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Abstract: The prediction of lithium-ion battery capacity degradation is crucial for enhancing
the reliability, efficiency, and sustainability of energy storage systems. This study proposes a
data-driven approach to model capacity degradation in 18650 lithium-ion cells, supporting
the long-term performance and responsible management of battery technologies. A system-
atic search was conducted to identify publicly available experimental datasets reporting
charge/discharge processes, leading to the selection of the MIT-BIT Battery Degradation
Dataset (Fixed Current Profiles and Arbitrary Use Profiles). This dataset was chosen for its
extensive degradation data, variability, and adaptability to real-world applications. Of the
77 tested cells, 73 were included after filtering data completeness; cells with missing critical
information, such as temperature, were excluded. A subset of cells tested under a 1C–2C
charge/discharge profile was analyzed, and cell 52 was selected for its comprehensive
structure. Using this dataset, a predictive model was developed to estimate the battery
capacity based on the current, voltage, and temperature, with capacity as the target variable.
A neural network was implemented using TensorFlow and Keras, incorporating ReLU
activation, Adam optimization, and multiple loss functions. The dataset was standardized
using MinMaxScaler, StandardScaler, and RobustScaler, and the training–test split was
75–25%. The model achieved a prediction error of 3.35% during training and 3.48% during
validation, demonstrating robustness and efficiency. These results highlight the poten-
tial of data-driven models in accurately predicting lithium-ion battery degradation and
underscore their relevance for promoting sustainable energy systems through improved
battery health forecasting, optimized second-life use, and extended operational lifetimes of
storage technologies.

Keywords: lithium-ion batteries; data-driven models; machine learning; degradation; capacity

1. Introduction
The global transition toward sustainable energy systems has gained momentum in

recent years due to the increasing urgency of mitigating climate change and reducing
greenhouse gas emissions. In accordance with the objectives established by the Paris
Climate Agreement (COP21), numerous countries and organizations have committed to
reducing their carbon footprints and promoting the integration of clean energy technologies
into their economies and infrastructures [1]. Within this context, the electric power sector
plays a central role in achieving sustainability targets, particularly those aligned with
Sustainable Development Goal 7 (SDG 7), which advocates universal access to affordable,
reliable, and modern energy services [2].
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The decarbonization of electricity generation, especially through the deployment of
photovoltaic (PV) and wind energy systems, has emerged as a cornerstone of climate miti-
gation strategies proposed by the Intergovernmental Panel on Climate Change (IPCC) [3].
However, the variability of renewable energy sources introduces challenges for grid stabil-
ity and energy availability. As a result, energy storage systems—particularly those based
on lithium-ion battery (LIB) technology—have become essential components in modern
renewable energy infrastructures [4].

Lithium-ion batteries are widely adopted due to their high energy density, extended
cycle life, and favorable energy efficiency [5]. They are utilized across multiple sectors,
including electric mobility, grid storage, and backup power applications. Nevertheless,
compared to renewable generation technologies like PV panels, which typically exhibit
a service life of 25 to 30 years [6], LIBs demonstrate more rapid performance degrada-
tion, with life expectancies ranging from 8 to 10 years or up to 4000 charge–discharge
cycles [7]. These limitations arise from internal degradation mechanisms influenced by
electrochemical reactions, operational conditions, and thermal and electrical stress [8].

A significant challenge in the sustainable management of LIBs lies in accurately
estimating key performance indicators, such as capacity, State of Health (SoH), and Re-
maining Useful Life (RUL). This is particularly relevant for 18650-type cells, which are
extensively reused in second-life battery applications. Their widespread availability from
consumer electronics and electric vehicles has positioned them as strategic resources for
energy storage repurposing. A comprehensive dataset compiling 137 commercial models of
18650 lithium-ion cells from different manufacturers highlights the diversity and complex-
ity within this cell category [9]. Despite this breadth of information, establishing consistent
correlations between their behavior under varying charge and discharge conditions remains
a challenging task. Accurate modeling of their performance—whether at the cell, pack, or
module level—requires high-quality experimental data that capture degradation patterns
across a wide range of operational scenarios.

In this context, data-driven approaches based on machine learning (ML) techniques
have gained traction due to their ability to capture complex, nonlinear relationships be-
tween battery operational variables and degradation phenomena. ML-based models are
particularly well-suited for applications where physical modeling becomes cumbersome
due to the variability in operating conditions or the lack of detailed electrochemical
parameters [10–12]. As a result, recent research has explored the application of neural
network architectures—including Long Short-Term Memory (LSTM), Convolutional Neu-
ral Networks (CNNs), and hybrid ensemble methods—for battery health estimations and
capacity forecasting.

Table 1 provides a comparative summary of recent studies employing neural network-
based models for lithium-ion battery capacity estimation, highlighting the modeling tech-
niques, input strategies, and accuracy metrics achieved.

Although many of these approaches demonstrate remarkable accuracy, they frequently
rely on complex network configurations, high computational demands, or extensive feature
engineering. In contrast, the present study focuses on the implementation of a Multi-Layer
Perceptron (MLP) model—an architecture that offers a balance between simplicity and
performance. MLPs have been proven to effectively approximate nonlinear functions with
a reduced computational cost and easier deployment in practical applications, such as
predictive maintenance or second-life battery repurposing.

Accordingly, the objective of this work was to develop a data-driven model based on
MLPs for the capacity estimation of 18650 lithium-ion cells using experimental electrical
measurements. By benchmarking the proposed model against the state of the art, this
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study contributes to the broader goal of improving battery lifespan predictions, facilitating
second-life battery applications and promoting more sustainable energy storage strategies.

Table 1. Summary of recent machine learning approaches for capacity estimations in lithium-
ion batteries.

Author (Year) Model/Architecture Key Features Performance

Wang et al. (2022) [13] EXP-LSTM-GPR (Hybrid) Exponential + LSTM + GPR fusion MAE = 7.17%;
RMSE = 7.81%

El Fallah et al. (2024) [14] DNN vs. GRU vs. LSTM DNN best performer under
variable temperatures Error < 2.5%

Tang et al. (2024) [15] Encoder–Decoder
+ Transfer Learning

Based on relaxation voltages and
V–Q curves RMSE < 0.03 Ah

Wang et al. (2024) [16] BiLSTM + Incremental
Capacity + BP

Partial charging curve inputs from
Oxford dataset

RMSE = 0.43%;
Max RE = 1.67%

Shen et al. (2020) [17] DCNN-ETL
(Transfer + Ensemble)

Trained on small datasets via
transfer learning RMSE = 1.503%

Jiao et al. (2024) [18] CNN-LSTM-ATT + PCA
+ K-means

Short-time discharge +
voltage-specific features Error < 3%

Wang et al. (2025) [19] BiLSTM + Gold
Rush Optimizer

Metaheuristic optimization of
BiLSTM weights

RMSE = 0.011;
MAE = 0.0084;
MAPE = 0.55%

In light of the research challenge, this study provides a comprehensive review of
relevant scientific contributions and experimental datasets to support the modeling of
lithium-ion battery degradation. The proposed methodology relies on data-driven model-
ing supported by advanced machine learning algorithms, which are particularly well-suited
for capturing the nonlinear dynamics associated with battery charging and discharging
processes. This approach contributes not only to a more accurate understanding of degra-
dation mechanisms but also to the development of strategies aimed at improving the
performance of batteries and extending their service life, which are critical for sustainable
energy storage applications.

2. Materials and Methods
2.1. Systematic Database Search

Online, public, and open-access databases have gained significant relevance in the
information age and the era of data science. Today, access to data across all disciplines and
fields of knowledge is considered essential for ensuring that scientific and technological
advances are accessible worldwide. The Organisation for Economic Co-operation and
Development (OECD) has recognized that databases are rapidly becoming an integral part
of the global scientific system; consequently, it has established principles and guidelines
to foster academic exchange among communities, thereby ensuring wide dissemination
of information [20]. Moreover, digitization has facilitated open access to publications and
scientific data, improved access to research findings, and promoted collaborative work
within the framework of what is known as open science [21].

In the search for publicly available, open, and structured experimental data reporting
the charging and discharging processes of lithium-ion batteries, a total of 31 databases
were identified from various authors and institutions worldwide. Additionally, it was
determined that this type of search and synthesis of relevant data sources for the study
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and modeling of lithium-ion batteries is a contemporary and emerging topic, as reported
in [9,22].

Between 2008 and 2022, databases reporting experimental data for lithium-based
energy storage systems at both the cell level (the minimum storage unit) and the pack level
(an interconnection of cells with an enhanced storage capacity) have been published. As
a comprehensive compilation of information gathered from online repositories [23,24],
database repositories [25,26], and institutional repositories [27–31], the data are pre-
sented in a DataFrame that can be accessed in the Supplementary Materials (Table S1:
bat_data_collection). The most observed characteristics in the analysis include the cell type
and capacity and the form factor of the energy storage device, the number of cells and
the number of variables associated with the type of experimentation, the citation count
reported in Scopus or Google Scholar, as well as the application and the type of estimation
developed. Figure 1 illustrates some key characteristics of the numerical variables reported
in the Supplementary Materials (Table S1: bat_data_collection).

Figure 1. Numerical variables from the database search. (a) Distribution of cell capacities (b) Number
of cells. (c) Number of variables used in models. (d) Number of citations.

A total of 18650 cells were reported across multiple databases, albeit in various types
or chemistries, as illustrated in Figure 2.

(a)

Figure 2. Cont.
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(b)

Figure 2. Number of cells reported according to (a) form factor; (b) type.

In terms of authors, the sources were predominantly identified as coming from
renowned technological development centers, such as the National Aeronautics and Space
Administration (NASA) or the Toyota Research Institute (TRI); research centers, like the
Center for Advanced Life Cycle Engineering (CALCE); research laboratories, including
Sandia National Laboratories or the Cavendish Laboratory; and universities primarily
located in North America, Europe, and Asia. One of the features extracted during the
search for these information sources was the number of citations. It is noteworthy that
the TRI-MIT database emerged as the most frequently reported in various articles indexed
in Scopus.

The investigation revealed substantial disparities in citation counts among various
institutions actively involved in battery research. Notably, research affiliated with TRI-MIT
achieved the highest recognition, surpassing 800 citations and underscoring its considerable
influence and importance within the scientific community. Similarly, studies originating
from UW-MAC and PCoE-NASA exhibited a significant impact, reflected by high citation
numbers. Conversely, contributions from institutions such as RWTH, UCB, and VITO
demonstrated comparatively lower citation frequencies. These findings emphasize the
uneven distribution of academic recognition among institutions engaged in battery-related
studies, highlighting particular affiliations whose work has profoundly shaped and guided
current research trends and advancements in battery technology and its applications.

Figure 3 presents a bar chart that illustrates the frequency of various applications in
lithium-ion battery studies. The x-axis categorizes distinct research focuses, such as State
of Health (SoH), Remaining Useful Life (RUL), Electrochemical Impedance Spectroscopy
(EIS), and Degradation, while the y-axis indicates the number of occurrences reported
across multiple data sources. Interestingly, the “Degradation” category exhibits the highest
count, reflecting the significant attention devoted to understanding battery deterioration
mechanisms and their impact on performance. Another prominent category, Depth of
Discharge (DoD), underscores the importance of operational parameters in influencing both
battery longevity and reliability. Furthermore, the SoC category highlights the necessity
of precise monitoring and control strategies for optimizing battery performance. Overall,
Figure 3 underscores the multifaceted nature of battery research, emphasizing the critical
role of investigating degradation, operational conditions, and health parameters to enhance
the effectiveness and sustainability of advanced energy storage systems worldwide.
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Figure 3. Estimations reported in the databases.

Although some authors reported on the creation of synthetic data to develop sim-
ulation processes, the reported databases primarily contain experimental data derived
from laboratory equipment such as the Arbin BT-I (Arbin Instruments, College Station, TX,
USA) and Neware BTS4000 (Neware Technology Limited, Shenzhen, China). This type of
equipment facilitates the testing and recording of voltage, current, temperature, energy,
and capacity data in controlled environments using various charge/discharge profiles, fast
charging, electric vehicle driving cycles, among others. Regarding the estimations derived
from the data, it was found that 33% correspond to degradation studies, 23% to discharge
profiles, and 15% to state-of-charge estimations, as illustrated in Figure 3, which reports the
number of estimations provided.

2.2. Database Selection for Study

Open datasets such as these will be essential for the battery community to develop
and validate methods for predicting aging. A total of 77 nominally identical, high-energy
18650 cells were tested under both fixed and random charge/discharge profiles at rates
of 1C, 2C, and 3C. According to the authors, this is the first dataset to offer an exten-
sive collection of battery degradation data (2.2 GB), characterized by high variability and
adaptability to different types of applications. Additionally, compared to the other avail-
able databases, this dataset provides a greater number of features and includes detailed
information regarding the specific test performed on each cell.

Thus, the dataset selected to implement a data-driven model for 18650 cells was desig-
nated “Battery Degradation Dataset (Fixed Current Profiles and Arbitrary Uses Profiles)”
and was published in 2022 by researchers from the Massachusetts Institute of Technology
(MIT) and Beijing Institute of Technology (BIT), identified in this study’s DataFrame as
MIT-BIT. In addition to recording the experimental development time, this dataset provides
comprehensive information including the current (A), capacity (Ah), voltage (V), energy
(Wh), temperature (◦C), and number of cycles.

The experimental subject utilized in this study was the LISHEN 2400 mAh cell, fea-
turing a positive electrode composed of LiCoO2 + LiNi0.5Co0.2Mn0.3O2 and a negative
electrode made of graphite. The cell has a nominal capacity of 2.4 Ah and a nominal voltage
of 3.7 V, with operating voltages ranging from 4.2 V to 3 V. For each cell, two datasets
are reported: one corresponding to an initial test comprising 20 cycles and another to a
subsequent test of 100 cycles. Table 2 details the various tests conducted for each cell,



Sustainability 2025, 17, 4718 7 of 23

organized according to the applied charge and discharge profiles. It is important to note
that although the authors indicated that 77 cells were tested, the supplied dataset includes
data for only 73 cells—18 under fixed profiles and 55 under random profiles. Figure 4
shows the constant current and constant voltage strategy to charge Li-ion cells [32].

Table 2. Charge/discharge ratios applied to cells.

Rand–3C 3C–3C 3C–1C 2C–3C 3C–2C 2C–2C 1C–2C 2C–1C

1, 3, 4, 5, 7, 8, 9 2 13 19 22 32 44 45

11, 12, 14, 15 6 16 41 26 35 48 49

17, 18, 20, 21 10 23 58 29 38 52 53

24, 25, 27, 28 57

30, 31, 33, 34

36, 37, 39, 40

42, 43, 46, 47

50, 51, 54, 55

56, 59, . . ., 77

Figure 4. Constant current–constant voltage (CC-CV) algorithm.

For the development of this research, fixed or constant charge and discharge profiles
(1C, 2C, and 3C), as recently presented, were reviewed and selected. Additionally, an
examination of this subset of cells revealed that certain cells—specifically cells 2, 6, 22, 29,
32, and 38—did not record critical information, such as temperature. Consequently, these
cells were excluded from further analysis.

Thus, the dataset from which a data-driven model is proposed to perform predictions
or estimations for a lithium-ion cell was tested under a 1C–2C profile and comprises 44,
48, 52, and 57 [33–35]. For the purposes of this study, cell 52 was selected, as its dataset
consists of two subsets without any missing data, as detailed in Table 3.

Table 3. Number of variables and data points for cell 52.

Number of Cycles Number of Variables Number of Data Points

20 6 322,452

100 6 643,259

2.3. LISHEN 18650 Cell Specifications

Table 4 provides the technical specifications of the LISHEN LR1865SZ lithium-ion cell
used in this study. This cylindrical cell follows the 18650 format, with a diameter of 18.5 mm,
a height of 65.2 mm, and a weight of 48 g. It is composed of a hybrid cathode material
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combining LiCoO2 and LiNi0.5Co0.2Mn0.3O2 (NMC/C), offering a nominal capacity of
2.4 Ah at 0.2C and a nominal voltage of 3.6 V. Charging is performed up to 4.2 V at rates of
0.5C to 1C, while discharging occurs down to 3.0 V and supports higher rates of up to 3C.
The cell is designed to operate safely within a temperature range of 0 ◦C to 45 ◦C during
charging and −20 ◦C to 60 ◦C during discharging.

Table 4. LISHEN 18650 LR1865SZ lithium-ion cell specifications.

Parameter Value Condition

Chemical composition LiCoO2 + LiNi0.5Co0.2Mn0.3O2 NMC/C

Nominal capacity 2.4 Ah 0.2C

Nominal voltage 3.6 V 1C

Charging 4.2 V 0.5C/1C

Discharging 3 V 0.5C/3C

Working temperature
0 ◦C~45 ◦C Charging

−20 ◦C~60 ◦C Discharging

Dimensions (cylindrical)
18.5 mm Diameter

65.2 mm Height

Weight 48 g

Model LR1865SZ (for all cells)

All cells described in the dataset are identical in form, model, and reference (LR1865SZ),
ensuring consistency in geometry, electrochemical behavior, and thermal response through-
out the experimental analysis. This uniformity supports the reliability of the comparative
assessments and model training processes conducted in this work.

2.4. Capacity Prediction Model

Based on the selected dataset, it is possible to develop a modeling process that captures
the behavior of one of the electrical characteristics of 18650 lithium-ion cells. Lithium-
based batteries can be modeled using various strategies, including empirical models,
electrochemical models, equivalent circuit models, and data-driven models [36].

The capacity of a cell or battery represents the amount of current that can be stored
in the device, expressed in ampere-hours (Ah) and provided as a nominal value; in this
case, the 18650 cell has a capacity of 2400 mAh or 2.4 Ah. Moreover, data-driven models
typically employ machine learning algorithms to capture the behavior of a battery and the
relationship among its electrical variables, which is inherently nonlinear.

The selected dataset comprises six variables: current (A), voltage (V), temperature
(◦C), energy (Wh), capacity (Ah), and number of cycles. Upon exploring these variables,
it was observed that energy and capacity exhibit similar behavior due to their electrical
interrelation. Consequently, current, voltage, and temperature were chosen as the model’s
input features, while capacity was designated as the target variable to be predicted using
various regression algorithms. Although the number of cycles was not included as an input
feature, it was noted that the initial and final cycles in the dataset do not contain complete
information regarding the charging and discharging process of the lithium cell.

The following figures illustrate the variables included in this study. Figure 5 presents
statistical information for each of the battery’s electrical characteristics, while Figure 6
displays the representation of each variable during a complete charge and discharge cycle.
Additionally, Figure 7 presents the data distribution as part of the initial exploration
for data-driven modeling. The distributions indicate controlled experimental conditions,



Sustainability 2025, 17, 4718 9 of 23

including rest and charge/discharge phases, and suggest early stages of cell degradation,
as evidenced by the consistent capacity values across the analyzed cycles.

Figure 5. Numerical variables of the dataset under study.

Figure 6. Features of the data-driven model (current, voltage, temperature, and capacity).

 
Figure 7. Distribution of the electrical variables in the dataset.

One of the most critical aspects for applying a data-driven model to predict the
capacity of a lithium-ion cell lies in understanding the correlation among its features. In this
study, the relationships among the model’s input variables were evaluated using Pearson’s
correlation, as presented in Figure 8. The results reveal that the charge/discharge current is
correlated with the cell’s terminal voltage, whereas these two variables do not exhibit a
strong association with the cell temperature. Nonetheless, temperature plays a pivotal role
in the capacity degradation process of lithium-ion cells, as it significantly accelerates the
aging of the battery. Although temperature does not exhibit strong statistical correlations
with the measured variables, it plays a fundamental physical role in lithium-ion cell capacity
degradation. This highlights the fact that certain variables, such as temperature in the
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context of aging, may be critical to system behavior, even when their statistical correlation
appears weak.

Figure 8. Statistical correlation of key variables affecting battery behavior.

In this study, the experimental setup—including a LANHE CT2001B battery tester and
a GDBELL thermal chamber—allowed for precise temperature regulation. Consequently,
all data in the selected dataset were obtained under controlled conditions at 25 ◦C [34,35].

Consider a fully connected feed-forward neural network defined as follows. Given
an input vector x ∈ Rn, where n is the number of input features, the neural network
implements the mapping f : Rn → R :

f (x) = W(2)σ
(

W(1)x + b(1)
)
+ b(2) (1)

where

• W(1)∈ R50×n and b(1)∈ R50xn represent the weight matrix and bias vector for the
hidden layer, respectively.

• σ(·) denotes the Rectified Linear Unit (ReLU) activation function, defined as
σ(z) = max(0, z).

• W(2) ∈ R1×50 and b(2) ∈ R correspond to the weight vector and bias scalar of the
output layer, respectively.

The network parameters
(

W(1), b(1), W(2), b(2)
)

are optimized using the Adam opti-
mization algorithm to minimize the mean absolute error (MAE) loss function:

LMAE =
1
m

m

∑
i=1

|yyi − f (x1)| (2)

where y represents the true output, and m is the number of samples in the training dataset.
To ensure an efficient and systematic implementation of the proposed neural network

model, Algorithm 1 outlines the structured workflow followed in this study. This algo-
rithm details the process of defining the input shape, constructing the model architecture,
selecting the appropriate optimization and loss functions, and training the model using
early stopping to prevent overfitting. The training history is subsequently analyzed by
plotting the loss and validation loss across epochs, allowing for the evaluation of model
performance. The minimum validation loss is also recorded as an indicator of the model’s



Sustainability 2025, 17, 4718 11 of 23

generalization ability. This structured approach ensures the reproducibility and scalability
of the model for further experimentation and comparative analysis. The pseudocode pre-
sented below provides a clear and formal representation of the implemented methodology.

Algorithm 1 Training a neural network model for regression.

Input: Training dataset (X_train, y_train), Test dataset (X_test, y_test)
Output: Trained neural network model, Minimum validation loss
1: Define input shape as the number of features in X_train
2: Print “Input shape:”, input_shape
3: Initialize a sequential neural network model
4: Add a dense layer with 50 neurons, ReLU activation, and input_shape
5: Add a dense output layer with 1 neuron (linear activation)
6: Compile the model with:

- Optimizer: Adam
- Loss function: mean absolute error (MAE)

7: Train the model using:

- Training data: (X_train, y_train)
- Validation data: (X_test, y_test)
- Batch size: 32
- Epochs: 100
- Early stopping callback

8: Store training history in a DataFrame
9: Plot training loss and validation loss over epochs
10: Print the minimum validation loss: min (history [‘val_loss’])

Data scaling methods play a crucial role in enhancing the performance and stability of
machine learning algorithms by ensuring that input features are uniformly scaled, thus pre-
venting biases due to varying magnitudes or units. In this context, scaling techniques such
as MinMaxScaler, StandardScaler, and RobustScaler are widely employed. MinMaxScaler
normalizes data into a fixed range (usually [0, 1]), thereby retaining the original distribution
shape while reducing the influence of extreme values. StandardScaler standardizes features
by removing the mean and scaling to unit variance, assuming a Gaussian distribution
to mitigate biases arising from differing feature variances. RobustScaler, particularly ad-
vantageous for datasets with significant outliers or non-normal distributions, employs
median and interquartile ranges, ensuring robustness against extreme data points. A formal
mathematical description of each scaling method is provided below to enhance clarity
and reproducibility.

Let X = {xi}n
i=1 be a dataset consisting of n samples of a given feature. The MinMaxS-

caler transformation rescales each original feature xi to a new scaled feature x′i within a
predefined range, typically [0, 1], as follows:

x′i =
xi − min(X)

max(X)− min(X)
(3)

where

• xi is the original feature value.
• x′i is the scaled feature value.
• min(X) and max(X) represent the minimum and maximum values of the feature in

the original dataset, respectively.
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The StandardScaler transformation standardizes each original feature xi by subtracting
the mean µX and scaling by the standard deviation σX, as described mathematically by
the following:

x′i =
xi − µX

σX
(4)

• xi is the original feature value.
• x′i is the scaled feature value.
• µX = 1

n ∑n
i=1 xi is the arithmetic mean of the dataset.

• σX =
√

1
n ∑n

i=1(xi − µX)
2 is the standard deviation of the dataset.

The RobustScaler method rescales the feature by removing the median and scaling
according to the interquartile range (IQR). Mathematically, each original feature xi is
transformed into a scaled feature x′i as follows:

xi =
xi − Q2(X)

Q3(X)− Q1(X)
(5)

• xi is the original feature value.
• x′i is the scaled feature value.
• Q2(X) and Q3(X) correspond to the first quartile (25th percentile) and third quartile

(75th percentile), respectively.
• Q3(X)− Q1(X) defines the interquartile range (IQR).

These transformations ensure that all features share a common scale, effectively elim-
inating biases introduced by differing ranges and magnitudes, thereby improving the
stability and performance of subsequent machine learning models. Specifically, standard-
ization methods that yield a mean of zero and unit variance facilitate algorithmic stability
and enhance the effectiveness of algorithms sensitive to feature scaling. Moreover, robust
scaling methods provide resilience against outliers and are particularly beneficial when
working with datasets containing extreme values or non-normally distributed features,
further enhancing the reliability and robustness of the analyses.

With the model’s predictors defined for the charging and discharging of an
18650 lithium-ion cell under a 1C–2C profile, the lithium-ion cells were operated under
defined charge and discharge profiles, specifically, 1C for charging and 2C for discharging.
This corresponds to a charge current of 2.4 A and a discharge current of 4.8 A, based on the
nominal capacity of 2400 mAh used in the experimental setup. The implementation of a
neural network is proposed using the TensorFlow library (version 2.16.1) and Keras API
(version 3.7.0), with a workflow configured as outlined below in Figure 9.

The neural network consists of an input layer with 10 neurons, a ReLU activation
function, and an output layer. The defined hyperparameters include the Adam algorithm
as the optimization function, and for the loss function, options such as MAE, mean squared
error (MSE), and Huber—among other metrics—can be selected depending on the type
of regression problem, resulting in highly adjustable topologies. For data standardization,
three methods available in the scikit-learn library are proposed: MinMaxScaler, Standard-
Scaler, and RobustScaler. This step is fundamental prior to splitting the dataset into training
and testing sets, with a ratio of 75% for training and 25% for testing.



Sustainability 2025, 17, 4718 13 of 23

 
Figure 9. Flow diagram for the implementation of the data-driven model.

3. Results
The results of the analysis and modeling process using a neural network are presented

based on a set of experimental data recorded from the charging/discharging (1C–2C)
of a high-energy 18650 lithium-ion cell with a nominal capacity of 2.4 Ah. Figure 10
illustrates the process of selecting an operating cycle from the full dataset of lithium-ion
cell measurements. Panel (a) displays the complete sequence of capacity measurements in
ampere-hours (Ah), where the repetitive charge–discharge behavior characteristic of cycling
tests can be observed. To ensure consistent and representative model inputs, a specific cycle
was extracted from the dataset for training purposes. Panel (b) provides a zoomed-in view
of the selected segment, clearly showing one complete charge and discharge process. This
step was critical for isolating usable patterns and minimizing the influence of transitional
or unstable periods that could introduce noise or variability in the learning phase. By
focusing on stable, repetitive behavior, the selected cycle ensures a robust foundation for
the development and evaluation of data-driven models.

For the selection of the operating cycles, exploration and visualization of the data were
conducted, and it was necessary to discard cycles 1 and 21, as they do not correspond to
full charge and discharge cycles.

Figure 11 compares the performance of three data scaling techniques—StandardScaler,
MinMaxScaler, and RobustScaler—evaluated across four different operating cycles using
two key error metrics: mean squared error (MSE) and mean absolute error (MAE). The
results show that MinMaxScaler consistently achieves the lowest MSE values in all cycles,
indicating its effectiveness in reducing large deviations during predictions. However,
contrary to what was previously stated, MinMaxScaler only outperforms the other scalers
in terms of MAE during cycles 10 and 15. In the remaining cycles (5 and 20), StandardScaler
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yields the lowest MAE values. RobustScaler shows stable, moderate performance across
all metrics but does not achieve minimum values in either MAE or MSE. These findings
suggest that while MinMaxScaler offers advantages in controlling error variances, its
absolute predictive accuracy is cycle-dependent. Therefore, the choice of scaler should
consider not only the error type but also the temporal behavior of the dataset.

Figure 10. Selection of the operating cycle: (a) complete cycles in dataset; (b) complete charge and
discharge cycle.

Figure 11. Performance evaluation of scalers across multiple cycles using MSE and MAE.

On the other hand, while a neural network model may require many parameters
and hyperparameters—and the number of neurons and layers can be scaled accordingly—
in this work, we opted to implement it with the minimum configurations necessary to
achieve satisfactory results. In this regard, two training configurations were developed:
one with 100 epochs and another in which the algorithm’s workflow includes an early
stopping mechanism, halting iterations when no further improvement is observed in
the defined metrics, thereby preventing model overfitting. The comparison between the
two training curves in Figure 12 highlights the impact of hyperparameter tuning and the
application of early stopping criteria. The left panel, corresponding to the initial training
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stage, shows a relatively unstable learning process, with fluctuations in both the training
and validation MAEs across epochs. This variability suggests a sensitivity to the learning
rate and batch size and a lack of control mechanisms to prevent overfitting or oscillatory
convergence. In contrast, the right panel reflects a more stable and consistent training
behavior, achieved after optimizing the hyperparameters and implementing early stopping.
The resulting curve is significantly smoother, indicating that the model converged more
efficiently, with reduced noise in the loss landscape and improved generalizability. The
use of early stopping helped to prevent overtraining, while the improved hyperparameters
facilitated a more gradual and controlled descent of the loss function. This reinforces the
importance of optimization strategies in ensuring robust and efficient learning.

 
Figure 12. Training and validation of the neural network.

Table 5 displays the error metric results (loss) for the final iterations of the
neural network.

Table 5. Error metrics (MAEs) for the last 4 iterations of the algorithm.

Training Validation Epochs

0.0349 0.0375 50

0.0340 0.0338 51

0.0336 0.0342 52

0.0335 0.0348 53

Finally, predictions for the capacity of the lithium-ion cell were obtained from the
neural network and compared with the actual data available in the dataset, as shown in
Figure 13. The capacity values reported in the dataset have a mean of 1.5870 Ah, while the
predictions exhibit a mean of 1.5899 Ah, with training and validation errors of 3.35% and
3.48%, respectively.

The experimental evaluation of different neural network configurations, varying
both the number of neurons and the activation function, revealed important trade-offs
between accuracy, computational cost, and architectural complexity. A series of graphical
analyses, including heatmaps, scatter plots, and efficiency scores, facilitated a comparative
assessment across all tested configurations.

The heatmap of the mean absolute error (MAE) demonstrated that the architecture
using the ReLU activation function with 10 neurons achieved the lowest overall error
(MAE = 0.0349), outperforming all other configurations regardless of the activation function.
This is further corroborated by its high coefficient of determination (R2 = 0.9766), indicating
a strong predictive alignment with actual values. To assess model performance across
different neural network configurations, Figure 14 presents heatmaps comparing the mean
absolute error (MAE) and training time (in seconds) for combinations of activation functions
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and neuron counts. This visual representation highlights the architectures with the lowest
prediction error and those requiring the least computational effort.

  

(a) (b) 

  

(c) (d) 

Figure 13. Model results for (a) cycle 5; (b) cycle 10; (c) cycle 15; (d) cycle 20.

  
(a) (b) 

Figure 14. Model performance: (a) MAE; (b) training time (s) by activation function and number
of neurons.
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From a computational standpoint, although this configuration did not yield the short-
est training time, its time-to-accuracy trade-off remained favorable, as seen in the MAE
vs. training time scatter plot. While other configurations, such as ReLU with 20 neu-
rons, required less time, they did not surpass ReLU-10 in accuracy or parameter effi-
ciency. Figure 15 illustrates the trade-off between model accuracy and training time. Each
point corresponds to a specific configuration of activation function and number of neu-
rons, while the size of each marker reflects the number of trainable parameters. This
plot enables the identification of models that offer optimal performance with minimal
computational overhead.

Figure 15. MAE vs. training time with activation functions and model complexity.

Additionally, the efficiency score, computed as the inverse product of MAE, training
time, and number of parameters, ranked ReLU with 10 neurons as the most efficient archi-
tecture overall. This highlights its balanced performance in terms of prediction quality and
computational demand. Figure 16 displays the efficiency score calculated for each configu-
ration, defined as the inverse product of MAE, training time, and parameter count. This
metric integrates both accuracy and computational cost into a single indicator, providing a
comprehensive criterion for selecting the most balanced and sustainable model architecture.

Figure 16. Efficiency score for different ANN architectures.

To support a comprehensive evaluation of model performance from both predictive
and computational perspectives, an efficiency score was defined as the inverse product of
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the mean absolute error (MAE), training time, and total number of trainable parameters.
This metric is expressed as follows:

E f f iciency Score =
1

MAE × Training Time × Params

where T represents the training time in seconds, and P denotes the number of parameters.
The efficiency score penalizes models that are either less accurate, slower to train, or
computationally more complex. As such, it provides a single-valued criterion that integrates
accuracy and resource consumption, aligning with the principles of sustainable computing
and enabling a fair comparison across different neural network architectures.

In light of these results, the architecture employing ReLU activation with 10 neurons
represents the most effective compromise between predictive performance and computa-
tional resource usage. Its selection is therefore justified not only by its superior accuracy
but also by its stability across multiple evaluation metrics, aligning with sustainability
principles in computational design and energy efficiency.

The evaluation of artificial neural network (ANN) performance was based on a sys-
tematic variation of two key architectural parameters: the number of neurons in the hidden
layer (5, 10, 15, and 20) and the activation function (ReLU, Sigmoid, and tanh). Each
configuration was assessed in terms of its mean absolute error (MAE), coefficient of de-
termination (R2), training time (in seconds), and total number of trainable parameters.
Table 6 summarizes the numerical results obtained from these experiments. Notably, the
architecture with ReLU activation and 10 neurons yielded the lowest MAE (0.0349) with a
high R2 (0.9766), while also maintaining a reasonable training time (82.72 s). These values
formed the basis for the visual analyses presented in Figures 14–16, enabling a comparative
study of model accuracy, computational efficiency, and architectural complexity.

Table 6. Performance summary and computational metrics for different ANN configurations.

Activation Neurons MAE R2 Epochs Training Time (s) Params Efficiency

ReLU 5 0.1290 0.9204 87 74.1505 26 0.0040

ReLU 10 0.0348 0.9765 94 82.7238 51 0.0067

ReLU 15 0.0716 0.9640 45 40.8233 76 0.0044

ReLU 20 0.0424 0.9732 33 31.3625 101 0.0074

Sigmoid 5 0.1666 0.8627 100 88.7523 26 0.0026

Sigmoid 10 0.1356 0.8871 100 89.5032 51 0.0016

Sigmoid 15 0.1236 0.9025 100 97.9795 76 0.0010

Sigmoid 20 0.1365 0.8948 100 92.9166 101 0.0007

tanh 5 0.0923 0.9372 100 94.4633 26 0.0044

tanh 10 0.0567 0.9840 100 88.2834 51 0.0039

tanh 15 0.0559 0.9854 100 92.2607 78 0.0025

tanh 20 0.0662 0.9811 100 95.5854 101 0.0015

4. Discussion
The development of energy storage systems requires the integration of advanced

techniques for state and parameter estimations to ensure reliability, scalability, and security
in their implementation. A key factor in achieving these objectives is the availability of
robust experimental data encompassing multiple variables, enabling the identification
of new correlations or the extraction of relevant insights from complex datasets. In this
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context, rigorous research on energy storage devices, such as lithium-ion batteries, must
rely not only on the existing scientific literature but also on the extensive collection and
thorough analysis of available databases. The traceability, quality, and applicability of
these datasets are fundamental for their validation in the scientific domain, thereby facili-
tating the development of more accurate models and optimizing strategies for managing
these systems.

One of the most significant aspects of this study lies in the meticulous collection and
analysis of information related to lithium-ion cells and batteries. Throughout this process,
various datasets were reviewed, recorded, and classified based on their utility and relevance
to the study’s objectives. While certain datasets have gained prominence due to their origin
or institutional affiliation, the selection of experimental data should consider not only their
availability but also their alignment with the original purpose for which they were collected.
In this regard, although it is common to find records of electrical and physical variables,
such as voltage, current, temperature, or capacity, this study identified additional aspects
that provide valuable insights into a more comprehensive understanding of cell behavior
across different contexts and applications.

In real-world energy storage systems, data acquisition may be subject to uncertainty
and incompleteness due to sensor failures or limitations in measurement infrastructures.
Although in this study, cells with missing critical variables, such as temperature, were
excluded to preserve dataset consistency, future research will address this limitation by
incorporating strategies for handling incomplete data. In particular, data-driven modeling
approaches combined with state estimation techniques will be explored to manage missing
values and improve model robustness under real-world operating conditions.

Lithium-ion batteries were commercially introduced in the 1990s following the de-
velopment of essential materials and prototypes by John B. Goodenough, M. Stanley
Whittingham, and Akira Yoshino, a contribution that earned them the 2019 Nobel Prize
in Chemistry. However, the first open-access experimental datasets on battery perfor-
mance only became available in 2008 through an initiative led by the Prognostics Center
of Excellence (PCoE) at NASA’s Ames Research Center. Since then, multiple institutions
and laboratories have published numerous experimental databases. Between 2008 and
2022, a total of 23 databases and 33 derived variations have been documented, primarily
distinguished by differences in cell chemistry or by studies conducted within the same
research group. This growing availability of data has significantly advanced the modeling
and management of the performance of lithium-ion batteries, facilitating their integration
into various technological applications.

The identification and selection of a reliable dataset served as the foundation for the
data-driven modeling approach proposed in this study, aimed at estimating the capacity of
18650 lithium-ion cells. To this end, key experimental variables, such as voltage, current,
and capacity, were considered, obtained from CCCV charge and discharge profiles under
different current rates. A neural network-based modeling approach was chosen due to its
robustness and versatility in capturing the nonlinear behavior inherent in the charge and
discharge processes of these cells.

The modeling process involved multiple iterations to achieve a more compact and
efficient structure. Initially, a model with a single hidden layer of 10 neurons and a ReLU
activation function was evaluated. This simple architecture offers significant computational
advantages, including faster training times, a lower number of parameters, and the reduced
risk of overfitting. However, its limited capacity may hinder the representation of complex
patterns, increasing the likelihood of underfitting. In contrast, the final reported model
enhances its representational capacity by increasing the number of neurons to 50, enabling
the capture of more intricate relationships within the data and potentially improving
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predictive performance. Nonetheless, this increased complexity leads to a higher number
of model parameters, which may moderately elevate computational costs and the risk
of overfitting.

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

• Review and identification of data sources: a comprehensive analysis was conducted
on various databases developed by research groups and centers, which serve as
essential inputs for the construction of data-driven models applied to lithium-ion cells
and batteries.

• Analysis of nonlinear relationships: This study explored the nonlinear interdepen-
dencies among electrical and physical variables involved in the charge and discharge
cycles of lithium-ion cells. This analysis enhances our understanding of the underlying
phenomena that influence battery performance and degradation.

• An Evaluation of the impact of scaling methods: The effects of different normalization
and scaling techniques were assessed to determine their influence on improving the
performance of data-driven models, with a particular focus on their impact on neural
networks and predictive accuracy. The scaling methods used reflect both general
preprocessing needs and signal-specific behaviors in lithium-ion systems. In practical
applications, these techniques can also be implemented in embedded or real-time
systems, enhancing model performance and computational efficiency by ensuring
consistent variable treatments during parameter estimations and system modeling.

• Optimization of neural network convergence: Strategies were implemented to acceler-
ate the convergence of neural network algorithms, with a notable emphasis on the use
of the early stopping method. This approach contributes to the development of more
efficient, faster models with improved generalization capabilities.

While this study focused on neural networks, future research should explore alter-
native architectures or hybrid approaches to improve prediction accuracy. Combining
data-driven models with other techniques could enhance performance, though this may
involve higher computational costs that must be evaluated for practical implementation in
lithium-ion battery systems. Additionally, although the proposed methodology showed
strong performance using NMC- and LCO-based lithium-ion cells, its generalization to
other chemistries, such as LFP, LTO, or solid-state batteries, requires further investiga-
tion. These technologies exhibit different electrochemical behaviors and aging patterns,
which may affect model applicability. Furthermore, since the dataset used in this work
was obtained under controlled laboratory conditions, its representativeness for real-world
applications may be limited. Future studies should consider evaluating the model under
diverse chemistries and usage scenarios to assess its robustness and adaptability across a
broader range of battery technologies.

Different authors have reported the implementation of various neural network archi-
tectures for battery capacity estimations, motivating a comparative analysis between their
results and those obtained in this study. Wang et al. [13] combined exponential models with
LSTM and Gaussian Process Regression, achieving RMSE and MAE values of 7.81% and
7.17%, respectively. El Fallah et al. [14] compared DNN, GRU, and LSTM models for SoC
estimations, reporting a maximum error below 2.5%, with DNN outperforming the rest.
Tang et al. [15] used a deep encoder–decoder with transfer learning on short-term relaxation
voltages, reaching RMSEs below 0.03 Ah. Similarly, Wang et al. [16] fused Bi-LSTM with
incremental capacity curves and BP networks, achieving a maximum relative error of 1.67%
and an RMSE of 0.43%. Shen et al. [17] proposed a DCNN with transfer and ensemble
learning, attaining an RMSE of 1.503%. Jiao et al. [18] introduced a CNN-LSTM-ATT model
under short-time working conditions, using K-means and PCA to segment voltage ranges,
with estimation errors under 3%. Most recently, Wang et al. [19] optimized a BiLSTM
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network using an adaptive Gold Rush Optimizer, achieving the best performance with an
RMSE of 0.011, an MAE of 0.0084, and an MAPE of 0.55%. These findings highlight that
although the reported models—such as those based on hybrid architectures and metaheuris-
tic optimization—are of higher complexity, their results do not differ significantly from
those presented in this work. This supports the growing relevance of neural network-based
modeling as a topic of interest and reinforces the soundness of the methodology employed
in our study.

5. Conclusions
The degradation modeling of lithium-ion cells depends on the specific processes under

study, but the availability and quality of experimental data are critical factors. This study
conducted a thorough selection and analysis of experimental data from 18650 lithium-ion
cells, enabling the development of a neural network model to predict capacity behavior.
The nonlinear relationships among key variables—voltage, current, temperature, and cycle
number—necessitated the use of machine learning techniques over traditional methods.

The analysis revealed weak linear correlations between variables, justifying the adop-
tion of neural networks for accurate capacity estimation. Multiple model configurations
were explored, with an emphasis on optimization strategies such as data normalization and
early stopping. The evaluation of different scaling methods showed that MinMaxScaler
provided the lowest error values, significantly improving model performance. Additionally,
early stopping reduced computational costs while preventing overfitting, contributing to a
3.35% improvement in training accuracy and 3.48% in validation accuracy.

Overall, this research underscores the importance of robust dataset selection, ad-
vanced data preprocessing, and optimization techniques in predictive modeling for energy
storage systems. The findings contribute to enhancing lithium-ion battery management
by providing a scalable and efficient approach to capacity estimations across charge and
discharge cycles.

Future studies could expand this research by integrating additional variables, such
as internal resistance, impedance spectroscopy data, or environmental factors, to refine
capacity predictions. Exploring alternative machine learning models, such as recurrent neu-
ral networks or transformer-based architectures, may further improve predictive accuracy.
Additionally, the implementation of transfer learning techniques could enable model adap-
tation across different battery chemistries and operational conditions. Another promising
direction involves real-time deployment of the trained models in battery management sys-
tems to enhance state-of-health monitoring and predictive maintenance. Finally, expanding
the dataset with large-scale experimental data from different battery manufacturers and
usage scenarios could improve the model’s generalizability and robustness.
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