superior accuracy (Root
Mean Square Error (RMSE) < 0.004) and greater
robustness compared to previous architectures,
thus demonstrating its ability to generalize
across different cells within each dataset (Xu et
al., 2023)

Other studies have focused on improving
input-feature quality and guiding LSTM
networks to prioritize the most informative
portions of the historical sequence rather than
weighting all time steps equally, while also
incorporating stochastic methods to enhance
robustness. For example, an enhanced LSTM-
based framework for LIB SoH estimation
couples variational mode decomposition
(VMD)—to separate long-term degradation
trends from local fluctuations—with an LSTM
augmented by a self-attention (SA-LSTM)
mechanism to capture long-range temporal
dependencies, while a particle filter (PF) models
the residual (trend) component; trained and
validated on the NASA Ames repository with
inputs including current, voltage, temperature,
SoC, and derived features, this approach
outperformed Bi-LSTM and support vector
regression (SVR) baselines, achieving RMSE
values between 0.84 and 1.4 across cells (Ravi et
al., 2022)

Alternatively, several studies employ
gated recurrent unit (GRU) networks as a variant
of RNNs owing to their lower parametric
complexity relative to LSTM and consequently
shorter training times. These networks can also
be integrated with other architectures; for
example, an end-to-end CNN-GRU architecture
for the joint estimation of SoH and RUL uses a
1D CNN as an automatic feature extractor, a
GRU for long-range temporal dependencies, and
a fully connected layer for outputs; meta-
optimization via the artificial lemming algorithm
(ALA) tunes key hyperparameters, and reported
performance shows Mean Absolute Error (MAE)
in the range (2.5-3.9)x103 (Yu & Pan, 2025).
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Additionally, for the NASA subset
(batteries B0O005, B0006, B0007, B0018), a
three-stage =~ CS-VMD-GRU  pipeline—(1)
decomposing the capacity time series with VMD
and automatically optimizing key
hyperparameters (number of modes and penalty)
via cuckoo search (CS), (2) training one GRU
per intrinsic mode function (IMF) and
reconstructing capacity after normalization, and
(3) converting reconstructed capacity into RUL
using an end-of-life (EOL) threshold of 70%—
achieves maximum RMSE < 3%, maximum
MAE < 2%, with mean RMSE = 0.0142 and
mean MAE = 0.0112(Ding et al., 2022).

Finally, using NASA data (batteries
B0005, BO006, BO007, B0018, and BO036) with
preprocessing (cleaning, Pearson-correlation-
based feature selection, and normalization) and
a 90/10 train/test split, a centralized comparison
of 1D-CNN, CNN+LSTM, and CNN+GRU
shows 1D-CNN as the most consistent overall,
while recurrent variants capture temporal
dependencies and can excel on specific batteries
(e.g., GRU on B0005). A federated learning (FL)
scheme with five clients enables training without
sharing raw data, balancing privacy and
performance, though with higher test errors than
centralized training (e.g., RMSE = 0.666, MAPE
~ 0.980) (Alharbi et al., 2025).

In this study, a novel deep learning
method for the precise estimation of SoH in LIBs
is proposed. The central innovation is a battery-
identity embedding that transforms a discrete
identifier for each unit into a learnable vector
representation, conditioning the model on the
unique degradation characteristics of each
battery and enabling a single, unified model to
generalize across heterogeneous devices.
Furthermore, a proxy calculation for internal
resistance proxy (Rproxy) and an integrated
absolute-power proxy (Pass) are introduced.
Experimental results on the NASA prognostic
dataset show high predictive accuracy without
needing IC  analysis or VMD-type
decompositions.

Methodology

For SoH estimation, we use the LIB aging
dataset provided by the NASA Prognostics
Center of Excellence (NASA PCoE), a standard
in the field due to strictly controlled
experimental conditions (Saha & Goebel, 2007).
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For this study, data from B0005, B00O06,
B0007, and B0018 were selected to develop a
generalized model for different degradation
profiles. The batteries were subjected to
charge/discharge profiles at 24 °C. Charging
used constant current (CC) at 1.5 A to 4.2 V,
followed by constant voltage (CV) to 20 mA.
Discharge was carried out at 2 A to 2.7 V
(B0005), 2.5 V (B0006), and 2.2 V (B0007);
B0018 was discharged at 4 A to 25 V.
Experiments ended at EOL defined as a 30%
reduction in rated capacity (2 Ah — 1.4 Ah)

(Medina-Martinez et al., 2024).

The SoH is defined as the ratio between
the current capacity and the initial capacity (Eq.
[1]). Base features include cycle duration and
average Vvoltage, current, and temperature.
Additionally, two features were engineered to
capture physical degradation: an internal-
resistance proxy Ry, , computed from
integrated voltage and absolute current (Eq. [2]),
and an integrated absolute-power proxy P, to
quantify cycle energy (Eq. [3]); P,y is expected
to decrease with aging due to capacity fade and
increased internal resistance, with clear decay
patterns (Figures 1 and 2).

SoH= CapaCi.tYCurrent [1]
Capacityinitial
_Jv@®adt
Pas= J V(Ddtx [ [I(t)dt| [3]

-
Ve

Cycle

Figure 1
Resistance proxy trend per Cycle in Four LIBs
Source: Own elaboration
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Total power

Figure 2
Total Power vs. Cycle in Four LIBs
Source: Own elaboration

For SoH prediction, four deep neural
network architectures were evaluated, designed
to effectively capture temporal dependencies
and local patterns in the battery cycle data. These
architectures are divided into two categories:
base recurrent models (GRU and LSTM) and
hybrid (CNN+GRU and CNN+LSTM).

GRU and LSTM are advanced recurrent
architectures, designed to overcome the
limitations of traditional RNNs, such as the
vanishing gradient problem in long sequences.
Their main strength lies in their gating
mechanisms, which allow them to learn what
information to retain or discard over time. While
LSTM wuses a three-gate mechanism (input,
forget, and output) and an explicit memory cell,
the GRU features a simplified architecture with
two gates (update and reset), which generally
results in faster training with comparable
performance, making it more suitable for
embedded system implementations (Kong et al.,
2025.; Luo et al., 2022).

To better capture local patterns, hybrid
models place a CNN block before the recurrent
layers: the CNN extracts short-range features
across battery signals, while the recurrent
module models their temporal evolution over
cycles (Eleftheriadis et al., 2024; Peng et al.,
2023). To generalize a single model across
multiple  batteries  with  heterogeneous
degradation profiles, the battery's identity is
integrated as a learnable input feature. This
approach is framed within the paradigm of
Representation Learning, which aims to acquire
significant latent features in a compact, low-
dimensional space (Chen et al., 2025; Cheng,
2025).
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Unlike the positional embeddings used in
Transformer architectures to encode sequence
order, our identity embedding captures the static
and unique characteristics of each battery. The
process is as follows:

— Numerical Labeling: Each unique battery
identifier (e.g., 'B0005") is assigned an
integer numerical label.

— Embedding Layer: This label is fed into
a Keras Embedding layer. This layer
maps the categorical identifier to a dense,
learnable vector in a latent space of a
fixed dimension.

— Identity Vector: During training, the
model adjusts this vector to act as a
"signature™ that captures the intrinsic
degradation characteristics of that
specific battery.

— Concatenation: This identity vector is
then concatenated with the time-series
data at each step, allowing a single,
unified model to learn both the general
degradation patterns and the nuances of
each unit.

Finally, figure 3 visually summarizes the
entire methodology, from raw-data processing to
final prediction. It depicts five key preprocessing
stages that produce training, validation, and test
sets (80%, 10%, 10%). The model architecture is
then detailed: the cycle sequence and the battery
identity (encoded via an Embedding layer) enter
as parallel inputs. For both base and hybrid
models, the data flow is shown—optionally
passing the sequence through a CNN block,
concatenating it with the identity vector, and
finally processing it with a recurrent block (GRU
or LSTM)
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Box 3
1. Raw Data

!

2. Feature Engineering
(R_proxy, P_abs)

!

3. Sequence Construction

4. Chronological Split
(Train / Val / Test)
/
A y
Y,

5. Data Scaling

Prepared Data

ﬂiel Architecture H

Cycle Sequence Battery ID

For Hybrid Models l
v

[Optional] CNN Block

—

Concatenate

I

Recurrent Block
(GRU /LSTM)

!

Prediction Layers
(Dense)

!

ScH Prediction

For Base Models Embedding Layer

Figure 3
Sequence Construction and Hybrid Architecture for SoH
Prediction

Source: Own elaboration
Results

For each of the four deep architectures (GRU,
CNN-GRU, LSTM, CNN-LSTM), we
performed hyperparameter tuning to optimize
predictive performance. Through an
experimental process, the values that minimized
the validation error were selected. The final
hyperparameters used for training each model
are summarized in Table 1.
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GRU CNN+ | LSTM CNN +

GRU LSTM
Sequence 15 5 5 5
Batch 8 64 8 64
LR 5x 1x 10° | 5x10* 5x 10

10

Units 128 128 256 128
Filters NA 64 NA 64
Kernel NA 5 NA 3

Table 1

Final hyperparameters used for each deep model
Source: Own Elaboration

Using these configurations, we evaluated
predictive performance on the test sets with
MAE, RMSE, MAPE, R2. As shown in Table 2,
all models captured the battery degradation trend
with high fidelity R? values are mostly above
0.96 (one case at 0.9593) and low absolute errors
across batteries.

MAE
GRU CNN-GRU | LSTM | CNN-LSTM
B0O005 | 0.0043 0.0081 | 0.0170 0.0065
B0006 | 0.0140 0.0129 | 0.0158 0.0152
B0007 | 0.0058 0.0073 | 0.0057 0.0054
B0018 | 0.0034 0.0110 | 0.0083 0.0080
MAPE
B0O005 | 0.0050 0.0097 | 0.0203 0.0078
B0006 | 0.0196 0.0173 | 0.0216 0.0213
B0007 | 0.0066 0.0084 | 0.0066 0.0062
B0018 | 0.0040 0.013 | 0.0099 0.0095
RMSE
B0005 | 0.0054 0.0104 | 0.0191 0.0090
B0006 | 0.0176 0.0162 | 0.0192 0.0200
B0007 | 0.0070 0.0094 | 0.0076 0.0078
B0018 | 0.0043 0.0161 | 0.0110 0.0125
R2
B0005S | 0.9968 0.9892 | 0.9641 0.9918
B0006 | 0.9742 0.9814 | 0.9738 0.9716
B0007 | 0.9923 0.9872 | 0.9915 0.9910
B0018 | 0.9962 0.9593 | 0.9807 0.9754

Table 2
Comparison of error metrics and coefficient of
determination by Model and Battery

Source: Own Elaboration

Finally, as shown in Figs. 4-7, it is
confirmed that all architectures exhibit strong
generalization to SoH degradation, with small
cycle-level errors. GRU provides the best
balance between responsiveness and stability
with tight, well-centered residuals and minimal
lag resulting in the lowest average MAE/RMSE
and the highest average R? across batteries.
CNN-GRU handles rapid end-of-life transitions
particularly well (notably for BO0O06).

Medina-Martinez, Sergio Ivan, Juarez-Toledo, Carlos, Martinez-Carrillo, Irma and
Hernandez-Epigmenio, Miguel Angel. [2025]. Generalizable SoH Estimation for
Li-ion Batteries via Identity Embeddings: A CNN/GRU/LSTM Comparative
Study. Journal of Computational Technologies. 9[22]1-9: e4922109.
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CNN-LSTM vyields the smoothest
trajectories and achieves the  lowest
MAE/MAPE for B0007, albeit with slight over-
smoothing in sharp variations. In contrast, plain
LSTM follows the trend but is outperformed by
the other configurations.

- B0005: GRU achieves the best
MAE/RMSE and highest R?.

- B0006: CNN-GRU achieves the best
MAE/RMSE and highest R?,

- B0007: CNN-LSTM has the lowest
MAE and MAPE; GRU attains the
lowest RMSE and the highest R2.

- B0018: GRU attains the
MAE/RMSE and the highest R?.

lowest

Compared with CNN-LSTM approaches
that rely on incremental-capacity inputs and
feature-selection stages (e.g., Xu et al., 2023),
our study employs an identity embedding and
simple physics-informed features (Rproxy, Pabs) t0
enable a single end-to-end model without IC
preprocessing or modal decompositions.
Relative to CS-VMD-GRU pipelines (Ding et
al.,, 2022), we avoid variational mode
decomposition and per-IMF training, thereby
reducing modeling complexity and pre-analysis
overhead.

In contrast to Alharbi et al. (2025), who
reported the most consistent centralized
performance for 1D-CNN across a broader
NASA subset (including B0036) under a 90/10
split, our experiments on BO005, BO006, BO0O7,
B0018 indicate that GRU achieves the best
average MAE, RMSE and R?, CNN-GRU excels
on rapid end-of-life transitions (B0006), and
CNN-LSTM attains the lowest MAE/MAPE on
B000?7.

Finally, unlike SA-LSTM + particle-
filter hybrids (Ravi et al., 2022), our models do
not incorporate explicit probabilistic filtering or
attention mechanisms, prioritizing architectural
simplicity and ease of deployment.
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SoH vs. Predicted — Battery B0005

—— True SoH
CNN+GRU
CNN+LSTM
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Error (%)
b s
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@
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Figure 4
SoH Prediction vs. Ground Truth-Battery B0005
Source: Own Elaboration

SoH vs. Predicted — Battery B0O006

—— True SoH
CNN+GRU
CNN+LSTM
GRU

Error (%)
Lo
4
&
7
3 i

Figure 5
SoH Prediction vs. Ground Truth-Battery B0006
Source: Own Elaboration

SoH vs. Predicted — Battery BO007

—— True SoH

—— UNN+GRU
CNN+LSTM

— GRU

Figure 6
SoH Prediction vs. Ground Truth-Battery B0007
Source: Own Elaboration
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SoH vs. Predicted — Battery B0O018
1.00, —— True SoH
N —— UNN+GRU
0.95 B CNN+LSTM

Error (%)

Figure 7
SoH Prediction vs. Ground Truth-Battery B0018
Source: Own Elaboration

Conclusions

We introduced a unified deep-learning approach
for SoH estimation that combines battery-
identity embedding with physics-informed
features ( Rproxy » Pans )- On NASA cells
B0005/B0006/B0007/B0018, all architecture
generalizes well; on average, GRU attains the
lowest MAE/RMSE and highest R?. GRU’s
strong average accuracy, coupled with its lower
parametric complexity, makes it an attractive
choice for embedded BMS deployments. CNN-
GRU excels under rapid end-of-life transitions,
and CNN-LSTM achieves the best MAE/MAPE
on B00O7.

Limitations & future work:

- Validate across chemistries,
temperatures, and real drive cycles
(beyond NASA, fixed conditions).

- Add uncertainty quantification and
calibration for deployment.

- Explore domain adaptation/continual
learning and ablations on
embedding/window/features
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ALA Artificial Lemming Algorithm
BMS Battery Management System
CcC Constant Current

CNN Convolutional Neural Network
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CVv Constant VVoltage

EOL End-of-Life

EV Electric Vehicle
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IE Identity Embedding

IMF Intrinsic Mode Function

LFP Lithium Iron Phosphate
(LiFePO4)

LIB Lithium-lon Battery

LSTM Long Short-Term Memory

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

NASA NASA Prognostics Center of

PCoE Excellence

NCA Lithium Nickel Cobalt
Aluminum Oxide (LiNiCoAIO2)

NCM Lithium Nickel Cobalt
Manganese Oxide
(LiNiMnCo02)

Pabs Integrated Absolute Power
(energy proxy)

PF Particle Filter

RMSE Root Mean Square Error

RNN Recurrent Neural Network

Rproxy Internal-Resistance Proxy

RUL Remaining Useful Life

SA-LSTM  Self-Attention LSTM

SVR Support Vector Regression

VMD Variational Mode Decomposition

1D-CNN One-Dimensional CNN
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