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Abstract—This paper proposes a Long Short-Term Memory
(LSTM) based approach for accurate State Of Charge (SOC)
and State Of Health (SOH) estimation in lithium-ion batteries,
which is critical for improving the safety and longevity of elec-
tric vehicles. The nonlinear dynamics of batteries, influenced
by factors such as temperature, voltage, current, and SOC,
poses significant challenges to traditional estimation methods.
Using the Long-Term Degradation dataset, our LSTM model
captures temporal dependencies and complex electrochemical
interactions to predict SOC and SOH under varying operating
conditions. The experimental results demonstrate robust per-
formance, with mean squared errors as low as 5.3121× 10−5

for the estimation of SOC and 5.572× 10−5 for the estimation
of SOH for different current profiles. The proposed framework
provides a scalable solution for real-time battery management
systems, reducing the reliance on manual feature extraction and
enabling generalization across different battery technologies.

Index Terms—Lithium-ion batteries, long-term degradation
dataset, LSTM, SOC estimation, SOH estimation.

I. INTRODUCTION

The global dependence on fossil fuels is expected to
account for around 55% of total energy consumption by
2040, with road transport playing a major role in CO2

emissions. Fuel consumption increased by 8% in 2001 and
reached 40% of total energy consumption in 2014. Without
intervention, CO emissions 2 from the transport sector could
increase by 60% by 2050 [1]. As diesel and petrol vehicles
emit almost twice as many pollutants as electric vehicles,
these fuels are considered inefficient and unsustainable.

The growing demand for electric vehicles highlights
the need to develop models capable of simulating and
estimating battery parameters in real-time while considering
their dynamics and non-linearity. The diagnosis and
prognosis of electrochemical phenomena play a key role
in defining the state of health of batteries. Batteries can
nevertheless suffer premature aging, often due to internal
short-circuits (electrode or separator failure) or external
short-circuits (immersion or contamination), leading to
thermal runaway. This can lead to catastrophic fires or
explosions.

To address this issue, researchers have developed
frameworks to estimate battery SOC and SOH, enhancing
diagnostic and prognostic performance.

Researchers typically divide the estimation of the
SOC and SOH of lithium ion batteries into two main
categories: classical model-based approaches and AI-based
data-driven methods. Classical methods, such as equivalent
circuit models (ECMs) and electrochemical models, rely
on parameter estimation using measurable signals like
voltage, current, and temperature to infer internal battery
states [2], [3]. These approaches offer good physical
interpretability and are suitable for real-time applications
because of their relatively low computational cost. However,
parameter inaccuracies, the need for extensive calibration,
and difficulties in modeling battery aging and adapting
to varying operating conditions often limit these approaches.

Artificial intelligence (AI) has emerged as a transforma-
tive technology with applications in various fields. Machine
learning and deep learning techniques have been found to
have a successful implementation in healthcare, finance, and
autonomous systems [4], [5]. These advances enabled the
development of intelligent systems capable of performing
complex tasks with high accuracy and efficiency.

Machine learning-based battery capacity estimation
techniques have attracted a great deal of interest as an
alternative strategy in recent years. These techniques are
simple to use and require no prior understanding of the
complex physical concepts underlying batteries. Several
techniques have been used effectively for battery capacity
estimation, including semi-supervised transfer component
analysis [6], and support vector regression (SVR) [7]. In
[6], a semi-supervised method is proposed using transfer
component analysis to estimate the SOH of lithium-ion
batteries. Reduce reliance on labeled data by aligning data
distributions and preserving key characteristics, achieving
an accuracy (under error 2. 5%. Althoughugh it adapts well
to different battery conditions, it depends the quality of
thequality of the source data and may face computational
challenges in real-time use. In [7], an open-circuit voltage
model is combined with a Thevenin equivalent circuit
model. A particle swarm optimization-based SVR approach
is employed to validate the state-of-health estimation
through various tests. However, the method is limited by
high computational complexity, dependence on accurate



models, and sensitivity to initial conditions. In [8], a
Gaussian Process Regression (GPR) model with an
Automatic Relevance Determination (ARD) kernel was
applied for the calendar aging prediction of lithium-ion
batteries. It enabled uncertainty estimation and feature
relevance without relying on physical models. Limitations
included high computational cost and dependence on
training data quality. According to [9], a Support Vector
Machine (SVM)-based method was applied for online SOH
estimation of lithium-ion batteries using a partial charging
segment. However, the method was limited by its sensitivity
to the quality of the charging segment and the training
data configuration. Typically, machine learning methods
rely heavily on diverse training data and often struggle to
adapt to new conditions, reducing accuracy in real-world
scenarios with varied uses and environments.

To overcome the precision limitations of the previously
discussed methods, AI-based techniques—particularly
deep learning models, such as recurrent neural networks
(RNN) [10], random forests [11], and convolutional neural
networks (CNNs) [12], have been used to automatically
extract features from the data to alleviate this bottleneck.
In [10], Elman’s neural network was used to predict the
battery’s capacity for subsequent cycles in real time until
the end of its lifetime. The network inputs were limited
to the charged capacities of previous cycles. In [11], a
random forest regression model was trained using the load
capacity recorded in a particular voltage region as input
data. However, this method is limited by its sensitivity to
temperature changes and the need for retraining on different
battery types. In addition, [12] trained a CNN model for
capacity estimation, directly using the voltage, current,
and load capacitance of each cycle as inputs. However,
CNNs are primarily designed for image processing, while
this case involves temporal signals. This necessitates the
prior conversion of data into matrices, complicating the
process. In this regard, an RNN well suited for sequential
data—offers a more appropriate alternative.”

In this context, an LSTM-based recurrent neural network
is a more suitable choice for estimating the battery’s SOC
and SOH, and this selection will be further justified in
Section III.
This article is structured as follows: Section 2 describes the
selection of attributes and the database, Section 3 details
the LSTM-based approach for estimating the state of charge
(SOC) and state of health (SOH), as well as the results
obtained, and Section 4 presents the conclusion of the article.

II. SELECTION OF FEATURES AND DATASET

A. Selection of features

A battery’s state of health (SOH) is strongly influenced
by several factors, including temperature, voltage, current,
and state of charge (SOC), all of which interact to affect its
long-term performance and durability.

1) Temperature: High temperatures accelerate chemical
reactions in the battery, which may increase short-term
charge capacity, but also reduce discharge time. Prolonged
exposure to temperatures above 45°C causes accelerated
degradation of the battery materials, reducing its lifes-
pan. This can also lead to serious risks such as internal
short-circuits, explosions or fires due to thermal runaway.
Conversely, low temperatures, below 0°C, reduce battery
capacity by reducing the amount of usable energy, and
slow down electrochemical reactions. Internal resistance
also increases at low temperatures, causing voltage loss
and reducing battery efficiency, increasing charge times and
reducing discharge performance.

2) Voltage: The voltage of a battery is a direct indicator
of its state of charge (SOC). Too high or too low a voltage
can put excessive stress on the battery cells, resulting in
faster degradation of electrode materials and shorter battery
life. Excessive voltage, which can lead to overcharging, can
damage the battery’s chemical structure, cause overheating,
and, in extreme cases, lead to explosions or fire. Similarly,
too deep a discharge, when voltage falls below a critical
threshold, can cause irreversible damage to the battery’s
internal chemistry, making it difficult to store and restore
energy. Appropriate voltage management is therefore essen-
tial to maintain the battery’s chemical stability and extend
its life.

3) Current: The charging and discharging current has a
significant impact on battery performance and longevity. Too
high a charge current can lead to degradation of the battery’s
internal materials, particularly the electrodes, reducing its
ability to hold a charge. Similarly, too high a discharge
current can lead to overheating, resulting in faster capacity
loss. It’s crucial to respect manufacturers’ recommended
current limits to avoid overcharging or over discharging. Ex-
cessively high currents can also increase battery temperature,
which, combined with other factors, can accelerate material
degradation and increase the risk of failure.

4) SOC: The SOC determines the amount of energy
available in the battery and directly affects its ability to
deliver energy optimized. An SOC that is too low or too high
can reduce battery efficiency and accelerate degradation. At
very low SOCs, internal resistance increases, which can
lead to power loss and reduced energy efficiency. On the
other hand, high SOCs, especially when combined with high
temperatures, can accelerate undesirable chemical reactions
and cause irreversible damage to the electrodes. Frequent
charge/discharge cycles at extreme SOCs are particularly
harmful and accelerate the degradation of internal materials,
reducing battery life. Maintaining the SOC within an opti-
mum range is therefore crucial to preserve battery capacity
and avoid premature degradation.

The impact of each of the above parameters on battery
performance is supported by previous research using these
same factors, and the importance of the database, which will
be detailed in the next section, justifies the choice of these
parameters for battery health prognosis.



B. Selection of dataset

A database freely available on the Internet was used to
develop the prognostic model. A choice was made in order
to select the database best suited to the context of the study.
The different protocols used by datasets are explained in
Table I.

The Prognostics Data Repository, made available in 2009
by NASA’s Prognostics Center of Excellence (PCoE), is
one of the most cited datasets in the literature for the
development of prognostics algorithms [13]. This dataset
contains data from 34 NCA-type lithium batteries, with a
nominal capacity of 2 Ah, subjected to charge/discharge
cycles up to 70% of their initial capacity, under a variety
of temperature conditions.

The Cycle Life Prediction dataset, designed by researchers
at Stanford University and MIT, is based on CC-CV dis-
charge protocols and brings together the results of tests
carried out on 135 Li-ion cells of the LFP type, with a
nominal capacity of 1.1 Ah, as mentioned in [14]. These tests
were carried out in a thermal chamber maintained at 30°C,
until the cells reached 80% of their initial capacity. However,
this dataset does not include driving cycle protocols and does
not allow the influence of temperature to be modeled.

Mention should also be made of the Oxford Battery
Degradation dataset, designed by researchers at Oxford Uni-
versity [15]. This dataset covers 8 NMC-type Li-ion cells,
with a capacity of 740 mAh, tested in a thermal chamber
maintained at 40°C. Like the previous dataset, it does not
include driving cycle protocols, and the tests were carried
out at a single temperature.

The Panasonic 18650PF NMC dataset concerns an NMC
battery, with a capacity of 2.9 Ah, which is subject to various
discharge protocols and driving cycles varying temperature
conditions. The battery is recharged at a current of 1C up
to a voltage of 4.2 V.

The LG 18650HG2 dataset [16] covers an NMC battery
with a capacity of 3 Ah, tested in a thermal chamber at
McMaster University. The tests include a series of various
protocols: an HPPC (Hybrid Pulse Power Characterization)
test, various DC-DC charge/discharge protocols, and a series
of 12 driving cycles. The drive cycles used are as follows:
HWFET, UDDS, LA92, and US06.

Finally, the Long-Term Degradation dataset [17] concerns
22 NMC cells with a capacity of 3 Ah, which are cycled
up to 80% of their initial capacity. The charge/discharge
protocols follow a CC-CV mode at currents varying between
0.5C and 3C, and the tests are carried out at temperatures
of 15 ° C, 25 ° C, and 35 ° C.

The aim of this work is to predict the SOC and, SOH of
Li-ion batteries using an LSTM neural network. For this, a
database meeting the following criteria is required:

• The use of recent Li-ion battery technology.
• Availability of a sufficient quantity of data (several tens

or hundreds of cycles), enabling exploitation for SOH
estimation.

• Tests to be carried out under various temperature con-
ditions.

Taking into account these criteria and the comparison
of the different datasets presented in Table II, it can be
concluded that the Long-Term Degradation database is the
most appropriate.

III. LSTM SOC AND SOH ESTIMATION

There are several reasons for choosing a model based on
LSTM neural networks to estimate the SOC and SOH of bat-
teries. Firstly, battery data such as voltage, current, temper-
ature, and capacity are time-dependent and often non-linear
because of complex electrochemical processes. LSTMs are
designed to capture long-term temporal dependencies and
can effectively model non-linear dynamics through their
deep architecture and activation functions. They also handle
noisy data well and can integrate multiple input variables
to reflect interactions between different battery parameters.
Supported by recent studies, LSTMs provide accurate diag-
nostics and reliable future predictions, making them a strong
choice for this application.

A. LSTM architecture

LSTMs are designed to handle sequential data while over-
coming the problem of gradient disappearance or explosion
encountered in traditional recurrent neural networks. The
idea behind this choice of neural network architecture is
to divide the signal between what is important in the short
term, through the hidden state, and what is important in the
long term, through the cell state as shown in Fig. 1
An LSTM consists of three main gates [18], each with
a distinct role in memory management in each time
step:transforms the output into a probability

• Forget Gate: determines which information from the
previous state is retained or deleted. As shown in
equation (1) :

f(t) = σ(Wf · [h(t− 1), x(t)] + bf ) (1)

The sigmoid function σ provides a probability for each
memory element, based on the previous hidden state
h(t-1), current input x (t), weights Wf , and bias bf .

• Input Gate: decides which new information should
be added to the memory state in two steps. First, it
computes the importance of the incoming information:

i(t) = σ(Wi · [h(t− 1), x(t)] + bi) (2)

Then, it generates candidate values to potentially add
to memory:

g(t) = tanh(Wg · [h(t− 1), x(t)] + bg) (3)

In (2) and (3), the weights Wi, Wg and the biases bi,
Wg are learned during training. The hyperbolic tangent
function, tanh, is used to constrain the values between
-1 and 1. This gate combines i(t) and g(t) to update the
memory state.



TABLE I: The various protocols used by datasets

Protocol Definition

CC-CV A common charging method that switches between constant current (CC) charging
and constant voltage (CV) charging, depending on the voltage of the rechargeable battery.

HPPC A technique based on intermittent current pulses followed by rest periods.
HWFET (Highway Fuel Economy Test) A protocol simulating highway driving conditions at a speed of 100 km/h.
UDDS (Urban Dynamometer Driving Schedule) A dynamometer driving schedule simulating urban driving conditions for a light-duty vehicle.
LA92 (Los Angeles) Same principle as the UDDS protocol, but adapted to the specific conditions of Los Angeles.
US06 A test simulating driving conditions for electric vehicles with long acceleration phases.

TABLE II: Advantages and disadvantages of different databases

Dataset Advantages Disadvantages

Prognostics data repository (PCoE) Useful for SOC and SOH estimation
Old battery technology

Low quantity of usable data
Only 3 different temperatures

Cycle Life Prediction Dataset - Stanford et MIT Useful for SOC and SOH estimation
Several batteries are tested

Only one temperature condition
No driving cycle

One discharge protocol used

Oxford Battery Degradation Useful for SOC and SOH estimation Only one temperature condition
No driving cycle

Panasonic 18650PF NMC Several temperature conditions
Multiple driving cycles

Impedance data not available
Single battery used for all protocols

LG 18650HG2
Several driving cycles

Several temperature conditions
useful for SOC estimation

One battery used for all protocols

Long-Term Degradation Various temperature conditions
useful for SOC and SOH estimation

• Output Gate: controls which information from the cur-
rent memory state is important to generate the hidden
state h(t)

o(t) = σ(Wo · [h(t− 1), x(t)] + bo) (4)

h(t) = o(t)⊙ tanh g(t) (5)

In (4), o(t) is calculated using the weights Wo and bo
that are learned during training and the hidden state
from the previous step, h(t-1) . The current hidden state,
h(t), is then updated on the basis of o(t) as shown in
(5)

Fig. 1: Architecture of the LSTM RNN

B. LSTM training

In the chosen database, several charging and discharging
protocols were tested at different temperatures to analyze

battery behavior, capacity, and impact on its longevity. In
this article, we will focus on three current profiles, namely
0.5C, 0.5C-1C, and 0.5C-2C, at a temperature of 25 ° C.

IV. RESULTS

Data pre-processing is first carried out, including resam-
pling to a period of T =30s. The current battery capacity
Ccurr is then determined by current integration. The total
capacity Cfull is estimated using linear interpolation be-
tween peaks. SOC and SOH are then calculated according
to equations (6) and (7). Finally, attributes are extracted for
model training, followed by a data normalization step.

SOC = Ccurr/Cfull (6)

SOH = Cfull/Cnom (7)

TABLE III: LSTM model hyperparameters

Number of hidden layers 1
Neurons number 100
Epochs number 100
Mini-batch size 64

Sequence number 300
Sequence length 300

Optimizer Adam
Learning rate 0.001

Then, for SOC estimation, current, voltage, and current
capacity were considered as model inputs. For SOH
estimation, the same inputs as for SOC were used, but with
the SOC value added as an additional parameter.

For both SOC and SOH estimation tasks, 80% of the
data was used for training and 20% for validation. The
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Fig. 2: SOC estimation based on LSTM. (a) Current profile at 0.5C, (b) Current profile at 0.5C-2C, and (c) Current profile at 0.5C-1C.

LSTM model’s performance was assessed under three dif-
ferent current profiles, with the resulting curves shown in
Fig. 2 and Fig. 3. For SOC estimation, the 0.5C–1C profile
yielded the highest accuracy, with a mean squared error of
5.3121 × 10−5, although it required a longer training time
as illustrated in table IV .

TABLE IV: Mean squared errors and training durations for
different current profiles for SOC estimation.

Current profile Mean squared error Training duration
0.5C 7.022× 10−5 38 hours

0.5C-2C 9, 8606× 10−5 54 hours
0.5C-1C 5.3121× 10−5 88 hours

For SOH estimation , the 0.5C profile resulted in the
lowest error 7.51 × 10−6 and the shortest training duration
as shown in table V.

These results indicate that more complex current profiles
improve the estimation accuracy, likely due to the richer
dynamics they provide during training. However, they also
demand longer training times. The variation in MSE across
profiles highlights the impact of load conditions on model
learning.

TABLE V: Mean squared errors and training durations for different
current profiles for SOH estimation.

Current profile Mean squared error Training duration
0.5C 7.51× 10−6 34 hours

0.5C-2C 5.3× 10−3 42 hours
0.5C-1C 3.572× 10−5 80 hours

However, the model presents some limitations, including
long training durations and reduced generalization to oper-
ating conditions not seen during training.

V. CONCLUSION

In this work, we developed an LSTM-based framework
for SOC and SOH estimation in lithium-ion batteries, ad-
dressing key limitations of conventional machine learning
methods. By leveraging the temporal learning capabilities
of LSTMs, our model effectively captures complex, non-
linear relationships among critical battery parameters such as
temperature, voltage, current, and SOC. The proposed frame-
work demonstrates high estimation accuracy under dynamic
current profiles, with low mean square errors and reduced
training times, highlighting its practical feasibility. Despite
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Fig. 3: SOH estimation based on LSTM : (a) Current profile at 0.5C, (b) Current profile at 0.5C-2C, and (c) Current profile at 0.5C-1C.

these promising results, several challenges remain. These
include reducing computational overhead for deployment in
embedded systems, mitigating the influence of measurement
noise particularly in SOH estimation, and enhancing general-
ization across varying usage conditions. Importantly, future
work will incorporate temperature variation more compre-
hensively, not just as an input feature but as a dynamic
condition affecting degradation mechanisms. This would
provide deeper insight into thermal effects and improve
robustness under real-world operating environments. Future
developments will explore hybrid architectures that combine
LSTMs with attention mechanisms, physics-informed layers,
and optimization algorithms to improve interpretability and
adaptability further. Broadening the diversity of datasets
including extreme temperatures and aging scenarios will
be essential for wider applicability. These efforts aim to
accelerate the deployment of intelligent, data-driven battery
management strategies to support the transition to scalable,
sustainable electric mobility.
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