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Preface

The rapid growth of electrified transportation and renewable energy systems puts high demands

on the performance, safety, and lifetime of lithium-ion batteries. Accurate State-of-Health (SOH)

estimation is becoming increasingly significant for ensuring reliable operation and enabling advanced

battery management strategies. In recent years, Artificial Intelligence (AI) has emerged as a powerful

tool to complement conventional electrochemical and model-based approaches, offering improved

capability to capture nonlinear degradation behavior and to extract meaningful aging features from

diverse and large operational datasets.

This Reprint gathers contributions from leading researchers working on data-driven, physics-

informed, and hybrid AI techniques for battery SOH estimation. Specifically, the collected works

cover feature extraction, degradation modelling, real-time SOH estimation, and early ageing warning,

reflecting the development of AI-enabled battery informatics and analytics. We hope that this Reprint

provides readers with a clear overview of current progress, highlights emerging challenges, and

inspires future research toward more reliable and interpretable SOH estimation algorithms.

Remus Teodorescu and Xin Sui

Guest Editors
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Design Optimisation of Metastructure Configuration for
Lithium-Ion Battery Protection Using Machine
Learning Methodology
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Abstract: The market for electric vehicles (EVs) has been growing in popularity, and by 2027, it is pre-
dicted that the market valuation will reach $869 billion. To support the growth of EVs in public road
safety, advances in battery safety research for EV application should achieve low-cost, lightweight,
and high safety protection. In this research, the development of a lightweight, crashworthy battery
protection system using an excellent energy absorption capability is carried out. The lightweight
structure was developed by using metastructure constructions with an arrangement of repeated
lattice cellular structures. Three metastructure configurations (bi-stable, star-shaped, double-U) with
their geometrical variables (thickness, inner spacing, cell stack) and material types (stainless steel,
aluminium, and carbon steel) were evaluated until the maximum Specific Energy Absorptions (SEA)
value was attained. The Finite Element Method (FEM) is utilised to simulate the mechanics of impact
and calculate the optimum SEA of the various designs using machine learning methodology. Latin
Hypercube Sampling (LHS) was used to derive the design variation by dividing the variables into 100
samples. The machine learning optimisation method utilises the Artificial Neural Networks (ANN)
and Non-dominated Sorting Genetic Algorithm-II (NSGA-II) to forecast the design that produces
maximum SEA. The optimum control variables are star-shaped cells consisting of one vertical unit cell
using aluminium material with a cross-section thickness of 2.9 mm. The optimum design increased
the SEA by 5577% compared to the baseline design. The accuracy of the machine learning prediction
is also verified using numerical simulation with a 2.83% error. Four different sandwich structure
configurations are then constructed using the optimal geometry for prismatic battery protection
subjected to ground impact loading conditions. An optimum configuration of 6 × 4 × 1 core cells
arrangement results in a maximum displacement of 7.33 mm for the prismatic battery in the ground
impact simulation, which is still less than the deformation threshold for prismatic battery safety
of 10.423 mm. It is shown that the lightweight metastructure is very efficient for prismatic battery
protection subjected to ground impact loading conditions.

Keywords: battery protection; metastructure; machine learning; crashworthiness

1. Introduction

In recent years, electric vehicle usage and popularity have been growing steadfastly.
The Mobility Market Outlook report from Statista estimates that the worldwide sales of
electric vehicles will reach $384 billion by 2022 [1]. According to the analysis, in 2027, it is
predicted that the combined market value of electric vehicles will be $869 billion, surpassing
the sales of internal combustion engine vehicles. Global electric vehicles are too new to
project a certain future trajectory, but the market is expected to accelerate exponentially due
to their cost/energy efficiency, improved performance, and limited environmental impact.
Over 3.2 million new plug-in vehicles were listed worldwide in the year’s first half [2].

Batteries 2024, 10, 52. https://doi.org/10.3390/batteries10020052 https://www.mdpi.com/journal/batteries1
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The increasing growth of electric vehicles has increased the significance of battery
usages while also emphasising the need to develop their safety. Lithium-ion batteries
are currently used in most of today’s electric vehicles due to excellent performance at
high temperatures, low self-discharge, high power-to-weight ratio, and elevated energy
efficiency [3]. Research and development have proceeded to lower the cost of Li-ion
batteries, increase their usable life, and solve overheating safety concerns.

While the batteries are intact and free of flaws, lithium batteries are usually secure and
not likely to explode. Li-ion battery damage from a crash can happen quickly or gradually
and present the risks of fire or explosion [4]. The Li-ion battery in a moving vehicle always
functions at different speeds and accelerations. A moving battery is subject to local stresses
and deformations that, in extreme circumstances, such as car accidents, may cause local
cell damage [5]. An increase in battery temperature could set off more unfavourable
mechanisms and result in thermal runaway, an uncontrollable situation where the battery
produces too much heat [6]. Therefore, safeguarding Li-ion cells from harm caused by
crashes is a key challenge. Battery packs are positioned away from impact areas and from
where foreign things could penetrate. However, for bigger electric vehicles, the floor battery
pack arrangement exposes the battery to serious damage from ground impact, including
localised indentation, piercing, and fracture of its bottom construction [7].

Improving the protection system becomes a priority to limit deformation during
impact and lower incident risk. A crashworthy battery protector should be extremely light
to conserve energy, strong enough to prevent excessive deformation, and have excellent
energy absorption capabilities. Many designs, including sandwich structures, have been
researched as Li-ion battery shields. The sandwich structure consists of a pair of skins that
is strong, thin, and stiff, which becomes a cover on the upper and lower parts; the thick but
light core material is placed in the middle of the skins as a load transfer medium, usually
using cell-shaped material with less rigid and ultra-low-density material. These structures’
light weight and high energy absorption capability make them popular in the construction
and aerospace industries [8,9].

Different structures, including metastructure, can be placed within the sandwich
structure’s core [9]. Metastructures, which are lighter than comparable solid structures,
form by repeatedly arranging unit cell structures. Metastructure can be classified using
a variety of structures, with human bones and honeycomb-like beehive structures as
two examples found in nature. Because of its lightweight characteristics and strength,
metastructure has significant potential for high energy absorption. For this reason, the
metastructure-filled sandwich structure make it a viable candidate for use as a battery
protection system.

One of the smallest unit cells in the metastructure is the bi-stable element, which
is becoming increasingly popular as a basic element due to its ability to easily support
loads and be manufactured using additive manufacturing techniques [10]. While other
bi-stable unit cell components appear rigid, the curved section is first constructed as a
curved clamped beam [11]. Their multi-stability allows their curved shell designs to create
newly architected metamaterials to trap energy [12]. Due to the instability of the buckling
that initiates the bi-stable snap-through behaviour, this structure with negative stiffness
characteristics will experience greater deformation, preserve its deformed shape, and trap
the crushing energy. As a result, it is very suitable as an energy-absorbing element.

Another type of metastructure is the auxetic structure [13]. Due to its exact geometric
configuration and mechanical deformation of its microstructures, auxetic material shrinks
laterally when crushed because it has a negative Poisson’s ratio [14]. As a result, this
material exhibits exceptional shear stiffness, excellent fracture toughness, remarkable
indentation resistance, and unusual energy absorption capabilities. Because the auxetic
structure is drawn to the impact location, it also has a smaller peak crushing force, which
lessens damage and harm to the protected object [14]. With its remarkable and unique
features, the auxetic structure has great potential for many applications, such as protection

2



Batteries 2024, 10, 52

work and variable-type aerospace wingtips [15]. The auxetic patterns explored in this
research are star-shaped and double-U honeycomb (DUH).

Previous research has been focused on the optimisation design of different metas-
tructure configurations with a wide range of optimisation methods, including topological,
multi-objective, Design for Six Sigma (DFSS), machine learning-based, etc. Filho et al. [16]
performed a multi-objective optimisation of sustainable sandwich panels with perforated
foam cores to withstand impact loads. The research by Francisco et al. [17] centred on
optimising the double arrowhead auxetic model using the multi-objective Lichtenberg
algorithm. Nasrullah et al. [18] explored the topology optimisation of lattice structure
configuration design for crashworthy components. The study by Kirana [19] carried out
the optimisation of the bi-stable metastructure configuration subjected to explosive and
compressive loads to present the energy-absorbing mechanism using the Taguchi method
with an L16′ orthogonal array. Biharta et al. [20] developed an auxetic-based 3D sandwich
architecture to protect an electric vehicle pouch battery from ground impact stress. The
auxetic structures were optimised using Taguchi’s DFSS method to increase the specific
energy absorbed. Another relevant research is from Carakapurwa et al. [21], who used
machine learning to predict the best protection system for pouch batteries by optimising
several 2D auxetic configurations (re-entrant, double-arrow, star-shaped, DUH), material,
and geometric variables.

To address the gaps from previous research regarding application and design variables,
this research will focus on optimising the electric vehicle prismatic battery protection system
to resist ground impact using a sandwich metastructure configuration. Based on studies by
Xia et al. [7], the sandwich structure was positioned on the floor structure of the vehicle
and simulated to withstand an impact from an oncoming impactor that came from below.
The prismatic Li-ion battery modelled and experimentally tested in the study by Reynolds
et al. [22] formed the basis for the battery system used in this research.

Bi-stable [19], star-shape [23], and double-u honeycomb [24] 3D configurations were
the different types of geometry for the metastructure studied, while the material type
was limited to SS304, Al6061, and ST37. The machine learning optimisation method was
implemented to vary these variables to forecast the ideal configuration. To acquire the
SEA for every sample in the data sampling process, 100 samples were constructed using
LHS and manually simulated through FEM. The whole input and SEA values datasets
were then processed through data training using ANN to develop a mathematical model
that predicted SEA. As the final optimisation stage, the NSGA-II was used to iterate the
variables in search of the maximum SEA.

The optimised metastructure design predicted by machine learning was modelled in
an entire battery system simulation exposed to a dynamic impact to validate its accuracy
and safety capability. The crashworthiness of the entire battery system and optimised
structure was evaluated using a prismatic battery failure threshold, which fails when the
deformation exceeds 10.423 mm [22]. If the battery’s deformation is less than the failure
limit, the system can safeguard against severe deformation.

The objective of the battery protection structure’s optimisation and analysis is to offer
the best possible solution for the safety of electric vehicle Li-ion batteries. Future uses for
electric vehicles may benefit from implementing the design of battery protection against
thermal runaways presented in this research. Machine learning optimisation can also offer
strong solutions to determine outstanding SEA value.

2. Geometry and Numerical Model

2.1. Bi-Stable Design

Optimisation of 3D bi-stable meta-structure using Taguchi’s DFSS method had been
researched for explosive and compressive loads. Basic geometry from Kirana’s optimised
3D beam-type metastructure [19] was chosen as the preliminary baseline model to study
its crashworthiness performance. The geometric model replicated the model from Zhang
et al. [25] by adjusting several parameters. Preliminary modelling and simulation were used

3
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to find accurate settings and validate the model. The dimensions listed in Table 1 Figure 1
were used to build the baseline model. Two, two-dimensional unit cells were combined
and joined in the middle to form a 3D metastructure unit cell, as shown in Figure 2.

Table 1. Metastructure configuration unit cell specifications.

Parameters Value (mm)

t 0.9
h 6

L/2 15
w = H2 = H4 2.5

wm 5
H1 9.5
H3 8.6
l 40

Htot = H3 + H1 + h + t 25

Figure 1. 2D unit cell of beam-type metastructure configuration.

Figure 2. 3D bi-stable baseline configuration with an impactor (left), and its crushing result (right).

The simulation was performed using LS-DYNA explicit numerical simulation. The
impactor is modelled as a solid rigid box that measures 30 × 30 × 5 mm, weighs 500 kg,
and moves at a constant 15 m/s velocity. The material used for this model is Stainless Steel
SS304 with properties defined from MatWeb, Blacksburg, VA, USA [26].

2.2. Result Validation

To validate the result of this simulation, the force vs. displacement and energy vs.
displacement curves were observed in Figures 3 and 4. The slow increase in structural
internal energy during quasi-static loading shows the structure’s capacity to absorb impact
energy. Over time, the kinetic energy value remains constant and is less than the internal
energy. This is consistent with the definition of quasi-static, where the process occurs
little by little and resembles a static case in which the inertial effect can be negligible.
Furthermore, the sliding and hourglass energy values are both positive and significantly
small in relation to the total energy. Therefore, the numerical model is presumed to be valid
enough to define the actual model.
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Figure 3. Crushing force vs. displacement curve baseline model.

Figure 4. Energy vs. displacement curve baseline model.

3. Metastructure Configurations Modelling and Machine Learning Optimisation

3.1. Data Sampling Process

Estimating the size of the sample required for the ANN model’s input was done via
data sampling. The training and the validation data are two separate datasets for this data.
With the help of these data, a regressor model is constructed to forecast the variables of an
output from an input. Data are employed in two ways: discrete variables (categories) for
cross-section configuration and material type, and continuous variables (numerical) for
geometrical variables and material thickness, as described in Table 2.

Table 2. Variables for design optimisation.

Predictor Variable Output

Continuous (Numerical) Variable Categorical (Discrete) Variable

Inner cell spacing 9.5–11.2 mm
Cross section shape Bi-stable, Star, DUH

Specific Energy
Absorption (SEA)

Vertical stack units 1, 2, 3

Material thickness 1–3 mm Material Type SS304 [26], Al6061-T6
[27–29], ST37 [26]

3.1.1. Geometry Definition

The geometry variables are normalized or standardized since shape and geometry
properties differ. Two predetermined input variables serve as the foundation for the
normalisation: h as the “inner cell spacing” and vertical stack units. The height of cells is
constrained to be 29–31 mm and the configuration is set to be 2 × 2 for all samples. Variable
transformation provides the geometry limitations for each cross-section type and addresses
compatibility issues between input variables and the distinctive cell shapes. For example,
the cell becomes wider and hollower as the inner spacing grows. The specification of the
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geometry constraint for each type of cross-section is listed in Table 3. The configurations of
the structure are shown in Figure 5.

Table 3. Geometrical limitations for design optimisation.

Cross-Section Shape Geometrical Limitations

Bi-stable h′ = h → 9.5 mm ≤ h′ ≤ 11.2 mm
Star-shaped h′ = 0.834h → 7.92 mm ≤ h′ ≤ 9.34 mm

DUH (Double-U Honeycomb) h′ = 2h → 19 mm ≤ h′ ≤ 22.4 mm

 
Figure 5. Variable definitions of Bi-stable, Star-shaped, and DUH cells in mm.

3.1.2. Material Definition

The material variants include stainless steel SS304, Aluminium Al 6061-T6, and carbon
steel ST37. All the materials are modelled using MAT_024 piecewise linear plasticity. Al
6061-T6 properties are provided by ASM Material Data [27], Garcia’s article [28], and
Abotula’s paper [29]. Stainless steel material is specified using material properties obtained
in MatWeb [26]. The material properties are defined in Table 4.

6
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Table 4. Material properties.

Category Variable SS304 Al 6061-T6 ST37 Unit

Mechanical Property

Density (ρ ) 8000 2700 7330 kg/m3

Young’s Modulus (E) 200 68.9 200 GPa
Yield strength (σ ) 290 276 290 MPa
Poisson′s ratio (v ) 0.29 0.33 0.3 −

Strain-rate Sensitivity C 100 25,000 6.844 −
P 10 0.95 4.12 −

3.1.3. Sampling Process

The selection of samples should be broad and varied but also restricted to shorten
the calculation time required to create a precise and representative model. A popular
and widely utilised splitting ratio of 80:20 is employed to achieve the data-splitting ap-
proach [30]. Therefore, the sample size is 100, of which 20 will be utilised for the validation
data set and 80 for the training data set. By comparing the numerical simulation results
with the machine learning prediction of SEA, the error can be determined.

The discrete uniform distribution is used to create samples from categorical data,
assuming that each individual has an equal probability of being chosen for a sample [31].
Meanwhile, for the continuous variables, LHS divides each parameter’s range into intervals
equal to the number of samples needed, then chooses one value as the midpoint from each
interval to generate samples by taking into consideration the already presented sample
points in a virtually random sample, which is more beneficial for multi-dimensional
distribution [32,33]. As a result, it can guarantee that the range of possible values is suitably
represented by the collection of random numbers.

In this study, the representative sample points are chosen randomly from 100 samples
and three continuous variables to create an accurate model. Figure 6 (continuous variable),
Figure 7 (categorical variable), and Figure 8 (numerical sampling space distribution) show
the distributions of the sample variables created. The SEA value was then determined by
numerical simulation using the sampled data as input. The data set is finished once the
output value has been collected.

Figure 6. Continuous variable sampling result.

The samples are then modelled and imported into the LS-DYNA R11.0.0 software to
determine the generated samples’ crush resistance performance. The meshing process uses
HyperWorks 2022 software to consider the contours of the curved structures. The samples
modelled are illustrated in Figure 9.

7
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Figure 7. Categorical variable sampling result.

Figure 8. Continuous variable sampling result in 3D space.

The output variable is the energy absorbed per unit mass of the collision-impacted
structure, as represented by SEA. The goal is to have as high an SEA as possible, given
that this results in the best energy absorption capability. SEA is therefore assessed as the
outcome of the optimisation.

3.2. Data Pre-Processing

The datasets presented in Table 5 are pre-processed before the input and output
variables are combined. To properly quantify categorical data, they must be transformed
into unique index numbers (1, 2, 3) and an artificial variable must be created to address
each of these variables separately. The categorical input variables are quantified using
one-hot encoding and converted into Boolean dummy models for regression analysis. The
dummy variable assigned by the one-hot encoder algorithm for the input parameter’s
first level is erased to avoid multi-collinearity between two variables, or the dummy trap,
which occurs when the variables are highly correlated. The output variables are scaled

8
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simultaneously so that the highest absolute value of each variable is 1.0 without affecting
the sparsity of the data.

Figure 9. Numerical simulation of Bi-stable, DUH, and Star configurations.

Table 5. Categorical variables converted to dummy variables.

Categorical Variable Number Variable Dummy Variable

Cross-section shape
Bistable 1 1 0 0

DUH 2 0 1 0
STAR 3 0 0 1

Material type
SS304 1 1 0 0

Al6061 2 0 1 0
ST37 3 0 0 1

In training the neural network model, the processed datasets are split into an approxi-
mate 80:20 ratio between the training and validation data to ensure accuracy and prevent
overfitting [34]. The training set is instructed to understand the correlation connecting the
input variables and select the best weights. The test set calculates the loss between the two
datasets to assess the performance of the trained model.

3.3. ANN Architecture Model

The ANN model is used to solve optimisation questions as the regressor. To define
a neural network model’s confidence level, the right activation units and number of
hidden layers are essential; therefore, numerous iterations are necessary to find the ideal
configuration. Three hidden layers, each with a consistent 9-neuron unit count, make

9
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up the model configuration, as depicted in Figure 10. To reduce the size of the error or
loss function, this number of hidden layers and units was selected. Each hidden layer’s
parameters are listed in Table 6. Additionally, Table 7 defines the input variables that feed
into the input layer. The parameters used for the ANN optimisation are listed in Table 8.

Figure 10. The architecture of ANN model.

Table 6. Units, weight, bias, and activation function for all ANN layers.

Layer Neutron Units Weight Bias Activation Function

Dense_1 9 81 9 Linear
Dense_2 9 81 9 ReLU
Dense_3 9 81 9 Sigmoid
Dense_4 9 81 9 ReLU

Dense_5 (Output: SEA) 1 9 1 Linear

Table 7. ANN input variables.

Input Variable Data Type

1 Dummy 2 Cell Stack (2 stack) Boolean (0/1)
2 Dummy 3 Cell Stack (3 stack) Boolean (0/1)
3 Dummy 2 Cross-Section (STAR) Boolean (0/1)
4 Dummy 3 Cross-Section (DUH) Boolean (0/1)
5 Dummy 1 Material (SS304) Boolean (0/1)
6 Dummy 2 Material (Al6061) Boolean (0/1)
7 Dummy 3 Material (ST37) Boolean (0/1)
8 Inner Spacing Float (9.8–11.3)
9 Thickness Float (1–3)

Table 8. Variables for ANN optimisation.

Variables Value

Epoch 3000
Initialisation Normal distribution

Learning batch 32
Epoch step 300

Validation data split 20%
Activation Function ReLU (Rectified Linear Unit), Sigmoid, Linear

ANN Optimizer Adam
Error Parameter MSE (Mean Squared Error)

10
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3.4. ANN Model Accuracy

By comparing the numerically computed results from simulation with outcomes
predicted by machine learning, the accuracy of ANN prediction can be seen in Figure 11.
To determine how well the model corresponds to the real data points, we quantified the
graph and obtained R2 = 0.9975. The higher the value of R2, the higher the accuracy. It is
generally regarded as sufficiently precise for R2 > 0.9 [35].

Figure 11. Comparison between predicted and computed SEA.

It is also measured for the training and validation data sets using MAE (Mean Absolute
Error) and MSE, as shown in Table 9. The constructed ANN model delivers comparatively
small absolute error of 0.0695 (66.95%) according to the iterations performed.

Table 9. ANN model training loss result.

Parameter Training Set Validation Set

MSE 2.6315 × 10−5 0.0129
MAE 0.0013 0.0695

A neural network regression model is defined in which weight and bias values repre-
sent the connections between every layer in a neural network to comprehend the relation-
ship between the input and output parameters. The total acquired weight obtained by the
ANN model is equal to the number of layers times the number of branches in every layer,
whereas the full bias attained is equal to one for every unit. Linear equations cannot be
constructed from the generated weight and bias due to the Sigmoid and ReLU activation
functions used in the model. Rather, the ANN model was imported straight to the NSGA-II
optimisation method.

3.5. Decision of Optimised Model

The set of design parameters for the highest SEA was chosen by the NSGA-II algorithm
using the trained ANN model as the input. The weight and bias of the crashworthiness
variables generated from the neural network training are the first values imported by the
NSGA-II algorithm. This algorithm iterated over the values of the variables according to
the specified constraints and objectives. The geometrical and material definition range
served as the constraints, and the objective of the NSGA-II algorithm was confined to
forecasting the best crashworthiness parameters of the structure for any given arrangement
of input variables.
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The design variables are iterated 1000 times to produce design point candidates that
meet the maximum SEA value. Based on the optimisation result, the NSGA-II algorithm
produced the highest estimated SEA of 54,992.62 J/kg. Table 10 listed the design parameters
of the optimised design.

Table 10. Variable maximum correlation.

Parameters Value Unit

Cross-section Star -
Material Al6061-T6 -

Vertical stack unit 1 -
Inner spacing 10.2 mm

Material thickness 2.9 mm

Then, LS-DYNA is used to model the resulting design variables to verify the precision
of ANN prediction and the result of NSGA-II optimisation (Figure 12). Table 11 compares
predicted design variables, simulation output values, and baseline model.

 

Figure 12. Numerical simulation of the baseline (left) and optimised (right) models.

Table 11. Comparison between baseline and optimised models.

Input Parameters
Baseline Model Optimised Model

Value Unit Value Unit

Cross-section Bistable - Star -
Material SS304 - Al6061 -

Vertical stack 1 - 1 -
Inner spacing (h ) 14.6 mm 10.2 mm

Thickness (t ) 0.9 mm 2.92 mm

Output Parameters Value Unit Value Unit

Mass 0.0589 kg 0.049 kg
EA 58.7 J 2772.38 J

SEA 996.93 J/kg 56, 596.28 J/kg
Predicted SEA - J/kg 54, 992.62 J/kg

Differences between Predicted and Simulation results 2.83%

Comparison between Optimised and Baseline SEA 5577%

As opposed to the optimised design from Kirana’s research [19] as the baseline model,
the optimised model’s SEA value is 5577% higher. The predicted model could successfully
estimate the SEA value with the difference between the predicted and actual SEA from the
numerical simulation of only 2.83%. Figure 13 displays the force vs. displacement curves
for the baseline and optimised models.

The optimised model’s crushing force is significantly greater than the baseline model’s,
leading to a notable increase in energy absorption. Figure 14 also displays the energy plot
for both models.
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Figure 13. Force vs. displacement curves for baseline (upper) and optimised (lower) models.

Figure 14. Energy vs. time curves for baseline (upper) and optimised (lower) models.

Notably, the impactor moves quasi-static, producing a constant kinetic energy. The
energy curves exhibit a continuous rise in internal energy and a lack of negative energy,
allowing the structure to absorb impact energy.
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4. Battery System Analysis with Optimised Protection Configuration

4.1. Decision of Optimised Model

The final simulation shows the effectiveness of the optimised configuration in a ground
impact scenario using a prismatic battery positioned on the floor structure of a vehicle.
The system is based on the Lightweight Structures Laboratory ITB’s model with minor
adjustments from Carakapurwa’s research [21]. The system comprises a prismatic battery,
a floor, a plate casing for the protection layout, and an impactor, as shown in Figure 15.

Figure 15. The complete layout of the battery system.

The optimised structure’s energy absorption capability is to minimise substantial
prismatic battery deformation. The failure displacement for the prismatic battery before a
runaway is 10.423 mm, in light of Reynolds’s study [22]. This configuration is qualified for
battery protection if the structure can stop the battery’s failure.

The vehicle’s floor serves as its structural framework, and the plate casing is arranged
in a sandwich pattern, with the cell structure serving as its core. To illustrate a foreign
object that can cause damage to the battery pack, the impactor is represented as a cone.
The lower and upper plates are modelled using the same material as the floor structure, as
summarised in Table 12.

Table 12. Al2024-T351 material properties.

Material Properties Value Unit

Material used Al 2024-T351 [36] −
Density (ρ ) 2.78 × 10−6 kg/mm3

Young’s Modulus (E) 73.1 GPa
Yield Strength (σ ) 0.324 MPa
Poisson′s Ratio (v ) 0.33 −
Failure Strain (ε f .) 0.2 −

For the prismatic battery, all modelling parameters are based on variables and as-
sumptions in research on prismatic battery cells. To accurately represent the homogenized
behaviour of the cell under compression via thickness, material model 63 was chosen.
Wei’s research [37] generated the hardening curves (true stress vs. plastic strain) for the
aluminium casing of prismatic battery cells, as shown in Figure 16. Based on the slope
of the load-deflection curve, the modulus of elasticity is computed as a reference value
for the battery module’s engineering stiffness under tensile loading. Since the material is
expected to be highly compressive because of the cell porosity, Poisson’s ratio is set to 0.1.
The dimensions of floor structure, prismatic battery, upper and lower plates are detailed in
Table 13.
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Figure 16. Polymer Lithium-Ion Battery (PLIB) aluminium casing hardening curve.

Table 13. Floor, upper, and lower plates dimensions.

Floor Modelling Value Unit

Dimension (x̂ × ẑ ) 200 × 200 mm
Thickness (ŷ ) 2 mm

Battery Modelling Value Unit

Dimension (x̂ × ẑ ) 150 × 92 mm
Thickness (ŷ ) 30 mm

Element model Fully Integrated Solid -
Density (ρ ) 1.76 × 10−6 kg/mm3

Young’s Modulus (E) 0.904 GPa
Tensile Cut-off (TSC) 108 MPa

DAMP Factor 0.5 -

Plate Modelling
Upper Plate Lower Plate

Value Unit Value Unit

Dimension (x̂ × ẑ ) 208 × 208 mm 208 × 208 mm
Thickness (ŷ ) 0.4 mm 0.25 mm

This optimisation has four different cell structure configurations, as shown in Figure 17.
The optimised model is used for all cell configurations. Each configuration’s element size
equals the thickness of a single cell divided by 3. The dimensions of each configuration are
detailed in Table 14.

 

Figure 17. Cell configuration 1 (upper left), cell configuration 2 (upper right), cell configuration 3
(lower left), cell configuration 4 (lower right).
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Table 14. Cell configurations for battery protection system.

Configuration Cell Resize Cell Arrangement Total Dimension Structural Volume

1 100% 6 × 6 × 1 165.4 × 165.4 × 30 mm 140, 271 mm3

2 100% 6 × 4 × 1 165.4 × 111.2 × 30 mm 95, 695.6 mm3

3 80% 8 × 8 × 1 175.5 × 175.5 × 24 mm 124, 980 mm3

4 50% 12 × 8 × 2 163.9 × 109.7 × 30 mm 89, 017.2 mm3

The impactor simulates an outside item striking the battery system upon ground
impact. The impactor was modelled as a flat-tipped cone. It weighs 0.77 kg and is designed
to move in the direction of Z+ at an initial speed of 42 m/s. The total energy of the system
during simulation is equal to the initial kinetic energy of the impactor, which is 678.74 J.

4.2. Results and Discussion

The numerical simulation’s result was applied over a period of 2 ms. Table 15 shows
the impact simulation result.

Table 15. Visualisation of the battery thickness deformation for four configurations during impact.
The battery is the most deformed for simulation using configuration 3 and least deformed using
configuration 1.

Configuration 1 Configuration 2 Configuration 3 Configuration 4 Time

    

0 ms

 

0.5 ms

1 ms

1.5 ms

 
2 ms

Calculations are made to determine whether the cell structure can minimize battery
deformation by measuring the displacement of nodes along the battery. The battery planar,
predicted to experience the greatest deformation, is evaluated at the centre. To view the
deformation as a time function, the local thickness—the distance between the highest and
lowermost nodes—is determined at that point during the whole simulation time interval
using Equation (1).

Max de f ormation =
(
zupper − zlower

)− 30 mm, (1)

Firstly, to decide the best configuration, the battery must be shielded from impact
loads to function properly throughout the simulation. Secondly, the ideal battery protector
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should be as compact and lightweight as possible because then a smaller amount of energy
will be required to operate the vehicle.

Figure 18 shows the change in maximum deformation for all cell configurations. Only
the third configuration fails to protect the battery as it underwent more deformation than
is necessary for battery failure. The first, second, and fourth configurations thereby satisfy
the first condition. The structure’s dimensions and mass are compared to pick between the
other three configurations.

Figure 18. Change in maximum deformation throughout simulation for all cell configurations.

Table 16 shows that the second configuration is 7.5% heavier than the fourth con-
figuration but 46.6% lighter than the first. However, compared to the first and fourth
configurations (46.6% and 15.7%, respectively), the cell structure of the second configura-
tion yields the highest SEA value. Based on this number, the second configuration is the
most effective for protecting the battery.

Table 16. Simulation results comparison for all cell configurations.

Configuration Volume (mm3) Mass (kg) EA (J) SEA (J/kg)
Maximum Deformation

(mm)

1 140,271 0.379 225.4 595.2 −7.21
2 95,695.6 0.258 225.3 872.2 −7.33
3 124,980 0.337 126.3 374.4 FAIL
4 89,017.2 0.240 181.1 753.6 −9.69

Smaller single-cell designs tend to experience more deformation, which suggests
that the amount of deformation experienced by the battery is related to the single-cell
structure’s size. Due to the larger single-cell size of the configuration structure, it was
predicted that thicker materials possess greater flexural stiffness and are more capable of
resisting three-point bending, following Campbell [9]. By comparing the third and fourth
configurations, it is possible to see that when modelling many stacks for smaller single-cell
structures, the SEA increases. The energy values for the battery system and the second
configuration cell structure are also plotted to test the structure’s capacity to absorb impact
energy.

As shown in Figure 19, the system’s total energy (about 679 J) remains constant through-
out the simulation. The simulation result in Table 17 shows some damage to the cell structure
starting at 1 ms, indicating that the material’s failure criterion has been met and some of the
cell’s elements have begun to erode. The corroded elements are also causing a slight decrease
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in the energy of the cell structure (Figure 20). For the simulation result to be accurate, the
system’s sliding energy, the sum of friction energy from all contacts, must be positive. Due to
the initial velocity of the impactor, kinetic energy is the only energy in the system. It gradually
decreases as internal energy increases, corresponding to the actual physical situation where
the impactor is slowed down when interacting with the battery protector.

Figure 19. Energy vs. time curve for whole battery system.

Table 17. Numerical simulation results for the optimised cell configuration.

 

0.25 ms 0.5 ms 0.75 ms

1 ms 1.25 ms 1.5 ms

1.75 ms 2 ms

Figure 20. Energy vs. time curve for metastructure cell structure.
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A battery failure can be avoided by the optimised structure using configurations 1,
2, and 4, given that no point has been compressed more than 10.4 mm. Considering the
dimension, mass, and specific energy consumption value, the second configuration is the
best to protect the prismatic battery.

Nevertheless, the cell structure, which is supposed to become denser as compression
occurs, could not form its auxetic characteristic due to the crushing trend seen in Figure 21.
Instead, the impulsive force caused the cell structure to lift, which may be caused by the
concentrated (not uniformly dispersed) impact mechanism at one point.

Figure 21. Numerical simulation result of the most optimised battery protector system configuration
using concentrated impactor.

On the other hand, the design optimisation for data training utilised a rigid plane as
the impactor to yield an even distribution. The cell structure can be scaled up to the point
where the side of the cell is wide enough to bend when in contact with enclosing plates to
avoid this, resulting in the auxetic feature shown in Figure 22.

Figure 22. Numerical simulation result of the optimised cell structure for quasi-static loading using
rigid plane impactor from data training process.

5. Conclusions

Preliminary modelling and validation of simulation were used to determine the valid
modelling parameters and baseline performance using the optimised beam-type bi-stable
metastructure from Kirana’s research [19]. The simulation has shown that the baseline
structure can absorb a crash energy of 58.7 J. The SEA value of the baseline model is
996.9 J/kg, given its mass of 0.0589 kg.

ANN and NSGA-II were used to predict the optimised metastructure configuration.
It is found that the star-shaped auxetic cell can absorb the most crushing energy while
having the least amount of mass, which results in the highest SEA. When subjected to a
uniformly dispersed load, the cell structure has auxetic characteristics due to the crushing
trend where the centre of the cell laterally shrinks in the transversal direction, as shown in
Figure 22.

The optimal cell (Figure 12) has the following dimensions: 10.2 mm inner spacing,
2.9 mm thickness, and consists of 1 stack. With 0.049 kg of mass and 2772.38 J of absorbed
energy, the optimal cell has a SEA value of 56,596.28 J/kg or 5577% higher than the baseline
model, according to the numerical simulation results.

Furthermore, the best cell configuration is the second arrangement, based on the whole
battery system simulation results and comparison analysis, (Figure 17), in which the opti-
mised cell is arranged in 6× 4× 1 cells for a total dimension of 165.4 × 111.2 × 30 mm. This
dimension formed a 95,695.6 mm3 volume with 0.258 kg of mass. With this arrangement,
the battery’s maximum deformation is 7.33 mm, significantly less than the deformation
required for prismatic battery failure (10.423 mm).
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Future research is suggested to improve this work by extending the data training
process, investigating different machine learning methods, and also validating other shape-
type options. The data training process can be developed by considering new geometrical
shapes and additional materials such as composites, simulating additional impactor condi-
tions, and other loading scenarios with manufacturing aspects in the simulation. Another
optimisation method to be explored can conclude single-objective genetic algorithms that
are Pareto-dominance-based.
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Abstract: Using different fast charging strategies for lithium-ion batteries can affect the degradation
rate of the batteries. In this case, predicting the capacity fade curve can facilitate the application of
new batteries. Considering the impact of fast charging strategies on battery aging, a battery capacity
degradation trajectory prediction method based on the TM-Seq2Seq (Trend Matching—Sequence-
to-Sequence) model is proposed. This method uses data from the first 100 cycles to predict the
future capacity fade curve and EOL (end of life) in one-time. First, features are extracted from
the discharge voltage-capacity curve. Secondly, a sequence-to-sequence model based on CNN,
SE-net, and GRU is designed. Finally, a trend matching loss function is designed based on the
common characteristics of capacity fade curves to constrain the encoding features of the sequence-to-
sequence model, facilitating the learning of the underlying relationship between inputs and outputs.
TM-Seq2Seq model is verified on a public dataset with 132 battery cells and multiple fast charging
strategies. The experimental results indicate that, compared to other popular models, the TM-Seq2Seq
model has lower prediction errors.

Keywords: lithium-ion battery; multiple fast charging strategies; capacity fade curve; one-time
prediction; trend matching

1. Introduction

With the improvement of technology and the decrease of cost, lithium-ion batteries
have gradually been promoted. However, their performance will accelerate to fade with
the increase of usage times. This fade is the consequence of multiple coupled degradation
mechanisms, including electrode–electrolyte interface side reactions, lithium deposition,
electrode material structure damage and electrolyte decomposition [1]. Battery capacity is
considered the leading indicator for evaluating battery performance. The battery capacity
fade curve refers to the trend curve as the battery capacity gradually decreases with
the increase of battery usage time. Generally, the battery capacity fade curve shows an
exponential fade trend, that is, the longer the battery usage time, the faster the loss of
battery capacity. Predicting the battery capacity fade curve can help people understand the
battery life and performance, so that they can better manage, use, and maintain the battery.
Therefore, it is necessary to develop models that can predict the trend of battery capacity
fade using limited data.

Various models have been proposed by researchers to predict the fade trend of battery
capacity. These models fall into two main categories: electrochemical models and data-
driven models based on battery measurements such as capacity, voltage [2]. Electrochemical
models [3] integrate pseudo-two-dimensional (P2D) models [4] or single-particle models [5]
with battery aging mechanism models to predict battery capacity fade trends. This approach
utilizes partial differential equations [6] to describe physical phenomena like mass transfer,
charge transfer, thermodynamics, and chemical kinetics [7,8]. Although electrochemical
models can provide highly accurate prediction results in some cases, there are many
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uncertainties in the electrochemical process under different usage conditions, such as
temperature, pressure, depth of charge–discharge, etc. These factors can affect the internal
structure and chemical reactions of the battery that result in modeling failure.

Data-driven models have been widely applied. Some researchers used historical capac-
ity data as input and fitted the capacity fade situation by using mathematical models such
as exponential [9] and double exponential [10]. Other researchers consider more diverse
inputs and employ deep learning models to capture capacity fade trends [11–14]. The
aforementioned studies typically required sufficient charge–discharge data to accurately
predict future capacities, which has limited the application of battery capacity prediction
techniques in many scenarios.

Li et al. [15] implemented the earliest prediction of the entire capacity fade trend
using a capacity-based method. This method relies solely on the capacity series data as
input. They used data up to the first 100 cycles as input and used a sequence-to-sequence
model based on a cyclic neural network. While this method predicts the future capacity
fade curve in one-time, it fails to consider the impact of various charging conditions.
Furthermore, certain high-performance batteries exhibit no capacity deterioration within
the first 100 cycles [16]. Therefore, relying solely on capacity as a feature is insufficient
for accurately estimating future capacity fade trajectories. It is necessary to extract more
comprehensive aging features from data such as voltage, charge quantity, and other data.

Currently, considering the impact of fast charging strategies on batteries and the
absence of capacity fade in the initial charge–discharge cycles, some methods have been
successfully applied to predict end of life (EOL) [16–18], remaining useful life (RUL) [19],
and rollover cycle (knee point) prediction [20]. These methods extract richer aging features
from voltage, charge quantity, and other data, enabling the prediction of EOL, RUL and
rollover cycle, and promoting the development of capacity degradation trajectory predic-
tion methods. Building upon the various aging features validated by the aforementioned
methods, researchers have demonstrated methods for predicting the capacity fade curve
by using data from early charge–discharge cycles. Liu et al. [21] proposed an elastic net-
based method to estimate parameters in an empirical power function that describes the
capacity fade curve over more than 100 cycles. Similarly, Saurabh et al. [22] trained a 2D
convolutional model to predict unknown parameters in the capacity fade curve parameter
equation. Both of these methods can predict the capacity degradation trajectory. However,
the parameter equation cannot fit all the original data without bias. This creates inherent
errors in the constructed predicted labels, which can result in a low level of accuracy in the
final outcomes.

Strange and dos Reis [23] used two different nine-layer 1D-CNN neural networks to
predict the coordinates of multiple sampling points on the capacity degradation curve.
Similarly, Herring et al. [24] used the first 100 cycles of data to build a multitask linear
model that predicted the capacity fade curve. Training machine learning models using
small amounts of battery data still presents a challenge, despite the absence of errors in
label construction. Overfitting commonly plagues these approaches due to three primary
reasons stemming from the nature of the data itself. Firstly, there are significant differences
between samples, leading to complexities in modeling. Secondly, each sample exhibits
high dimensions, with input features comprising multiple time series and the output
label consisting of a single time series. Moreover, the resource-intensive nature of full-
cycle experiments for batteries results in limited available training data. Consequently,
fitting the training data necessitates larger models. However, without considering the
distribution characteristics of the data, these models often lack adequate generalization
ability. This predicament raises the unresolved issue of how to develop models with strong
generalization capabilities in the face of minimal battery data.

In order to address the aforementioned issues, a battery capacity degradation trajectory
prediction method based on the TM-Seq2Seq (Trend Matching—Sequence-to-Sequence)
model is proposed. This method predicts the future capacity fade curve in one-time
without iteration. Firstly, features are extracted during the first 100 charge–discharge
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cycles. Secondly, the capacity fade curve is sampled at equal capacity intervals, and the
sampled sequence is set as labels. Next, features are extracted using dilated convolution
and SE-net, and the features are enhanced using a GRU decoder. Finally, a GRU decoder is
used to predict the labels. Additionally, a trend feature matching loss function is designed
based on the data characteristics of capacity fade curves. This loss function constrains the
output from the intermediate layers of the model, ensuring that the intermediate features
follow a certain pattern similar to the capacity fade curve. By controlling the learning
space in this way, the model is able to enhance its robustness and improve its learning
capabilities. Finally, a parameter equation for the capacity degradation curve is designed
to fit the predicted sample points and obtain the complete capacity degradation curve. The
proposed method is verified on a public dataset with 132 battery cells and multiple fast
charging strategies.

2. The Battery Data for Multiple Fast Charging Strategies

Different fast charging strategies can impact the degradation rate of batteries. To
reflect this scenario, this study utilizes the graphite/LiFePO4 cylindrical batteries cycle
dataset from Severson et al. [16] and Attia et al. [25]. The experimental dataset consists of
132 batteries of the same type with different fast charging strategies. Figure 1 shows six fast
charging strategies’ current-capacity curves and voltage-capacity curves. Firstly, these fast
charging strategies involve constant current charging at different rates in different capacity
ranges. Secondly, each battery follows the same fast charging strategy throughout different
charge–discharge cycles. Lastly, all batteries have the same discharge conditions. Figure 2a
displays the capacity fade curves of the 132 batteries. The horizontal axis represents the
cycle number, the vertical axis represents the battery capacity, and each curve represents
the capacity fade curve of a single battery. The color of the curve reflects the lifespan of the
battery. The distribution of the total test cycles of 132 batteries is illustrated in Figure 2b.
Under the influence of different charging strategies, the capacity degradation rate and trend
of the batteries exhibit uncertainty, posing challenges to the prediction task of capacity
fade curves.

Figure 1. Cont.
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Figure 1. Current and voltage curves for six different fast charging strategies.

 
(a) (b) 

Figure 2. (a) Capacity fade curves of 132 experimental batteries. (b) The distribution of the total test
cycles of 132 batteries.

Further information about the dataset can be found at the following web address:

1. https://data.matr.io/1/projects/5c48dd2bc625d700019f3204, accessed on 1 January
2024.

2. https://data.matr.io/1/projects/5d80e633f405260001c0b60a, accessed on 1 January
2024.

3. One-Time Prediction Method for Capacity Fade Curves

In this section, we explore a comprehensive approach to predict the capacity fade
curve. This section comprises three subsections, each addressing a specific aspect of the
methodology. Section 3.1 provides an overview of the feature extraction method as well as
the method of quantifying the capacity fade curve into labels. Section 3.2 delves into the
principles of the TM-Seq2Seq model, which serves as the core framework for our prediction
methodology. Lastly, Section 3.3 presents the capacity fade curve parameter equations used
to fit the labels into smooth and accurate representations of the actual fade curves.

3.1. Feature Structure and Label Structure

Although multiple fast charging strategies greatly affect the rate of battery capac-
ity degradation, most batteries do not exhibit significant capacity fade within the first
100 charge–discharge cycles, as shown in Figure 3a. Relying solely on capacity data cannot
reflect the battery’s aging rate. Therefore, it is necessary to identify features that reflect
the battery’s aging rate and trend and map them onto future capacity fade curves. The
voltage–discharge capacity curve is an important curve that reflects the discharge voltage
strength of the battery at different states of charge. Many studies have extracted battery
aging features through Q(V) (discharge capacity–voltage) curves and conducted a series of
prediction tasks. As the battery ages, the Q(V) curve of the battery will undergo changes.
Figure 3b illustrates the differences between the Q(V) curves of the battery during the
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first cycle and the 100th cycle. The horizontal axis of the graph represents the variance
in capacity between the first cycle and the 100th cycle, while the vertical axis depicts the
discharge voltage of the battery.

(a) (b)

Figure 3. (a) Capacity curves within the first 100 charge–discharge cycles. (b) The subtraction of the
Q(V) curve of the first cycle from the Q(V) curve of the 100th cycle of a battery.

The extracted features need to reflect the changes in the discharge Q(V) curve. Consid-
ering this aspect, two sets of temporal features are extracted. The specific feature extraction
method is as follows.

Firstly, to ensure accurate feature extraction, it is important to establish a specific
voltage range. The high-rate constant current discharge often leads to a reduction in the
initial voltage, which can create difficulties in measuring voltages within the 3.5 V to 3.6 V
range. Consequently, to address these challenges, we have opted to focus on extracting
features within the voltage span of 2.0 V (discharge cut-off voltage) to 3.5 V. The discharge
capacity values between 2.0 V and 3.5 V on the Q(V) curve are sampled at equal voltage
intervals, generating a vector Qi = {Qi(Vmin), . . . , Qi(Vmax)} composed of the discharge
capacity values. In this vector, the i is the cycle number and Qi(Vmin) is the discharge
capacity at a voltage of Vmin.

Next, the difference of vector Qi for each cycle relative to the 100th cycle is calculated
using Equation (1). This difference serves to reflect the variations in the Q(V) curve.

�Q(100−i) = Q100 − Qi (1)

Lastly, we use the mean and variance of the vector �Q(100−i) to construct two features.
Specifically, the variance feature is calculated as shown in Equation (2), while the mean
feature is computed following Equation (3).⎧⎪⎨⎪⎩

Varj =
{

Var
(
�Q(100−1)j

)
, Var

(
�Q(100−2)j

)
, . . . , Var

(
�Q(100−100)j

)}
Var

(
�Q(100−i)

)
= 1

n

n
∑

i=1

(
�Q(100−i)(Vi)−�Q(100−i)

)2 (2)

Meanj =
{
�Q(100−1)j,�Q(100−2)j, . . . ,�Q(100−100)j

}
(3)

where Meanj and Varj is the features, j represents the j-th battery, which also corresponds
to the j-th sample. These features reflect the speed and trend of battery aging within the
first 100 cycles.
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When the actual capacity of the battery reaches 80% of its rated capacity, the battery life
ends. The end-of-life capacity of the battery can be calculated based on the rated capacity
of the battery, as shown in Equation (4).

CEOL = CNominal × 80% (4)

where CNominal is the nominal capacity of the battery, which is 1.1 Ah, and CEOL is the
end-of-life (EOL) capacity of the battery.

To achieve a reliable prediction of the capacity decay trajectory from the 100th cycle to
end of life, we establish the target label that accurately reflects this progression. In order to
maintain uniform label length across samples, we choose to evenly select 10 points along
the capacity decay curve. This decision is driven by the intention to mitigate the risk of
overfitting the model due to high label dimensions, particularly when dealing with limited
sample data. Therefore, 10 points are uniformly sampled between C100 and CEOL. These
points can be obtained using Equation (5).

Next, to determine the coordinates of these 10 capacity values, we simply need
to acquire their respective cycle numbers. The cycle numbers corresponding to these
10 capacity values are set as the labels for prediction, as shown in Equation (6).{

Cij = C100j −
(
C100j − CEOL

)× i × 10%
Cj =

{
C1j, C2j, . . . , C10j

} (5)

yj =
{

Cycle1j, Cycle2j, . . . , Cycle10j
}

(6)

where Cycleij is the number of cycles to reach the capacity value of Cij (specifically,
C10j = CEOL, and Cycle10j is the EOL). Vector yj is the label for prediction. J represents the
j-th battery, which also corresponds to the j-th sample.

The initial measured capacity of different batteries deviates from the nominal capacity,
resulting in variations in the numerical range of Vector Cj for different batteries. Addition-
ally, the elements in Vector Cj and Vector yj affect each other mutually. Given the above
reasons, vector Cj is used to predict the label yj. In summary, the features to be inputted
into the model and the label to be predicted are shown in Equation (7).

D = [ input|target] =

⎡⎢⎢⎣
Var1,
Var2,

Varn,

C1, Mean1
C2, Mean2
. . .
Cn, Meann

∣∣∣∣∣∣∣∣
y1
y2
. . .
yn

⎤⎥⎥⎦ (7)

3.2. The Structure of TM-Seq2Seq Model

The original feature sequences used to predict the capacity fade curve represent a
high-dimensional input for the sequence-to-sequence regression task. However, directly
feeding these sequences into a Recurrent Neural Network (RNN) could hinder the GRU’s
ability to retain information over extended periods. Furthermore, the time series features
being inputted into the model hold diverse physical interpretations, necessitating a careful
evaluation of their relative importance for improving prediction accuracy. Therefore, to
address these challenges, the TM-Seq2Seq model structure was specifically crafted with
a focus on the sequence-to-sequence architecture [26] as shown in Figure 4. Firstly, the
original features are learned and dimensionality-reduced through strided convolutions.
Following this, an SE-net is added after the convolutional neural network to assign weights
to features derived from various convolutional channels. Then, an encoder composed of
GRU is used to encode the input sequence. Finally, a decoder composed of GRU is used to
predict the labels yj. In addition, the elements in Vector Cj and Vector yj affect each other
mutually. Given the above reasons, vector Cj is used as input for the decoder. Furthermore,
considering that the capacity fade curve has characteristics approximating exponential
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fade, the trend features of different sample encoding vectors are constrained. The specific
roles and principles of SE-net, GRU, and trend matching are introduced below.

Figure 4. The structure of TM-Seq2Seq model.

3.2.1. SE-net

SE-Net (Squeeze-and-Excitation Network) [27] is an attention mechanism used to
enhance the performance of convolutional neural networks (CNN). By introducing channel
attention mechanism, SE-Net enables the network to dynamically learn the importance
of each channel. First, for the input features, SE-Net performs global average pooling
operation to transform the features of each channel into a single value. This value represents
the global statistical information of that channel’s feature. Second, SE-Net introduces a fully
connected two-layer network to learn the weight of each channel. Finally, by multiplying
the learned channel attention weights with the original features, the effect of strengthening
Important features and weakening useless features is achieved. The formula for the
“squeeze” operation is shown in Equation (8).⎧⎨⎩ zc = Fsq(uc) =

1
W×H

W
∑

i=1

H
∑

j=1
uc(i, j)

U = (u1, u2, . . . , uc)

(8)

where U is a set of input features, uc is an input sample, and zc is global statistical information.
The “excitation” operation is shown in Equation (9). The channel dependency is

obtained through a simple gating mechanism.

sc = Fex(sc, W) = σ(g(zc, W)) = σ(W2δ(zcW1)) (9)

where W1 and W2 are the weight matrix to be optimized. sc represents the channel
weight vector.

The output of the SE-net is shown in Equation (10).

x̃c = Fscale(uc, sc) = sc · uc (10)

where Fscale represents the multiplication operation channel-wise.
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3.2.2. GRU

GRU [28] (Gated Recurrent Unit) comprises two gates: the update gate and the reset
gate. The reset gate determines the influence of the old hidden state on the current state,
while the update gate controls the influence of the new input on the current state. The
updated equation is as follows:

zt = σ(Wz · xt + Uz · ht−1 + bz) (11)

rt = σ(Wr · xt + Ur · ht−1 + br) (12)

h′
t = tanh

(
Wh′ · xt + Uh′ · (rt � ht−1) + bh′

)
(13)

ht = (1 − zt)� ht−1 + zt � h′
t (14)

where xt, ht, and h′
t are input data, output hidden states, and candidate hidden states at

time t. The parameters in the weight coefficient matrices, including Wz, Wr, and Wh′ for
the input data and Uz, Ur, and Uh for the hidden states, are essential for the training of
the network. The biases bz, br, and bh are included for each corresponding component.
Compared to LSTM, GRU utilizes fewer parameters, which results in faster training and
testing speeds. Additionally, the simpler structure helps alleviate the problem of vanishing
gradients, making GRU potentially perform better than LSTM when dealing with long-
sequence data.

3.2.3. Trend Matching

To effectively fit complex and diverse input–output data, it is crucial to impose appro-
priate constraints on the model design, given the limited amount of training data available
and the significant differences between samples. In designing a method to constrain the
model, it is crucial to consider the factors that can impact its learning space. The constraints
implemented should not alter the model’s structure but rather enhance its generalization
ability by limiting the range of parameters it can learn from the data. In many domains,
special loss functions are used in generalization techniques to limit the output data from the
intermediate layers of the network, thus restricting the learning space of the model [29,30].
The loss function plays a pivotal role in this process as it must be carefully designed to
correspond to the data conditions and expected objectives. Given these factors, the method
to constrain the model is designed as follows:

Firstly, based on the commonality that the capacity degradation curve roughly follows
an exponential fade trend, Equation (15) is designed to quantify the trend feature of
a vector. ⎧⎪⎪⎨⎪⎪⎩

y = (Cycle1, Cycle2, · · · , Cycle10)

TF(y) =

⎛⎝ |Cycle1−y|
1
n

n
∑

i=1
|Cyclei−y|

, |Cycle2−y|
1
n

n
∑

i=1
|Cyclei−y|

, · · · , |Cyclen−y|
1
n

n
∑

i=1
|Cyclei−y|

⎞⎠ (15)

where y represents the label and TF(y) represents the trend feature of the label.
Secondly, the labels of different batteries were compared and the trend features of these

labels were analyzed, as shown in Figure 5. Despite significant variations in the labels of
different batteries, they exhibit similar trends. By imposing constraints on different feature
encodings, we are able to follow certain patterns with relatively low levels of disorder in
the different labels. This approach can help constrain the confusion level associated with
various feature encodings, thus making the relationship between feature encodings and
labels clearer and more effective. As a result, by enhancing the clarity and effectiveness of
this relationship, we can significantly improve the performance and learning capability of
the model.
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Figure 5. The distribution of the labels and the trend features of these labels.

Finally, Equation (16) is used as the loss function during model training. The purpose
of this loss function is to minimize the differences in trend features of feature encodings
across different samples. In addition, Equation (19) is also used as a loss function to fit
the labels.

LTM
(
hi, hj

)
= ∑i,j mse

(
TF(hi), TF

(
hj
))

(16)

hi = Fencoder(Meani, Vari) (17)

ŷi = Fdncoder(hi, Ci) (18)

Lpred(ŷi, yi) = ∑i mse(ŷi, yi) (19)

where Fencoder is the feature extractor consisting of CNN, SE-net, and GRU, Fdncoder is the
GRU decoder, hi is the encoding vector of the i-th battery.

3.3. Parameter Equation of Capacity Fade Curve

When parameterizing the capacity fade curve, a reasonable parameter equation should
be selected according to the actual situation to ensure accuracy and reliability. The expo-
nential model is a common mathematical model that is used by many studies to fit battery
capacity curve. In the dataset of this paper, some batteries experience capacity fade in the
first 100 cycles, and full utilization of the known information from these cycles is necessary,
such as the initial capacity fade rate. Therefore, we use the sum of the initial capacity fade
rate m0 and the exponential model to represent the change in battery capacity fade rate,
where m0 is the capacity fade rate of the battery in the 100th cycle, and the exponential
model can describe the change in battery capacity fade rate. Specifically, the change in
capacity fade rate is shown in Equation (20).

dC
dn

= −m0 − k × e(n−Nk)×δ (20)

where n represents the number of cycles that are experienced by the battery after 100 cycles,
m0 is the capacity fade rate of the battery in the 100th cycle, dC/dn represents the capacity
fade rate of the battery in the 100 + n th cycle, and k, Nk, and δ are three parameters to be
optimized. Integrating Equation (20) yields the relationship between C and n as shown in
Equation (21).

C = −m0 × n − k × e(n−Nk)×δ

δ
+ C1 (21)
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When n = 0, C = C100 (C100 is the capacity in the 100th cycle). Substituting into
Equation (21) can determine the constant C1:

C100 = −m0 × 0 − k × e(0−Nk)×δ

δ
+ C1 (22)

C1 = k × e−Nk×δ

δ
+ C100 (23)

C = −m0 × n − k × e(n−Nk)×δ − e−Nk×δ

δ
+ C100 (24)

The capacity of the first 100 cycles is used to determine the initial capacity fade rate.
Afterwards, the unknown parameters in Equation (24) are optimized using the nonlinear
least squares method, so that Equation (24) can better fit the predicted 10 future capacity
fade curve sampling points from the TM-Seq2Seq model.

4. Results and Discussion

In this section, the predicting results of our model and the fitting results of the capacity
fade curve are presented. The prediction errors of different models are then compared.

To comprehensively evaluate the prediction performance of capacity fade curves, root
mean square error (RMSE), mean absolute error (MAE), and mean absolute percentage
error (MAPE) are utilized as error quantification metrics to assess the accuracy of the
estimation results. Additionally, the predicted label yi = (yi1, yi2, · · · , yi10) reflects the
rate and trend of capacity fade, and yi10 represents the battery’s end of life (EOL). The
prediction result for EOL is crucial for formulating maintenance and recycling plans for the
battery. Therefore, the prediction errors of the sampling sequence and EOL are separately
calculated as shown below:

RMSE =

√√√√ 1
10 × n

n

∑
i=1

10

∑
j=1

(
ŷij − yij

)2 (25)

RMSEEOL =

√√√√ 1
n

n

∑
j=1

(ŷi10 − yi10)
2 (26)

MAE =
1

10 × n

n

∑
i=1

10

∑
j=1

∣∣ŷij − yij
∣∣ (27)

MAEEOL =
1
n

n

∑
i=1

|ŷi10 − yi10| (28)

MAPE =
100%
10 × n

n

∑
i=1

10

∑
j=1

∣∣∣∣∣ ŷij − yij

yij

∣∣∣∣∣ (29)

MAPEEOL =
100%

n

10

∑
j=1

∣∣∣∣ ŷi10 − yi10

yi10

∣∣∣∣ (30)

where n represents the total number of test samples. RMSE considers the square of estima-
tion errors, thus penalizing larger errors more heavily and better reflecting the differences
between model estimations and actual observations. MAE calculates the absolute value
of estimation errors, directly measuring the average difference between estimated values
and observed values. MAPE converts estimation errors into percentage form, intuitively
reflecting the magnitude of estimation errors relative to observed values, facilitating the
evaluation of model performance on different datasets.
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To demonstrate the effectiveness of the model, comparative experiments were con-
ducted against other popular machine learning architectures. We used the programming
software ‘Python 3.9’ to build, train, and test all models. The participating models for
comparison are as follows:

1. Seq2Seq: The Seq2Seq model consists of an encoder and a decoder. The encoder
transforms the input sequence into a fixed-length vector, which is then used by the
decoder to generate the output sequence. This model has demonstrated excellent
performance in tasks such as predicting capacity fade curves [15].

2. CNN: The CNN model captures local features through convolution operations and
reduces the number of parameters and computational complexity through pooling
operations. It is also proficient in learning time series data. This model has been
widely applied to tasks such as battery EOL prediction [18] and capacity fade curve
prediction [22,23].

3. CNN-BI-LSTM: BI-LSTM is a type of recurrent neural network model used for natural
language processing tasks such as named entity recognition and sentiment analysis.
The model comprises both forward and backward LSTM layers, allowing it to utilize
contextual information at each time step and better capture long-term dependencies.
This model has been applied to tasks of battery SOH prediction [31].

4. SE-CNN-LSTM: SE-CNN-LSTM is a model that combines Squeeze-and-Excitation
(SE) module, Convolutional Neural Network (CNN), and Long Short-Term Memory
(LSTM). It leverages the SE module to enhance the feature representation of CNN,
which allows the model to capture more informative features.

Each model is trained and tested under similar conditions to ensure a fair comparison.
We conducted 10 experiments. In each of the 10 experiments, we randomly divided 132 sets
of batteries into three groups: a training set (~60%), a validation set (~20%), and a test set
(~20%). The model parameters were trained using the training set, and the parameters with
the highest accuracy on the validation set were saved to ensure the model’s performance
on unseen data (generalization). Following this, the test data were input into the saved
model to obtain prediction results. Finally, we calculated the average error from the
10 experiments for model comparison. The comparative results are presented in Table 1.

Table 1. Prediction errors of different models on the testing set.

Model MAE MAPE RMSE

Seq2Seq 83.326 11.768% 109.921
CNN 99.730 15.619% 126.192

CNN-BI-LSTM 85.099 13.749% 105.192
SE-CNN-LSTM 90.418 13.898% 109.803

TM-Seq2Seq 77.043 12.246% 101.336

MAE (EOL) MAPE (EOL) RMSE (EOL)

Seq2Seq 99.988 11.511% 127.745
CNN 113.772 14.853% 137.954

CNN-BI-LSTM 103.319 12.642% 131.097
SE-CNN-LSTM 103.478 12.207% 125.899

TM-Seq2Seq 87.838 10.409% 114.501

To justify the rationale behind incorporating the trend matching method and SE-Net,
ablation experiments were performed on SE-Net and the trend matching method. The
experimental results are shown in Table 2.

In addition, to visually represent the error distribution of different batteries, a distribu-
tion chart of the MAPE of all batteries is plotted, as shown in Figure 6. The width of each
bar represents the corresponding error interval, and the height represents the number of
batteries in that error interval. Figure 7 shows the predicted results of the EOL.
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Table 2. Results comparison for ablation experiment.

SE-net x
√

x
√

Trend Matching x x
√ √

MAE 88.502 81.440 85.089 77.043
MAPE 13.171% 13.088% 13.330% 12.246%
RMSE 114.178 108.281 122.588 101.336

MAE (EOL) 107.513 91.506 97.728 87.838
MAPE (EOL) 12.757% 11.384% 12.084% 10.409%
RMSE (EOL) 135.346 112.921 137.406 114.501

Figure 6. Histogram of error distribution for all batteries.

Figure 7. The predicted results of the EOL.

The researchers ranked the 27 batteries from the test set, with the first-ranked predic-
tion being the most accurate and the predictions with lower rankings having larger errors.
To showcase the fitting results of the capacity fade curve, nine batteries were selected for
demonstration purposes, which are the 1th, 4th, 7th, 11th, 14th, 17th, 20th, 24th, and 27th
batteries, as shown in Figure 8.

The TM-Seq2Seq model achieves the best overall performance in predicting both the
capacity degradation trajectory and EOL. The ultimately predicted capacity degradation
curve accurately reflects the true rate and trend of capacity fade. Additionally, incorporating
both SE-net and trend matching methods improves the overall performance of the model.
However, adding SE-net alone increases prediction errors. SE-net introduces channel
importance weights, which enhance the model’s learning capability but also increase the
risk of overfitting.
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Figure 8. TM-Seq2Seq model predicted capacity fade curves for test data.

5. Conclusions

In conclusion, our study focuses on the prediction of capacity fade curves in lithium-
ion batteries under different fast charging strategies. We proposed a battery capacity
degradation trajectory prediction method. This method uses data from the first 100 cycles
to predict the future capacity fade curve and EOL (end of life) in one-time. First, features
are extracted from the discharge voltage–capacity curve. Secondly, the TM-Seq2Seq model
based on CNN, SE-net, and GRU is designed. Finally, a trend matching loss function is
designed based on the common characteristics of capacity fade curves. Through experi-
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mentation, the following conclusions were discovered: The SE-net enhances the model’s
fitting capability, allowing it to capture more intricate patterns in the data. Furthermore,
the trend matching is suitable for the data conditions in this study, and it can enhance the
model’s performance on unknown test data. Ultimately, the TM-Seq2Seq model improves
the accuracy of one-time predictions for battery capacity fade curves under various fast
charging strategies.

In the future, we will further optimize this method to improve prediction performance
and generalization ability. We will also extend the idea of trend feature distribution match-
ing to other machine learning and deep learning methods to further improve the accuracy
and stability of capacity fade curve prediction. The method proposed in this paper is not
only applicable to battery data processing but can also be applied to similar problems in
other fields, with strong versatility and scalability. This method can improve the practicality
and reliability of models and is of great significance for solving practical problems.
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Abstract: Effectively extracting a lithium-ion battery’s impedance is of great importance for various
onboard applications, which requires consideration of both the time consumption and accuracy of
the measurement process. Although the pseudorandom binary sequence (PRBS) excitation signal can
inject the superposition frequencies with high time efficiency and an easily implementable device,
processing the data of the battery’s impedance measurement is still a challenge at present. This
study proposes a fast impedance spectrum construction method for lithium-ion batteries, where a
multi-density clustering algorithm was designed to effectively extract the useful impedance after
PRBS injection. According to the distribution properties of the measurement points by PRBS, a
density-based spatial clustering of applications with noise (DBSCAN) was used for processing the
data of the lithium-ion battery’s impedance. The two key parameters of the DBSCAN were adjusted
by a delicate workflow according to the frequency range. The validation of the proposed method
was proved on a 3 Ah lithium-ion battery under nine different test conditions, considering both the
SOC and temperature variations.

Keywords: lithium-ion battery; pseudorandom sequence; electrochemical impedance spectroscopy;
signal denoising; density clustering

1. Introduction

In recent years, green low-carbon development has gradually become the consensus
and development goal of our future society. Under the demand of the low-carbon concept,
a high proportion of intermittent and stochastic renewable energy sources merging into
the grid will bring new challenges to the stability of the grid’s operation. The energy
storage technology represented by lithium-ion batteries can cope with the challenges and
provide technologies and solutions for power regulation and supporting the stability of
the grid [1–3]. A lithium-ion battery has high energy density and a fast response speed,
which can meet the scheduling needs of the grid. However, a lithium-ion battery based on
an energy storage system needs to be combined with the states to control the charging and
discharging process to avoid overcharging, over-discharging, and other safety issues. Thus,
an efficient battery energy management system (BMS) is the key to the reliable operation of
a battery energy storage system [4–6].

A BMS contains several functions, such as signal measurement, cell equalization,
state estimation, and protective fault warnings. The signal measurement module aims
to measure the voltage and temperature in real time through the analog front-end (AFE)
and monitors the batteries’ external performance [7,8]. The equalization circuit enables
a consistent control of individual cells by transferring energy. The function of the state
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estimation is to capture the internal states of the battery, including state of charge (SOC)
and state of health (SOH), thus, providing data support for controlling, operating, and
maintaining the battery energy storage system [9,10]. The protection and warning function
combines external measurement and the internal state to realize the regulation of and
protection against abnormal working conditions during the battery’s operation, as well
as warnings of safety-related failures [11–13]. Current BMS systems rely on the detection
of basic electrothermal information such as voltage, current, and temperature; however,
it is difficult to effectively obtain the changes in the internal electrochemical states of the
battery. To realize the accurate estimation of SOC and SOH, there is an urgent need to
carry out research on methodologies of detecting the battery’s electrochemical state for
onboard applications [14,15].

Electrochemical impedance spectroscopy (EIS) is a technique for obtaining changes in
the impedance of a battery in the broadband frequency range and realizing the observation
of electrochemical reactions such as lithium ions’ kinetics, charge transfer, and diffusion
process, and thus can reflect the battery’s state. The impedance spectrum provides a new
characterization method for sensing the internal states of a battery, which has gained
extensive attention and been the focus of much research in recent years [16,17]. The authors
of [18] connected the trend of the impedance spectral curve to the degradation process
of 18650 lithium-ion batteries and explored the impedance characteristics corresponding
to the batteries’ SOC and SOH. It was concluded that the ohmic resistance could reflect
the batteries’ SOH and the transfer resistance was closely related to the variation in SOC.
The authors of [19] used EIS to establish a frequency domain model and then chose the
parameters of the model as the features to achieve SOC estimation using light computing
machine learning algorithms. The authors of [20] used the imaginary parts of the mid-
frequency band in the EIS, which were believed to have no obvious dependence on the
temperature, as a feature for predicting the battery’s remaining useful life (RUL) with a
one-dimensional convolutional neural network-self-attention mechanism, and achieved an
accurate RUL of lithium-ion batteries.

As a non-invasive technology for estimating a battery’s, EIS has received increasing
attention. However, a battery’s EIS measurement uses electrochemical workstations ap-
plying the sine sweeping method. It has been realized that the sine sweeping method is
time-consuming and needs expensive test equipment, and is mostly used for laboratory
measurements. The realization of fast online measurement of impedance is a current
research hotspot for battery system applications.

The authors of [21] proposed a multi-sine wave aggregation detection method, where
multi-frequency sinusoidal superposition was performed at the same time to realize the
detection of impedance over the entire frequency range. Fast detection of the impedance
spectrum within the 0.1 Hz–1 kHz frequency interval was achieved using a 20 s step excita-
tion [22]. The pseudorandom binary sequence (PRBS), as an easily generated excitation
signal with good power consistency, has received increasing attention in the rapid detection
of batteries’ impedance. The authors of [23,24] investigated the spectral characterization of
the PRBS signal and the extraction method of the cell’s impedance. The authors of [25,26]
proposed an optimized three-level sequence to improve the power spectral density of
conventional PRBS excitation, which was suitable for measuring batteries’ impedance. The
authors of [27] proposed a novel hybrid pseudorandom sequence (HPRS) to boost the
signal power in the low-frequency region.

The impedance measurement method based on PRBS excitation is characterized by a
fast measurement speed and high-power consistency. Due to the limitation in the amplitude
of the signal, the power density at each frequency of the measurement interval is generally
low and susceptible to interference from the measurement noise, which leads to large
impedance errors. Therefore, filtering and processing the original data from the impedance
calculation is an important challenge for the fast measurement of batteries’ impedance.
The authors of [28] proposed a new measurement evaluation procedure (MEP) and a
two-dimensional Gaussian filter (2-DGF) to improve the performance of PRS. In [29,30],
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the moving average filter (MAF) was used to smooth the impedance curve and reduce
the measurement error, which was suitable for suppressing the noise in the middle and
low-frequency ranges. The authors of [31,32] proposed an impedance denoising and
filtering method using the power spectral density and frequency characteristics of PRBS
to accurately extract the impedance in the full frequency interval [0.21 Hz, 3.5 kHz]. It
was noticed that the impedance extraction method based on MAF had a large calculation
error because it failed to effectively eliminate the measurement noise. In addition, the
processing based on features of fusion such as frequency and power spectra increased the
dimensionality and computational effort of data processing in extraction of the impedance.

This study proposes a filtering and denoising method using impedance data’s sparsity
according to the inherent properties of PRBS excitation. By characterizing the distribution
of the original impedance data, the noise, and useful impedance were identified to effective
extraction of the impedance spectrum. The main contributions of this study are as follows:

(1) A density-based spatial clustering of applications with a noise-based (DBSCAN-based)
impedance data processing method is proposed to utilize the distribution properties
of the measurement points by PRBS excitation.

(2) A parameter setting workflow was designed to properly cluster the data points of the
impedance measured by DBSCAN, where the key parameters, that is, the neighbor-
hood radius and the minimum number of points within the specific neighborhood,
can be adjusted according to the frequency ranges.

(3) The fast measurement of a battery’s impedance by integrating the PRBS and the
data processing method was verified at various temperatures and SOCs on a 3 Ah
lithium-ion battery.

This article is divided into five parts. Section 2 introduces the principle of fast mea-
surement of the impedance spectrum. Section 3 describes the extraction method for the
multi-density distribution EIS data of lithium batteries. Section 4 introduces the experimen-
tal validation. Section 5 summarizes the above work.

2. The Principle of Rapid Measurement of a Battery’s Impedance Spectrum

A highly aggregated carrier, PRBS, was chosen as the excitation signal to realize the
extraction of the full frequency band impedance spectrum of a lithium-ion battery in a short
period. In this section, the principle of PRBS generation and the method for calculating the
battery’s impedance spectrum are introduced.

2.1. PRBS Generation

In this study, the maximum length sequence (MLS) (a typical PRBS) was used as the
excitation signal for measuring the battery’s impedance. The MLS can be generated offline
by shifts and different or simultaneous operations, and its algorithmic structure is shown
in Figure 1.

Figure 1. The generation of MLS.

In Figure 1, Dn represents the states of the n shift registers at a given moment, cn
denotes the feedback coefficients of the shift register, and L is the total length of the
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sequence. The first bit of the MLS is the n-th bit of the initialization register; next, the adder
uses the addition of Module 2.

The general form of the linear feedback logic expression is shown in Equation (1):

an = c1Dn−1 ⊕ c2Dn−2 ⊕ · · · ⊕ cnD0 =
n

∑
i=1

ciDn−i(mod 2) (1)

According to the MLS generation flowchart above, the data bits in the shift register cn
are shifted one bit to the right register from Dn−1 to Dn−2 in each clock cycle fgen to produce
a new bit an. The complete MLS sequence is obtained after L × fgen cycles, where fgen is the
clock period of the algorithm and L is the total length of the sequence. Moreover, fgen limits
the upper range of the measurable frequency for the MLS to fmax = 0.45 fgen. The register
order l determines the length of the MLS as L = 2l− 1 and L limits the resolution of the
measured frequency to fmin = fgen/L.

2.2. Calculation of the Battery’s Impedance

During testing a battery’s impedance, it is necessary to set the parameters fgen and
generate the MLS sequence offline according to the measurement bandwidth [f min, f max]
for the battery to be tested. Afterward, the MLS sequence is injected into the lithium-ion
battery as an excitation, and the battery’s impedance in the whole frequency domain is
calculated by collecting the voltage and current measurements. Thus, a spectral curve of
the impedance is obtained. The whole process is shown in Figure 2.
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MLS sequence Acquisition 
of signals

Spectrum

Frequency range 
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MLS generation 
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Figure 2. Impedance spectrum using the FFT transform.

The exact calculation process is as follows. The MLS is injected as an excitation signal
into the lithium-ion battery, and the terminal voltage u[n] and current i[n] are collected.
The frequency domain distribution of voltage and current U(jω) and I(jω) using FFT are
calculated as shown in Equations (2) and (3).

U(jω) =
+∞

∑
n=−∞

u[n]e−jωn (2)

I(jω) =
+∞

∑
n=−∞

i[n]e−jωn (3)

The lithium-ion battery’s impedance Z(jω) can be calculated in the frequency domain
as shown in Equation (4).

Z(jω) = U(jω)/I(jω) (4)

ωi = 2π fi i = 1, 2, . . . , N (5)
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Through the above steps, the impedance of the lithium-ion battery at different fre-
quencies is sequentially obtained. The real part ZRe(ω) and the imaginary part ZIm(ω) of
the impedance can be obtained as follows:

ZRe(ω) = Re[Z(jω)] (6)

ZIm(ω) = Im[Z(jω)] (7)

3. Extraction of the Lithium-Ion Battery’s EIS Using Multi-Density Data Clustering

3.1. Characterization of the Distribution of Batteries’ Impedance Based on PRBS Excitation

The EIS measurement relies on a small perturbation signal. In [28], it was found
that the amplitude of the excitation signal should be less than 1 C without destroying the
equilibrium state of the cell, and greater than 0.4 C to ensure a sufficient signal-to-noise
ratio. In this study, the amplitude was chosen to be 0.8 C. To enable a convenient battery
EIS measurement in a real application, this work used the PRBS excitation signal instead
of the traditional single sine sweeping injection. Since the amplitude of the PRBS was
limited, the decomposition of the PRBS’s amplitude at each frequency point was even
smaller compared with the sine sweeping method. In addition, the aggregated carrier class
excitation method has a disadvantage in power density. The original impedance spectra of
the battery calculated directly from the voltage and current responses under PRBS is shown
in Figure 3. The direction of the arrow in the legend of Figure 3 is where the data density is
concentrated. The measurable impedance data are chaotically dispersed at each frequency
point, which increased the difficulties in extracting the useful impedance accurately and
made it difficult to form an effective EIS for the battery.

0.010 0.015 0.020 0.025 0.030
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0.000
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Figure 3. The original impedance spectrum obtained from the injection of the PRBS.

The low power density characteristic of PRBS excitation leads to a poor signal-to-noise
ratio in the original impedance measurement results and the presence of noise interference.
However, it can still be found from Figure 3 that the useful impedance and the noise
had some differences in their density distribution. The effective impedance points had a
relationship with the frequency variation and were arranged with high density relative
to the reference (the blue line in Figure 3). Meanwhile, the noise was in a disordered and
dispersed distribution. According to the basic regularity in Figure 3, we propose a new
method in this work to extract the useful impedance of the battery and synchronously
remove the noise with a density clustering algorithm.

3.2. Impedance Extraction Algorithm with DBSCAN

Although the battery’s impedance measured by PRBS is fast and convenient, it suffers
from a low signal-to-noise ratio and high difficulty in extraction. In this study, the sparse
density of the original impedance measurement was characterized by DBSCAN for effective
discrimination of data and noise.
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3.2.1. Parameters Setting for DBSCAN

DBSCAN contains two parameters to be properly set before performing the discrimi-
nation of the impedance data’s sparsity in a clustering manner, i.e., the minimum number
of points in the neighborhood MinPts, and the neighborhood radius Eps.

(1) Minpts

When processing a large-scale dataset, MinPts = 2·D (D is the dimension of the sample
data) is usually set for DBSCAN. When the measurement data contain high noise, Minpts
should be appropriately increased on the basis of 2·D. In this study, the MinPts was selected
as 5 for clustering the battery’s impedance data. This was because the battery’s impedance
contained two dimensions of real and imaginary parts with extensive noise.

(2) Eps

The selection of the neighborhood radius Eps in DBSCAN is rather complicated,
especially when dealing with large-scale and noisy battery impedance data. The parameter
Eps can be selected with the aid of constructing a k-distance curve characterizing the
sparsity of the data. This curve is made up of the distances between the data points,
where the distance d1i between a sample point (x1,y1) and all other points (xi,yi|i 	= 1) in
the dataset is calculated. The distance metric is based on Euclidean distance, which is
calculated using Equation (8):

d1i =

√
(x1 − xi)

2 + (y1 − yi)
2 i 	= 1 (8)

After calculating the distance between any two data points in the dataset, those
distances are sorted in descending order. Then, after selecting the k points that are closest
to a sample point, the distances between these k points and this sample point are plotted as
a k-distance curve. A mutation point is found at the location of the curve’s inflection point.
According to the elbow method, the value at the point of inflection can be set as Eps.

3.2.2. Clustering Impedance Data

For the impedance data sparsity discrimination, the DBSACN needs to set the neigh-
borhood radius Eps and the minimum number of points within the specific neighborhood
MinPts to distinguish the sparsity of the data. The structure of the algorithm is shown in
Figure 4.

Core Point
Border Point
Noise Point

MinPts=2 Eps=4

 

Core Point
Border Point
Noise Point

MinPts=2 Eps=4

 

Cluster1

Cluster2

Noise 

 
(a) (b) (c) 

Figure 4. Schematic diagram of the clustering algorithm. The process is as follows: (a) selection of all
core points; (b) constructing the neighborhood chains; (c) completing the classification of the clusters.

As shown in Figure 4, the formation of clusters requires three steps:

(a) Determination of the cluster cores based on clustering parameters: if a data point has
more than MinPts points in its neighborhood with a radius of Eps, this data point is
marked as a core point. We can then find all core points in the dataset. The circles of
different colors in subfigures (a) and (b) represent the neighborhood of the point with
radius Eps.

42



Batteries 2024, 10, 112

(b) Formation of a neighborhood chain: for each core point, find all points that are densely
accessible from that core point, forming a chain of neighborhoods.

(c) Labeling the cluster classes and noise points: All points contained in a neighbor-
hood chain are labeled as a cluster class, boundary points are assigned to the core
point cluster class to which they are connected, and points that are not assigned to
any cluster class are labeled as noise. The entire impedance test dataset is scanned
and then labeled with noise points and several data clusters consisting of core and
boundary points.

3.2.3. The Proposed Multi-Density Clustering Algorithm

After obtaining the two clustering parameters, the clustering calculation can be per-
formed on the battery’s test data. DBSCAN clusters the data according to the Eps and
MinPts obtained from the calculation and divides the whole test sample set into multiple
clusters. DBSCAN searches for clusters by examining the Eps neighborhood of each point
in the dataset, and if the Eps neighborhood of a point p contains more points than MinPts
points, a cluster is created with p as the core object. DBSCAN then iteratively aggregates
the objects directly density-reachable from these core objects, a process that may involve
some merging of the density-reachable clusters. The process ends when no new points are
added to any cluster and a cluster class is formed, followed by repeating the process until
all the data have been labeled. The steps of the algorithm are shown in Algorithm 1, where
the set of core points is defined as Ω, the neighborhood of a sample point xj is defined as
the number of clustering clusters defined as k, the set of unvisited sample points is defined
as Γ , the current set of unvisited sample points is defined as Γold, a queue is defined as Q,
any of the core objects in Ω are defined as o, the first sample point in queue Q is defined as
q, and a clustering cluster is defined as Ck.

Algorithm 1 The proposed multi-density clustering algorithm.

Input: Dataset: D = {x1,x2, . . .,xm}, Eps: ε , MinPts
1. Ω =∅

2. for j = 1,2,. . ., m do

3. if
∣∣∣Nε

(
xj

)∣∣∣ ≥ MinPts then

4. Ω = Ω ∪ {xj}

5. end if

6. end for

7. k = 0

8. Γ = D
9. while Ω 	=∅ do

10.Γold = Γ
11. Q = <o>

12. Γ = Γ\{o}
13. while Ω 	=∅ do

14. if |Nε(q)| ≥ MinPts then

15. Δ = Nε(q) ∩ Γ
16. Γ = Γ \ Δ
17. end if

18. end while

19.k = k+1, Ck = Γold\Γ
20. Ω = Ω\Ck
21. end while

Output: Clustering result: C = {C1,C2, . . .,Ck}

The clusters of data completed by clustering need to be type-discriminated to deter-
mine whether they are valid points or noisy points. In this study, a contour coefficient
method was used to calculate the density of the data in the clusters after clustering. Data
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clusters with high density were judged as valid points, and data clusters with low density
were treated as noisy points. The method of judging the data cluster’s type is as follows

S(i) =
b(i)− a(i)

max(a(i), b(i))
(9)

where S(i) represents the contour coefficient, a(i) denotes the average distance from a sample
point to other sample points in its cluster class, and b(i) denotes the average distance of a
sample point to all sample points of its nearest cluster class.

The mean value of the contour coefficients within the data clusters close to 1 (S(i) ≥
0.9) can be recognized as valid signals, and the rest of the clusters are the noise clusters to
be eliminated from the dataset.

4. Experimental Verification

4.1. Experimental Platform

In this section, an experimental test platform for the battery’s impedance spectrum was
built, as shown in Figure 5. The experimental platform included a controller, an acquisition
module, and a power module. First, an MLS was generated with a length of 32,767 bits
using a 15-bit shift register. Second, this signal was injected into the battery via an external
bipolar power supply, that is, the PBZ20-20, which was made by KIKUSUI, Yamanashi,
Japan. Next, an instrumentation amplifier performed a differential operation on the signals
from the two terminals of the cell to obtain the battery’s response. Next, the dual-channel
high-speed digital-to-analog converter used the same clock to sample the response signal
and the excitation signal, and the sampling results were cached by SRAM in real time and
then uploaded to the host computer. Finally, the host computer uses MatlabR2022b to
perform FFT analysis on the data and calculated the spectra of the excitation and response
signals to obtain the amplitude and phase characteristics of the measured impedance.

{MLS}

Figure 5. Construction of the experimental platform.

In this experiment, a SONY VT5C 18650 lithium-ion battery which is manufactured by
SONY of Tokyo, Japan was selected as the test sample, and the battery’s specifications are
shown in Table 1.

Table 1. The specifications of the SONY VT5C 18650 lithium-ion battery.

Nominal Capacity Voltage Range Maximum Current

3000 mAh 2.0–4.25 V 30 A

4.2. Validation of the Impedance Measurement

The proposed impedance extraction algorithm utilizes the difference in the sparse
density between the impedance data to remove the disordered and dispersive noise points
and realize the extraction of reliable impedance measurements. In this study, the results of
the battery’s impedance under PRBS excitation showed some characteristics. The higher
the injection frequency, the more scattered the results of the impedance calculation were.
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Therefore, the whole test interval was divided into three frequency bands, namely, the low-
frequency interval, the middle-frequency interval, and the high-frequency interval. There
were differences in data’s density at different frequency intervals, and the parameters of the
corresponding impedance extraction algorithms were changed. The process of extracting
the impedance is shown in Figure 6.

Original 
impedance 

dataset

Battery 
impedance

Select Eps1,MinPts1
 First clustering

Select Eps3,MinPts3
Third clustering

Retain the clusters 
with S(i) > 0.9

Retain the clusters 
with S(i) > 0.9

Retain the clusters 
with S(i) > 0.9

Select Eps2,MinPts2
 Second clustering

 

Figure 6. The process of extracting the impedance in the proposed method.

The impedance calculations in the high-frequency interval were taken as an example
to verify the process of parameter selection and data processing in Section 3. As shown
in Figure 7a, Minpts1 was set to 5 to construct the k-distance (k = 5) curve for data in
the high-frequency interval, and the curve’s inflection point was selected as Eps1. The
first clustering was carried out using the parameters above, and the results of the data
discrimination are shown in Figure 7b.
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Figure 7. Cont.
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Figure 7. Process of clustering data from the high-frequency region. (a) The parameters selected
in the first round. (b) The first clustering results. (c) The parameters selected in the second round.
(d) The second set of clustering results. (e) The parameters selected for the third round. (f) The third
set of clustering results.

From Figure 7b, it can be seen that the impedance data were classified into a peripheral
data cluster with high dispersion and an inner data cluster with high aggregation after the
first clustering procedure. A large amount of noise was effectively excluded by clustering
even in the first round. Due to the dispersion and the large amount of data in the high-
frequency interval, the ideal extraction results could not be obtained by using the clustering
method only once. The useful impedance of the battery was retained for the density
clustering after enough clustering had been completed. The EIS points retained after three
rounds of clustering are shown in Figure 7f. The algorithm effectively filtered out a large
amount of noise, and the retained data can be judged as effective test points, that is, the
battery’s EIS.

After processing the data in the high-frequency interval, the process above was used
again to extract the effective impedance from the mid-frequency and low-frequency inter-
vals. Due to the differences in the density characteristics of the data in the mid-frequency
and low-frequency regions, it was necessary to select appropriate clustering parameters
based on the distribution characteristics of the test data in different frequency intervals.
For example, as the data’s density decreased during the clustering process, a large value of
MinPts caused two neighboring clusters to merge into a single one, causing the extraction
algorithm to fail. Therefore, in the mid- and the low-frequency ranges, MinPts was reduced
appropriately. Table 2 shows the parameters of clustering in the three frequency ranges.

Table 2. The parameters for clustering in the three frequency intervals.

Frequencies Times MinPts Eps

High frequency

1

5

6.25 × 10−4

2 5.85 × 10−5

3 6.56 × 10−6

Mid-frequency

1

4

2.65 × 10−4

2 6.30 × 10−5

3 9.64 × 10−6

Low frequency

1

3

1.04 × 10−3

2 2.77 × 10−4

3 1.30 × 10−5
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By using the proposed method, the impedance measurements in the high-, medium-,
and low-frequency intervals kept a similar number of the data points (Figure 8). It also
indicated that the proposed method could effectively extract the battery’s impedance
after denoising.
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Figure 8. The impedance obtained by the proposed method.

After the effective clusters had been formed, interpolation was used to extend the
relationships between the impedance data points of known frequencies to those of unknown
frequencies. This resulted in a smooth impedance spectrum curve, as shown in Figure 8.
The interpolated impedance spectrum offered more detailed and smoother information on
the frequency response.

4.3. Validation at Different SOCs and Temperatures

In this section, the impedance curves were extracted from the sample lithium-ion
battery at different SOCs and temperatures, as shown in Figure 9.
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Figure 9. Lithium-ion battery’s impedance under different test conditions: (a) T = 15 ◦C, SOC = 50%;
(b) T = 25 ◦C, SOC = 50%; (c) T = 35 ◦C, SOC = 50%; (d) T = 25 ◦C, SOC = 80%.

The root mean square error (RMSE) and the mean absolute percentage error (MAPE)
were used to evaluate the overall error for the impedance curves after data processing.
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The impedance results of the lithium-ion battery in four cases are shown in Figure 9. The
superiority of the proposed method was highlighted by calculating the RMSE and MAPE
for the high-, medium-, and low-frequency intervals. The MAPE of the impedance in the
low-frequency range obtained by the proposed method was 0.0668 when the lithium-ion
battery was at 15 ◦C and the SOC was 50%, while the MAPE obtained by the MAF was
0.3127, which is 4.6 times higher than that of our method. As shown in Figure 9a, it can be
noticed that the impedance data obtained by the MAF in the low-frequency range were
far from the reference. An increase in temperature affected the impedance spectrum of the
lithium-ion battery in the mid-frequency range. At 25 ◦C, the MAPE of the mid-frequency
range measured by the MAF was twice that of the proposed method, as seen in Figure 9b.
When the temperature was 35 ◦C, the gap between the two methods increased further, as
shown in Figure 9c. The MAPE of the impedance spectrum in the mid-frequency interval
measured by the MAF (0.0704) was five times higher than that of the proposed method
(0.0141). Figure 9d shows the case where the Li-ion battery had SOC = 80% and T = 25 ◦C. It
is clear that the proposed method still had significantly high accuracy, while the impedance
spectrum measured by the MAF showed a large deviation in the high-frequency range.
Thus, the proposed multi-density clustering method has good computational accuracy in
different cases.

In contrast, traditional MAF filtering could not carefully screen the measured data
points. That is because the MAF filtering process treats the useful impedance and noise
data homogeneously for suppressing the noise. In the high-frequency interval, the number
of noise points was much larger than the number of valid test points, so the error of MAF
filtering was larger in the high-frequency interval. Due to the small number of data points
in the low-frequency range, the noise had a large impact on the results from the MAF.
The key for the MAF is to choose an appropriate window size and window function;
however, the lithium-ion battery’s impedance spectrum processed in this study had the
characteristics of a non-uniform distribution of density. Thus, the MAF for processing the
sparse data in the low-frequency interval was not as good as expected.

The RMSE and MAPE of the two methods in different cases were compared, as shown
in Figure 10. When the lithium-ion battery was at an ambient temperature of 15 ◦C and 50%
SOC, the difference in RMSE and MAPE between the two methods was the largest. The
RMSE and MAPE of the proposed method were reduced by 85.6% and 82.3% compared
with those of the MAF.

Figure 10. A comparison of the RMSE and MAPE of the two methods in nine test cases.

5. Conclusions

In this article, a denoising method for processing multi-density impedance data is
proposed. The algorithm analyzes the density characteristics of the measurement data of
impedance and determines two core parameters to discriminate the noisy points and valid
data points by DBSCAN, realizing the cleaning of the dataset and the effective extraction of
the impedance spectrum. The effectiveness and superiority of the method were verified
experimentally, and the results showed that the RMSE and MAPE calculated by the method
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proposed were smaller than those of the MAF filtering method at different SOCs and
temperatures of the lithium-ion battery. The average RMSE of the proposed method was
0.082, which was smaller than that of the MAF (0.15). The average MAPE of the method in
this study was 0.06, which was smaller than that of the MAF (0.12). In addition, the curves
obtained by the proposed impedance extraction algorithm were closer to the reference
curve for all the validation cases. Thus, the data processing method based on multi-density
clustering DBSCAN solves the problem of the low signal-to-noise ratio of PRBS in rapid
measurements of EIS and improves the accuracy of the impedance measurements. The
proposed method is effective and can provide accurate impedance information for the
estimating the battery’s status in BMS.
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Abstract: Considering the diversity of battery data under dynamic test conditions, the stability of
battery working data is affected due to the diversity of charge and discharge rates, variability of
operating temperature, and randomness of the current state of charge, and the data types are multi-
sourced, which increases the difficulty of estimating battery SOH based on data-driven methods.
In this paper, a lithium-ion battery state of health estimation method with sample transfer learning
under dynamic test conditions is proposed. Through the Tradaboost.R2 method, the weight of the
source domain sample data is adjusted to complete the update of the sample data distribution. At
the same time, considering the division methods of the six auxiliary and the source domain data set,
aging features from different state of charge ranges are selected. It is verified that while the aging
feature dimension and the demand for target domain label data are reduced, the estimation accuracy
of the lithium-ion battery state of health is not affected by the initial value of the state of charge. By
considering the mean absolute error, mean square error and root mean square error, the estimated
error results do not exceed 1.2% on the experiment battery data, which highlights the advantages of
the proposed methods.

Keywords: lithium-ion battery; state of health; transfer learning; current pulse test; aging feature

1. Introduction

Lithium-ion batteries have the advantages of high operating voltage, high energy
density, long cycle life, no memory effect, and environmental friendliness. They have been
widely used in portable electronic devices such as mobile phones and notebook computers,
and are gradually expanding into the fields of electric vehicles and large battery energy
storage. As one of the important energy storage technologies, lithium-ion batteries play an
important role in changing the energy consumption structure and electrifying traditional
energy sources [1–4]. However, the storage capacity of lithium-ion batteries will continue
to decline as they age, which shows a decrease in power, causing the battery capacity to
decay and the internal resistance to increase. In existing research, battery state of health
(SOH) is usually used as a quantitative indicator to evaluate battery aging. Nevertheless,
the battery SOH will be affected by many factors, such as temperature, discharge depth
and state of charge (SOC), etc., which further increases the difficulty of estimating the
battery SOH. Therefore, in order to avoid safety hazards caused by battery capacity fading
and maximum available power reduction, it is crucial to select an appropriate estimation
method to complete battery SOH identification.
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Generally speaking, these methods are mainly divided into two categories: traditional
estimation methods and data-driven estimation methods.

Traditional methods focus on identifying and analyzing important external character-
istic parameters in lithium-ion batteries. They usually analyze the collected experimental
data such as battery current, voltage, temperature, etc., and relatively directly obtain the
characteristic parameters that can reflect battery degradation and estimate battery SOH.
The method includes experimental analysis method [5], electrochemical model method [6]
and equivalent circuit model method [7].

The experimental analysis method evaluates the battery SOH by directly measuring
certain characteristic parameters of the battery, mainly including capacity measurement,
ohmic internal resistance measurement and impedance measurement. Although the experi-
mental analysis method can accurately calibrate the battery SOH, the limitations of battery
experimental equipment, experimental sites, and experimental test plans will increase the
difficulty of implementing this method [8]. The electrochemical model is a first-principle
model that can not only accurately simulate the external characteristics of the battery, but
also simulate the distribution and changes in the internal characteristics [9]. The elec-
trochemical model can deeply describe the microscopic reactions inside the battery and
has very clear physical meanings. However, the electrochemical model contains complex
partial differential equations and numerous electrochemical parameters, which not only
brings accuracy advantages but also greatly increases the complexity and computational
load of the model. A large number of unmeasured parameters in the model affect the
application of the model in battery management systems, and its ability to dynamically
track changes in environmental conditions is limited. The equivalent circuit model method
usually uses traditional circuit components (such as capacitors, internal resistances, voltage
sources, etc.) to form a circuit network to describe the external characteristics of the battery.
The equivalent circuit model has good applicability to various working states of the battery.
The state equation of the model can be easily derived, and the dynamic response and atten-
uation behavior of the battery can be constructed by identifying the model parameters [10].
However, the estimation results under this method usually depend on the structure of the
equivalent circuit, resulting in increasing model errors.

Since the aging process of a lithium-ion battery is a dynamic coupling process and
its internal electrochemical mechanism is very complex, traditional battery SOH estima-
tion methods have problems such as model complexity and limited robustness, dynamic
adaptability and accuracy. They also have limited ability to describe the dynamic and
static comprehensive characteristics of lithium-ion batteries, which is not conducive to
practical application. The data-driven method provides another solution for estimating
battery SOH. By collecting a large amount of historical data and analyzing the original
data, we can only establish the relationship between battery capacity and external features
from the perspective of data information, without deeply exploring the complex internal
mechanism changes in lithium-ion batteries. Relying on the data-driven method’s ability
to autonomously learn data information, this method has received widespread attention in
battery SOH estimation [11–14].

Data-driven methods include the optimization algorithm method, sample entropy
method, performance characteristics method, and machine learning method [15–20]. The
optimization algorithm method used is to identify the battery model parameters through
a suitable algorithm and then use the model parameters to estimate the battery SOH. A
multi-time joint framework for predicting the battery SOC, SOH and SOP (state of power)
has been established in [18]. The sample entropy method is a useful tool for assessing the
predictability of time series, while also quantifying the regularity of the data series. For
example, in [21], Sun et al. have established a battery capacity model through the sample
entropy of voltage and temperature sequences, and then have estimated the battery SOH.
In addition, the data-driven method can also complete the battery SOH estimation by ana-
lyzing the aging characteristics related to the degradation process of lithium-ion batteries,
that is, the performance characteristics method. This method is to establish a mapping
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relationship between these parameters and the lithium-ion battery capacity through the
evolution of dominant characteristics during the degradation process [22,23]. These domi-
nant parameters are usually named aging features. Most of the current research focuses
on the aging features that are obtained in a relatively stable working environment with a
single working mode. The aging features obtained in this way are time-consuming and
unfavorable for practical development. Machine learning only relies on battery historical
data and uses advanced algorithms to train complex non-linear degradation behaviors
of battery to achieve accurate estimation of the battery SOH [24–28]. Commonly used
methods include neural networks (NN), support vector machines (SVM), Monte Carlo,
Gaussian process regression (GPR) and long short-term memory networks (LSTM), etc. Al-
though the data-driven method is easy to implement, the implementability of this method
is based on sufficient aging data, and it usually takes several months or even longer to
obtain aging data. That is to say, there are several issues with these methods, which have
to be overcome: (1) Most references that extract the battery feature need to consider the
battery’s entire working condition, which increases the computing burden and lab force.
(2) Different working conditions will affect the performance of the lithium-ion battery in
reality, but most research has extracted features from one single stable working condition
(e.g., 1 C charging/discharging rate), and the performance of these features under dynamic
working conditions is doubtful.

In summary, considering that in actual scenarios, batteries usually work in complex
and changeable environments, it is often necessary to obtain useful battery aging features
in a very short time to perform battery SOH calibration. At the same time, considering the
practical factors of the high cost of obtaining label data in the battery field, the insufficient
amount of data is directly related to the effect of data information analysis and mining and
affects the accuracy of the battery SOH estimation. Therefore, this paper considers how to
obtain effective battery data information from the current pulse test stage, extract battery
aging features in a short time, and complete accurate battery SOH estimation under small
sample data.

Based on the above analysis, this paper addresses the issues discussed above from
three aspects. First, the response voltage curve characteristics of the pulse test current
at four rates are analyzed, and the aging features in a very short time that can reflect
the battery capacity decay are extracted. Then, the proposed method in this paper is
verified in two cases. The first case is based on the complete current pulse test data and
considers using the aging features under all SOC intervals as the battery SOH estimation
model input while verifying the universality of the proposed method in this paper. The
second case is to assume that the current pulse test process is incomplete while ensuring
that the auxiliary data and the source domain data set come from aging feature data in
different SOC intervals. Six ways of dividing the auxiliary and the source domain data
set are considered to verify the mapping relationship for battery SOH estimation model
of the proposed method under different SOC intervals is not affected. Finally, it is also
verified that the proposed method can still ensure the accuracy of lithium-ion battery SOH
estimation in the above two application modes, whether in a single-temperature operating
mode or in different temperature operating modes.

In detail, the main contributions of this paper are summarized as follows:

(1) This paper analyzes the voltage response curve characteristics under pulse current,
and aging features are extracted over a very short time, which provides a basis for
establishing the nonlinear relationship between the battery SOH and the aging feature.

(2) In the case of inconsistent initial SOC values, the proposed method can still ensure
that the estimation accuracy of the battery SOH under different SOC interval is
not affected.

(3) The proposed method in this paper can still ensure the battery SOH estimation
accuracy while reducing the model feature dimension and the demand for target
domain label data.
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This paper is organized as follows: Section 2 introduces the method of extracting the
aging feature. The related algorithms Tradaboost.R2 are introduced in Section 3. It also
still introduces the battery SOH estimation under the complete SOC range. Battery SOH
estimations under different SOC ranges are presented in Section 4. The conclusions and
future work are given in Section 5. The specific framework for the proposed method is
shown in Figure 1.

Figure 1. Battery state of health monitoring framework.

2. Aging Feature under Pulse Current

In this work, lithium iron phosphate battery cells (LFP/C) are considered, while Table 1
describing the cell’s basic electric parameters. Five LFP/C cells are aged at two different
temperatures, i.e., 35 ◦C and 25 ◦C, which is divided into two modes and summarised in
Table 1. The capacity variations in the five LFP/C cells are presented in Figure 2. During
the non-constant charging and discharging stage, three SOC and pulse currents at four
rates are considered. The whole battery testing process are shown in Figure 3. First, the
battery is charged to SOC = 20%, SOC = 50% and SOC = 80% with a constant current of 1 C
rate. And in each SOC stage, pulse charge and discharge currents of 4 C, 2 C, 1 C and 0.5 C
are applied to the battery. A negative current indicates a charging process and a positive
current indicates a discharging process. Figure 4 shows the current changes in the battery
under the pulse test.

Figure 2. The capacity variation in the five LFP/C cells based on different mode.
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Table 1. The working mode condition for battery data.

Test Mode LFP/C Battery Temperature Average SOC

B1 No.1, No.2, No.3 35 ◦C 50%
B2 No.4, No.5 25 ◦C 50% (arbitrary)

Figure 3. The battery testing process.

The test process is divided into three parts, namely reference performance test (RPT),
which is also called capacity test, pulse test and aging test. RPT test is used for capacity
calibration. The aging features extracted in this paper come from the battery data in the
pulse test stage, while the aging test is used to accelerate the aging of the battery. This
paper considers two temperature modes, that is, accelerated aging modes with different
temperatures selected during the aging test stage.

Figures 4 and 5 show the current/voltage changes in the lithium-ion battery under
three SOC during the pulse current test. It can be seen that the response voltage value
changes significantly in different SOC stages, for example, in the charging stage where
the SOC changes in the range of 20% to 80%, compared with the two stages of SOC = 20%
and SOC = 50%, the response voltage value of the corresponding point is the largest at
the stage of SOC = 80%, and the response voltage value of SOC = 50% is larger than that
of SOC = 20%. It can be said that when the SOC is in the charging stage belonging to this
area, the response voltage value of the corresponding point increases with the increase
in the initial SOC value. Under the same conditions, the same results can be obtained in
the discharging stage as in the charging stage.

Figure 4. Current change curve under RPT tests and pulse tests of batteries.
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Since the pulse current value is always at a stable value, this paper only considers
the changing characteristics of the response voltage under the current pulse test. Now,
we analyze the specific changing trend of the current pulse test response voltage curve in
detail, taking the response voltage curve at the SOC= 20% stage as an example. During the
charging stage, Figure 6 shows the lithium-ion battery at SOC= 20% at different rates. From
the response voltage change curve, it can be seen that the overall trend of the response
voltage curve is downward (showing a “red–green–blue” color change); similarly, the
discharge stage under this condition also shows the same trend, as shown in Figure 7.

Figure 5. Voltage change curve under RPT tests and pulse tests of batteries.

Figure 6. Charging voltage variation curve of the battery under pulse test SOC = 20%. (a) 4 C process;
(b) 2 C process; (c) 1 C process; (d) 0.5 C process.

Figure 7. Disharging voltage variation curve of the battery under pulse test SOC = 20%. (a) 4 C
process; (b) 2 C process; (c) 1 C process; (d) 0.5 C process.

Let us analyze the specific changing trends of the response voltage curves under
different initial SOC stages. Taking the charging response voltage curve at a rate of 4 C
as an example, Figure 8 shows the response voltage change curve of lithium-ion battery
under different initial SOC stages. It can be seen that as the initial value of SOC changes,
the voltage response curve changes. When SOC = 20%, the overall trend is downward,
but when SOC = 50% and SOC = 80%, the overall trend of the response voltage curve is
upward. In the discharging stage under the same conditions, no matter which SOC stage it
is in, the overall trend of the response voltage curve is downward, as shown in Figure 9.
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Figure 8. Charging voltage variation curve of the battery under a pulse test rate of 4 C. (a) SOC = 20%;
(b) SOC = 50%; (c) SOC = 80%.

Figure 9. Discharging voltage variation curve of the battery under pulse test rate of 4 C. (a) SOC = 20%;
(b) SOC = 50%; (c) SOC = 80%.

The aging features selected in this paper come from the data in the pulse test stage.
The purpose of extracting the aging features is to find features that are highly correlated
with battery SOH as model input. According to Figures 6–9, the battery voltage shows an
obvious downward or upward trend, and it is feasible to perform feature extraction based
on this phenomenon.

According to Figure 10, the four voltage values V1, V2, V3, V4 on the response voltage
curve and the integrated area S between the response voltage values V2 and V3 are selected
as the battery aging features. Based on the above analysis, ten aging features can be
obtained at each charging/discharging rate of each SOC stage. For example, during the
charging period at a rate of 4 C, there are four response voltage values and one integration
area, and there are a total of five aging features. Similarly, there are five aging features
during the discharge stage, so there are a total of ten aging features at a rate of 4 C. Therefore,
in each SOC stage, there are a total of forty aging features, and by analogy, in the three SOC
stages, a total of one hundred and twenty aging features can be obtained.

Figure 10. Voltage response curve based on pulse test. (a) Charging process; (b) discharging process.

3. Lithium-Ion Battery SOH Estimation under Complete SOC Range

Due to the diversity of dynamic working conditions in the battery aging experiment
test process, such as differences in charge and discharge rates, variability in operating
temperature, and randomness of the current SOC, which increases the types of source
domain data and affects the effectiveness of the lithium-ion battery SOH estimation model.
On the other hand, the dynamic working conditions of the battery are changing, and the
previous battery aging data information is not necessarily applicable to the current new
application scenarios. Considering how to select data relevant to the current scenario from
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diverse source domain data is a prerequisite to ensure accurate estimation of the battery
SOH under multiple working conditions.

This paper selects five lithium-ion batteries in two temperature modes as shown
in Table 1. First, the battery aging features are extracted from the current pulse test
data. Secondly, considering the impact of differences in different battery data on model
estimation accuracy, a battery SOH estimation framework based on the sample transfer
learning method is established. Then, by constructing an auxiliary data set to enhance the
learning ability of the battery SOH model, it can obtain an accurate estimation of the battery
SOH under dynamic testing conditions. Finally, comparative experiments are designed
and combined with multiple error index methods to verify the effectiveness of the method.

3.1. Lithium-Ion Battery SOH Estimation Framework Based on the Tradaboost.R2 Algorithm

The Tradaboost.R2 algorithm is evolved from the Adaboost.R2 algorithm, which is
essentially a machine learning method based on the concept of ensemble learning. The
purpose of the Adaboost.R2 algorithm is to update and iterate two weight parameters; one
is the weight parameter for the sample data, and the other is the weight parameter for the
weak learner. The significance of updating the sample data weight parameters is to adjust
the distribution of the training data set for the next iteration based on the previous round
for the source domain. In other words, in each iteration process, the weight coefficient for
the source domain sample data that makes the estimation result error of the target domain
smaller is reduced in the next iteration. And for the source domain sample data that makes
the prediction result of the target domain have a larger error, its weight coefficient will be
increased in the next iteration, because in the next iteration, these sample data that make
the error result larger may make the error result smaller in this iteration, but if the error
result does not decrease in this iteration, then it continues to increase the weight of the
sample data and proceeds to the next round of iteration. On the other hand, the purpose of
updating the weight parameters for the weak learner is to increase the weight coefficient
for the weak learner with a smaller overall error result.

Tradaboost.R2 is based on the Adaboost.R2 algorithm, adding the original source
domain data and target domain data to the source domain, target domain and auxiliary
data set. The auxiliary data set comes from a small amount of labeled data in the target
domain. At this time, the training set consists of the source domain data and the auxiliary
data. The goal of the Tradaboost.R2 algorithm is to reduce the sample data in the auxiliary
data set that makes the prediction result error larger, so that after several iterations, the
sample data in the auxiliary set related to the source domain data will have a larger weight
coefficient, and the weight coefficient of sample data in the auxiliary data set that is not
related to the source domain will be reduced.

This paper chooses extreme learning machines (ELMs) as the weak learner; an ELM
is actually a single hidden layer feedforward neural network method. Compared with
the traditional feedforward neural network, the structure still includes an input layer, a
hidden layer and an output layer. However, in terms of training effect, since the ELM does
not require the backpropagation method based on gradient descent to adjust the weight
coefficients, its network training speed is fast and it has good generalization ability, while
it does not easily fall into local minimum points. Therefore, this paper will use an ELM as
the weak learner to establish a lithium-ion battery SOH estimation framework based on
the Tradaboost.R2 method.

Consider a large amount of labeled source domain data Ds = {(xs1, ys1), . . . , (xsn, ysn)},
where xsi ∈ Xs is input data and ysi ∈ Ys is output data. Dividing the target domain data
into two parts, the auxiliary data set Xt f and the testing set Xtt , where the auxiliary data set
Xt f is a small amount of labeled data in the target domain, and the corresponding sample
label is Yt f , while the test data set Xtt is a large amount of unlabeled data in the target
domain. Now the entire training data consist of the source domain data set and auxiliary
data set, that is X = Xs ∪ Xt f , and the corresponding sample label is Y = Ys ∪ Yt f . Assume
that the amount of sample data in the source domain is ns and the number of samples in
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the auxiliary data set is n f . For simplicity of writing, the test data in the target domain
are written as Xu. Therefore, the current goal is to predict the output of the corresponding
sample through the trained model when the model has a new test sample input x∗i ∈ Xu.
The specific process of the Tradaboost.R2 method is shown in Algorithm 1.

3.2. Battery SOH Estimation Based on Complete SOC Range

Based on the research and analysis of battery aging features in Section 2, it can be
seen that 40 battery aging features can be extracted from each SOC interval, and a total
of 120 aging features are obtained. In order to establish a battery SOH estimation model
under different temperature modes, all the aging features of the three SOC intervals are
used as the input of the model, and the application scenarios in single-temperature mode
and multi-temperature mode are considered, respectively. Next, considering that the
source domain and the target domain come from two different battery data sets, the entire
data set is divided into source domain, auxiliary and target domain data sets. By using
a small amount of target domain label sample data to establish an auxiliary data set,
the impact of insufficient source domain information on the model estimation accuracy
is reduced. Table 2 shows the division of source domain, auxiliary and target domain
data sets under the complete SOC interval, where Ts represents source domain data, Tf
represents auxiliary data and Tt represents target domain data. At the same time, in order
to verify the effectiveness of the battery SOH estimation model under different temperature
modes, six scenarios are considered and represented by the symbol Si, where S1–S3 are
single-temperature scenarios, that is, the source domain and the target domain have the
same temperatures, and S4–S6 are multi-temperature scenarios, that is, battery data from
the source domain and target domain at different temperatures.

Algorithm 1: Tradaboost.R2 algorithm.
Input: training input data setxi ∈ X = Xs ∪ Xtf (i = 1, 2, . . . , ns, ns + 1, . . . , ns + nf ),

corresponding label data set Y = Ys ∪ Yt f , unlabeled target domain test
data set Xu, weak learner f , number of iterations N, the maximum number
of iterations Nmax.

Output: SOH estimated value for test data y = ∑Nmax
l=1 βl f (X, θl).

1 Parameter initialization: weight coefficient of source domain and auxiliary set
sample are, respectively, wi

s =
1
ns

, wi
t f
= 1

n f
(i = 1, 2, . . . , ns, ns + 1, . . . , ns + n f );

weight coefficient of weak learner β = 1
1+
√

2ln ns
N

;

2 for t=1 to T do

3 The training model based on ELM needs to meet the following conditions

minθN ∑
ns+n f
p=1 w||yp − f (xp, θN)||22;

4 Compute model error Ep =
(yp− f (xp ,θN))2

max|yp− f (xp ,θN)| (p = 1, 2, . . . , ns + n f );

5 Update sample weights wi
s, wj

t f
and sub-model weights βN . if N ≤ Nmax then

6 Update sub-model weights: βN = σ
1−σ , where

σ =

⎧⎨⎩∑
ns+n f
p=1 Epw, ∑

ns+n f
p=1 Epw < 0.5,

0.5, ∑
ns+n f
p=1 Epw ≥ 0.5.

;

7 Update sample weights: wi
s = wi

sβ
Ei
N , wj

t f
= wj

t f
β
−Ej
N , where

(i = 1, 2, . . . , ns; j = 1, 2, . . . , n f ; N = N + 1)

Furthermore, in order to verify the effectiveness of the battery SOH estimated model,
the mean absolute error (MAE), mean square error (MSE) and root mean square error
(RMSE) analysis methods are used, which are expressed in Equation (1)–(3). Finally, the
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coefficient of determination R2 is used to verify the performance of the estimated model,
where the larger the R2 value, the better the model fitting effect.

EMAE =
1
N

N

∑
i=1

|Yi,true − Ȳi| (1)

EMSE =
1
N

N

∑
i=1

(Yi,true − Ȳi)
2 (2)

ERMSE =

√√√√ 1
N

N

∑
i=1

|Yi,true − Ȳi| (3)

R2 = 1 − ∑N
i=1(Yi,true − Ȳi)

2

∑N
i=1(Yi,true − Ymean)2

(4)

where N is the number of samples, and Yi,true is the true value for battery SOH, Ȳi is the
estimated value for battery SOH, and the Ymean is the mean value for battery SOH.

Table 2. Division of source domain, auxiliary and target domain data sets under complete SOC intervals.

Data
Single Temperature Multiple Temperature

S1 S2 S3 S4 S5 S6

Ts No.1 No.2 No.5 No.1 No.2 No.3
Tf No.3 (15%) No.3 (15%) No.4 (30%) No.4 (15%) No.4 (15%) No.4 (15%)
Tt No.3 (85%) No.3 (85%) No.4 (70%) No.4 (85%) No.4 (85%) No.4 (85%)

This paper selects the Adaboost method, GPR, SVM and CNN-LSTM, as well as the
case where the auxiliary set is not considered in the proposed method as the comparison
methods. The symbol Adaboost represents the estimated results based on the Adaboost.R2
method, the symbol GPR represents the estimated results based on the GPR method,
the symbol SVM represents the estimated results based on the SVM method, the symbol
CNN-LSTM represents the estimated results based on the CNN-LSTM method, the symbol
No-Trans f er represents the estimated results without the transfer learning step (that is, the
proposed method does not include the auxiliary data), and the symbol Trans f er represent
the estimated results of the method which proposed in this paper.

Due to the different temperatures of lithium-ion batteries, the entire battery data can
be divided into two modes, namely mode 1 and mode 2. Regarding the division of data
sets in single-temperature mode, take the three battery data sets in mode 1 as an example.
There are three battery data sets in mode 1, namely No.1, No.2 and No.3. Choose one
of these three data sets as the target domain, and the other two data sets as the source
domain, such as scenario 1 (S1) and scenario 2 (S2). In the multi-temperature mode, select
the data set in one mode as the source domain, such as No.1 in mode 1, and the data set in
another temperature mode as the target domain, such as No.4 in mode 2, and divide it into
scenarios 4, 5 and 6 (S4, S5, S6). In these two modes, in order to improve the estimation
accuracy of the model and verify the necessity of transfer learning, the construction of
auxiliary data sets is considered, as shown in Table 2.

3.3. Analysis and Discussion of Experimental Results

In this part, based on the previous aging feature extraction and model optimization,
the battery SOH estimation under single-temperature and multi-temperature modes are
analyzed. First, the estimation results under single-temperature mode are analyzed, and
the experimental results based on different models are considered to verify the necessity of
transfer learning.

Figures 11 and 12 show the battery SOH estimation results for scenario 1 (S1)–scenario 3
(S3) under the single-temperature mode. It can be found that in the three scenarios, the
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battery SOH estimation based on the Trans f er method are closer to the reference value, and
its effect of tracking the reference value is more obvious, while the battery SOH estimation
based on theNo-Trans f er method obviously does not accurately track the true value. In
addition, considering that the Tradaboost.R2 algorithm is improved from the Adaboost.R2
algorithm, the battery SOH estimation based on the basic algorithm Adaboost is also
unsatisfactory. At the same time, regardless of the scenario, the trend of estimation results
based on CNN-LSTM, GPR and SVM is not ideal.

Figure 11. Battery SOH estimation in single-temperature mode. (a) Scenario 1; (b) scenario 2.

Tables 3 and 4 give three error values and coefficients of determination for S1–S3.
It can be seen from these two tables that the MAE of the estimated value based on the
Trans f er method does not exceed 1.5%, which is significantly smaller than the MAE of
other comparison methods; in terms of MSE, the MSE based on the Trans f er method is
lower than 0.015% and the corresponding RMSE is less than 1.5%, which also shows that the
estimation accuracy based on the Trans f er method is higher than the other methods. On the
other hand, in terms of verifying the model fitting effect, the coefficient of determination R2

based on the Trans f er method is not less than 88% in the three scenarios. Compared with
the corresponding coefficient of determination values of other methods, the model fitting
effect based on the Trans f er method is better. Therefore, it can be seen that the method
after the transfer learning step can improve the accuracy of the estimation results, but
the estimation results without the transfer learning step cannot guarantee the estimation
accuracy, which further illustrates the necessity of transfer learning.

Figure 12. Battery SOH estimation in single-temperature mode under scenario 3. (a) SOH estimation;
(b) relative error.

On the other hand, according to Table 2, it can be seen that when no auxiliary set is
constructed, taking S1 as an example, the MAE is 0.0503, which shows that the estimation
model obtained only with the help of source domain data information is not well adapted
to the test environment of the target domain. When constructing the auxiliary data set, only
the first 15% of the label data information in the target domain can obtain better estimation
results to verify the necessity of transfer learning. It can be seen that lithium-ion battery
SOH estimation can be completed with a small amount of label sample data. Therefore,
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this method verifies that the accuracy of battery SOH estimation based on a small number
of label sample data is not affected.

Table 3. Three error values and coefficients of determination for scenario 1 and scenario 2.

Model
S1 S2

MAE MSE RMSE R2 MAE MSE RMSE R2

Adaboost 0.0211 7.48 × 10−4 0.0273 0.2178 0.0223 6.59 × 10−4 0.0257 0.7780
GPR 0.0229 9 × 10−4 0.03 0.1063 0.0222 8.83 × 10−4 0.0297 0.0268
SVM 0.0186 5.19 × 10−4 0.0228 0.7209 0.0212 7.02 × 10−4 0.0265 0.6753

No-Trans f er 0.0503 0.0051 0.0716 0.522 0.0199 6.89 × 10−4 0.0262 0.6497
CNN-LSTM 0.0158 2.36 × 10−4 0.0154 0.8178 0.0118 3.41 × 10−4 0.0185 0.7523

Trans f er 0.0103 1.5 × 10−4 0.0123 0.8965 0.0079 1.12 × 10−4 0.0106 0.8896

Table 4. Three error values and coefficients of determination for scenario 3 and scenario 4.

Model
S3 S4

MAE MSE RMSE R2 MAE MSE RMSE R2

Adaboost 0.0568 0.0057 0.0754 0.4371 0.0342 0.0018 0.0428 0.2637
GPR 0.0722 0.0073 0.0855 0.4084 0.1045 0.0173 0.1314 0.5953
SVM 0.0329 0.0020 0.0448 0.5383 0.0327 0.0017 0.0410 0.3319

No-Trans f er 0.0371 0.0026 0.0512 0.5959 0.0553 0.0050 0.0706 0.5073
CNN-LSTM 0.01 1.52 × 10−4 0.0123 0.7887 0.0257 0.0011 0.0325 0.7310

Trans f er 0.0051 5.30 × 10−5 0.0073 0.8981 0.0108 2.32 × 10−4 0.0152 0.9045

Besides that, Tables 3 and 4 present the error estimation results of the battery SOH
under different models. These tables also depict the error estimation results of the battery
SOH under different types. In order to analyze the estimated result clearly, we use the
estimated results based on GPR, SVM, CNN-LSTM, Adaboost.R2 and without using the
transfer method under the same conditions to compare with the Tradaboost.R2 algorithm
estimated results.

After analyzing the battery SOH estimation results in single-temperature mode, this
part starts to analyze the multi-temperature mode. Battery No.5 in mode 2 only has ten
sample points that select battery No.4 in mode 2 as the target domain, and the three batteries
No.1, No.2 and No.3 in mode 1 are used as the source domain to verify the battery SOH
estimation under multi-temperature mode.

Figures 13 and 14 show the battery SOH estimation results for scenario 4 (S4)–scenario 6
(S6) under multiple-temperature mode. It can be found that in the three scenarios, the
battery SOH estimation based on the Trans f er method is closer to the reference value, and
its effect of tracking the reference value is more obvious, while the battery SOH estimation
based on the No-Trans f er method obviously does not accurately track the true value. In
addition, considering that the Tradaboost.R2 algorithm is improved from the Adaboost.R2
algorithm, the battery SOH estimation based on the basic algorithm Adaboost is also
unsatisfactory. At the same time, regardless of the scenario, the trend of estimation results
based on CNN-LSTM, GPR and SVM is not ideal.

Tables 4 and 5 give three error values and coefficients of determination for scenario S4–S6.
It can be seen from these two tables that the MAE of the battery SOH estimated value based
on the Trans f er method does not exceed 1.3%, which is significantly smaller than the MAE
of other comparison methods; in terms of MSE, the MSE based on the Trans f er method
is lower than 0.033% and the corresponding RMSE is less than 1.8%, which also shows
that the estimation accuracy based on the Trans f er method is higher than that of other
methods. On the other hand, in terms of verifying the model fitting effect, the coefficient of
determination R2 based on the Trans f er method is not less than 85% in the three scenarios.
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Compared with the corresponding coefficient of determination values of other methods,
the model fitting effect based on the Trans f er method is better than other methods.

Figure 13. Battery SOH estimation in multiple-temperature mode. (a) Scenario 4; (b) scenario 5.

Figure 14. Battery SOH estimation in multiple-temperature mode under scenario 6. (a) SOH estima-
tion; (b) relative error.

In the three scenarios under multi-temperature mode, taking scenario S4 as an example,
when the auxiliary data set is not constructed, the MAE is 0.0553, compared with the MAE
value (0.0108) under the method proposed in this paper, which shows that the estimation
model obtained only with the help of source domain information has no way to learn the
data information for the target domain, and when the top 15% of the label data in the target
domain is used to build an auxiliary data set, the error value of the prediction results has
dropped significantly. This shows that 15% of labeled data information plays an important
role in model training and verifies the necessity of transferring data information. The same
results are also reflected in scenarios S5 and S6, which means that when the auxiliary data
set only accounts for 15% of the target domain, the accuracy of battery SOH estimation
under multi-temperature mode still can be guaranteed.

Table 5. Three error values and coefficients of determination for scenario 5 and scenario 6.

Model
S5 S6

MAE MSE RMSE R2 MAE MSE RMSE R2

Adaboost 0.0356 0.0017 0.0417 0.3034 0.0240 8.11 × 10−4 0.0285 0.6668
GPR 0.0908 0.0106 0.1028 0.5998 0.0992 0.0156 0.1249 0.6019
SVM 0.0327 0.0017 0.0410 0.3319 0.0313 0.0016 0.0397 0.4618

No-Trans f er 0.0553 0.0050 0.0706 0.5073 0.0666 0.0068 0.0822 0.4413
CNN-LSTM 0.0287 0.0013 0.0364 0.6725 0.0267 0.0015 0.0381 0.6589

Trans f er 0.0123 3.21 × 10−4 0.0179 0.8583 0.0125 2.66 × 10−4 0.0163 0.8872

4. Lithium-Ion Battery SOH Estimation under Different SOC Ranges

In the previous section, we discuss the battery SOH estimation problem under the
complete SOC interval, which means that when establishing the estimation model frame-
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work, all aging features are used as input of the model. However, if there is a lack of aging
features in a certain range, will it make it difficult to estimate the batter SOH? Under labo-
ratory conditions, pulse test data for three complete SOC intervals can be easily obtained.
However, in actual applications, depending on the needs of different application scenarios,
it may not be possible to complete the pulse test under three complete SOC intervals. At
this time, it is necessary to consider whether the battery SOH estimation under different
SOC intervals can be achieved. In other words, comparing with the battery SOH estimation
under the complete SOC interval, can it be ensured that the mapping relationship under
different SOC intervals will not be affected.

4.1. Data Set Division under Different SOC Intervals

In order to illustrate the aging features under different SOC intervals, the symbol I1 is
used to represent the forty aging features at SOC=20%, the symbol I2 is used to represent
the forty aging features at SOC=50% and the symbol I3 is used to represent the forty aging
features at SOC=80%.

In order to verify that the mapping relationship of the battery SOH estimation model
under different SOC intervals is not affected, aging feature data from different initial SOC
is selected when constructing the auxiliary and the source domain data set. For example,
it is now necessary to use the label data information of battery No.1 to estimate SOH of
battery No.3. If battery No.3 only contains pulse test data with SOC=20%, and battery No.1
contains pulse test data with a complete SOC range, then the target domain data set of the
model is the aging features I1 of battery No.3, and source domain data set contains the
aging characteristics I1 ∪ I2 ∪ I3 of battery No.1. Under the assumption of this scenario
condition, the dimensions of the source domain and target domain data of the model are
different. Therefore, the aging feature I1 of battery No.1 can be selected as the auxiliary
data set of the model to learn the data information of I1, and the aging feature I2 or I3
can be used as the source domain data set of the model, thus ensuring the dimensions of
the three data sets are the same, and the selection of the auxiliary data set only requires
aging features from the same SOC interval as the target domain data set. At the same
time, there is no restriction that the auxiliary data must come from the same dataset as the
target domain. Therefore, based on the battery pulse test data in different SOC intervals, in
each scenario, the source domain, auxiliary data and target domain data can be divided as
shown in Table 6.

Table 6. Division of source domain, auxiliary and target domain data sets under different SOC intervals.

M1 M2 M3 M4 M5 M6

Ts I2 I3 I1 I3 I2 I1
Tf I1 I1 I2 I2 I3 I3
Tt I1 I1 I2 I2 I3 I3

4.2. Battery SOH Estimation Based on Different SOC Ranges

When considering the battery SOH estimation based on sample transfer learning
under different SOC intervals, six scenarios are considered and are divided as shown in
Table 7. Scenario 1 (S1)–Scenario 3 (S3) verify the battery SOH estimation based on a single-
temperature mode, that is, although the source domain and the target domain data set
come from different battery data, they remain in the same temperature mode. The battery
SOH estimation under multi-temperature mode is reflected by Scenario 4 (S4)–Scenario 6
(S6), that is, the source domain and the target domain data set are derived from different
temperature modes. The purpose is to verify the performance based on the idea that when
using data in different temperature modes, the battery SOH estimation can still be achieved.
In each scenario of this part, the source domain, auxiliary data and target domain data
set are divided in six ways. Different from the construction method of the auxiliary data
set under the complete SOC interval, here, there is no requirement that the auxiliary data
must come from the same target domain data set. It is only required that the auxiliary
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data set and the target domain data set come from the aging features under the same
SOC interval. This greatly reduces the demand for target domain label data and has more
practical research significance.

Table 7. Division of source domain and target domain data sets under different SOC intervals.

Data
Single Temperature Multiple Temperature

S1 S2 S3 S4 S5 S6

Ts No.1 No.2 No.5 No.1 No.2 No.3
Tt No.3 No.3 No.4 No.4 No.4 No.4

4.3. Analysis and Discussion of Experimental Results

In this section, the battery SOH estimation under single-temperature and multi-
temperature modes are analyzed, respectively. First, the experimental results under the
single-temperature mode are analyzed. Based on Section 3.2, the battery SOH estimation
under the six division methods is verified in each scenario; secondly, compared with the
battery SOH estimation framework under the complete SOC interval, the feature dimen-
sion of the model is not only reduced but also the demand for target domain label data
is reduced. Therefore, in this section, the estimation results under the six partitioning
methods will be compared with the estimation results based on the Trans f er method in
the complete SOC interval of Section 3.2. In addition, since the Tradaboost.R2 algorithm is
an ensemble method, considering the final estimation result is synthesized based on other
sub-models, the relative error between each sub-model and the final result is analyzed.
Similarly, the battery SOH estimation under multi-temperature mode is also analyzed in
the same way.

Figures 15 and 16 show the battery SOH estimation results for scenario 1 (S1)–scenario 3
(S3). It can be seen from Figure 15 that in S1 and S2, compared with the estimation results
for the other five methods, the estimation results based on method 6 (M6) are closer to the
reference value, and its effect of tracking the reference value is more obvious. The absolute
error also can reflect the better estimation effect is shown in Figure 16 (b).

Figure 15. Battery SOH estimation in single-temperature mode. (a) Scenario 1; (b) scenario 2.

Figure 16. Battery SOH estimation in single-temperature mode under scenario 3. (a) SOH estimation;
(b) relative error.
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Tables 8 and 9 give three error values and coefficients of determination for S1–S3.
It can be seen from these two tables that the optimal estimation results can be obtained
based on M6 in S1 and S2, while the optimal results in S3 are obtained by M2. In the
optimal estimation results of these three scenarios, the MAE does not exceed 0.75%, which
is significantly smaller than the MAE under the other methods; at the same time, the MSE
is lower than 0.0095% and the corresponding RMSE does not exceed 0.98%; compared with
the complete SOC interval based on Trans f er method, the optimal estimation errors of the
three scenarios are smaller than the estimation errors based on the Trans f er method. On the
other hand, in terms of verifying the model fitting effect, the coefficient of determination
R2 of the optimal result reaches 90% in all three scenarios. Compared with the coefficient
of determination value based on the Trans f er method, it can be seen that the model fitting
effect based on different SOC intervals is better than the model effect based on the complete
SOC interval. This can also show that while the feature dimension and the demand for
label data in the target domain are reduced, the battery SOH estimation accuracy has not
been reduced.

Tables 8 and 9 present the error estimation results of the battery SOH under different
SOC ranges. In order to ensure that the mapping relationship of the lithium-ion battery
SOH estimation model in different SOC intervals is not affected, it adopts the way of
dividing the data set in Tables 6 and 7.

After analyzing the battery SOH estimation results in single-temperature mode, this
part starts to analyze the multi-temperature mode. We select battery No.4 in mode 2 as
the target domain and use the three batteries No.1, No.2 and No.3 in mode 1 as the source
domain to verify the battery SOH estimation under multi-temperature mode.

Figures 17 and 18 show the battery SOH estimation results for scenario 4 (S4)–scenario 6
(S6). It can be seen from Figure 17 that in S4 and S5, comparing with the estimation results of
the other five methods, the estimation results based on method 5 (M5) are closer to the refer-
ence value, and its effect of tracking the reference value is more obvious, which the absolute
error also can reflect the better estimation effect that shown in Figure 18 (b). Completing the
verification of the estimation results of three scenarios under the multi-temperature mode,
which demonstrates that the method proposed in this paper has stronger generalization
ability in estimating battery SOH under different temperature modes.

Table 8. Three error values and coefficients of determination for scenario 1 and scenario 2.

Model
S1 S2

MAE MSE RMSE R2 MAE MSE RMSE R2

M1 0.0123 2.96 × 10−4 0.0172 0.7576 0.0113 2.74 × 10−4 0.0166 0.7524
M2 0.0130 3.32 × 10−4 0.0182 0.6934 0.0119 3.04 × 10−4 0.0174 0.7089
M3 0.0198 4.92 × 10−4 0.0222 0.4473 0.0198 4.97 × 10−4 0.0223 0.4396
M4 0.0238 7.78 × 10−4 0.0279 0.2215 0.0226 6.98 × 10−4 0.0264 0.2618
M5 0.0107 1.77 × 10−4 0.0133 0.8269 0.0096 1.51 × 10−4 0.0123 0.8475
M6 0.0075 9.48 × 10−5 0.0097 0.9143 0.0072 8.78 × 10−5 0.0094 0.9183

Trans f er 0.0103 1.5 × 10−4 0.0123 0.8965 0.0079 1.12 × 10−4 0.0106 0.8896

Table 9. Three error values and coefficients of determination for scenario 3 and scenario 4.

Model
S3 S4

MAE MSE RMSE R2 MAE MSE RMSE R2

M1 0.0065 6.66 × 10−5 0.0082 0.8811 0.0174 4.73 × 10−4 0.0217 0.7290
M2 0.0047 3.04 × 10−5 0.0055 0.9397 0.0188 5.59 × 10−4 0.0237 0.7009
M3 0.0092 1.29 × 10−4 0.0114 0.8324 0.0277 0.0013 0.0364 0.4869
M4 0.0142 3.74 × 10−4 0.0193 0.4273 0.0326 0.0016 0.0406 0.2945
M5 0.0073 7.81 × 10−5 0.0088 0.8737 0.0094 2.00 × 10−4 0.0142 0.9094
M6 0.0064 6.18 × 10−5 0.0079 0.9043 0.0102 1.52 × 10−4 0.0124 0.9406

Trans f er 0.0051 5.30 × 10−5 0.0073 0.8981 0.0108 2.32 × 10−4 0.0152 0.9045
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Figure 17. Battery SOH estimation in multiple-temperature mode. (a) Scenario 4; (b) scenario 5.

Figure 18. Battery SOH estimation in multiple-temperature mode under scenario 6. (a) SOH estima-
tion; (b) relative error.

Tables 9 and 10 give three error values and coefficients of determination for S4–S6.
It can be seen from these two tables that the optimal estimation results can be obtained
based on M6 in S4 and S5, while the optimal results in S6 are obtained by M5. In the
optimal estimation results of these three scenarios, the MAE does not exceed 1.2%, which
is significantly smaller than the MAE under other methods; at the same time, the MSE is
lower than 0.02% and the corresponding RMSE does not exceed 1.4%. Compared with the
complete SOC interval based on the Trans f er method, the optimal estimation errors of the
three scenarios are smaller than the estimation errors based on the Trans f er method. On the
other hand, in terms of verifying the model fitting effect, the coefficient of determination
R2 of the optimal result reaches 92% in all three scenarios. Therefore, no matter in terms
of battery SOH estimation accuracy or model fitting effect, the optimal results based on
different SOC intervals are better than complete SOC intervals.

Table 10. Three error values and coefficients of determination for scenario 5 and scenario 6.

Model
S5 S6

MAE MSE RMSE R2 MAE MSE RMSE R2

M1 0.0195 5.66 × 10−4 0.0238 0.6905 0.0165 4.27 × 10−4 0.0207 0.7704
M2 0.0171 4.89 × 10−4 0.0221 0.7365 0.0199 6.40 × 10−4 0.0253 0.6576
M3 0.0285 0.0014 0.0374 0.4889 0.0287 0.0014 0.0371 0.4326
M4 0.0327 0.0016 0.0403 0.3162 0.0328 0.0016 0.0406 0.2835
M5 0.0157 4.38 × 10−4 0.0209 0.8155 0.0090 1.69 × 10−4 0.0130 0.9249
M6 0.0114 1.90 × 10−4 0.0138 0.9294 0.0093 1.73 × 10−4 0.0132 0.9290

Trans f er 0.0123 3.21 × 10−4 0.0179 0.8583 0.0125 2.66 × 10−4 0.0163 0.8872

Based on the above discussion, it can be proved from three aspects that the method
proposed in this paper can achieve higher accuracy in battery SOH estimation:

(1) In the comparison model that combines various errors to depict the performance
of the method, we use the estimated results based on GPR, SVM, CNN-LSTM,
Adaboost and without using the transfer method under the same conditions to
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compare with the Tradaboost.R2 algorithm estimated results. The various error
results show that the estimated results based on the Tradaboost.R2 algorithm are
better than other algorithms.

(2) The performance of model fitting is measured by the coefficient of determination
R2. The better the model fitting performance, the closer its value is to 1. The values
of the coefficient of determination R2 prove that the estimated results based on the
Tradaboost.R2 algorithm are better than other algorithms.

(3) This paper proposes a lithium-ion battery SOH estimation framework based on the
Tradaboost.R2 method under pulse testing. The proposed method can ensure that the
mapping relationship of the lithium-ion battery SOH estimation model in different
SOC intervals is not affected.

(4) By verifying the estimation results based on the complete SOC interval and different
SOC intervals, it can be seen that while the model feature dimension and the demand
for target domain label data is reduced, the estimation accuracy of the model can still
be guaranteed.

5. Conclusions and Future work

In order to estimate the lithium-ion battery SOH under different dynamic working con-
ditions, this paper establishes a battery SOH estimation model based on the Tradaboost.R2
algorithm. Considering the shortened time to obtain aging features under dynamic test
conditions, the aging features that can reflect the attenuation of battery capacity are ex-
tracted from the 18s pulse current. At the same time, five lithium-ion batteries are tested in
two temperature modes. For the cyclic aging test, the weight of the source domain data
samples is adjusted through the Tradaboost.R2 algorithm. Under laboratory conditions,
two verification scenarios for lithium-ion battery SOH estimation are designed, which
verified that while the age feature dimension is reduced and the demand for target domain
label data is reduced, the mapping relationship of the lithium-ion battery SOH estimation
model is not affected by the initial value of the SOC.

Considering the impact of aging features on model estimation results, in future work,
a framework for automatically extracting battery aging features under dynamic conditions
will be established while ensuring that the extracted aging features have a strong correlation
with battery SOH. In addition, adaptive online learning should be considered in the future
such that the battery model can be adjusted adaptively to achieve the best state whenever
new data are available.
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Abstract: An accurate estimation of the state of health (SOH) of Li-ion batteries is critical for the
efficient and safe operation of battery-powered systems. Traditional methods for SOH estimation,
such as Coulomb counting, often struggle with sensitivity to measurement noise and time-consuming
tests. This study addresses this issue by combining incremental capacity (IC) analysis and a novel
neural network, Kolmogorov–Arnold Networks (KANs). Fifteen features were extracted from IC
curves and a 2RC equivalent circuit model was used to identify the internal resistance of batteries.
Recursive least squares were used to identify the parameters of the equivalent circuit model. IC
features and internal resistance were considered as input variables to establish the SOH estimation
model. Three commonly used machine learning methods (BP, LSTM, TCN) and two hybrid algorithms
(LSTM-KAN and TCN-KAN) were used to establish the SOH estimation model. The performance
of the five models was compared and analyzed. The results demonstrated that the hybrid models
integrated with the KAN performed better than the conventional models, and the LSTM-KAN
model had higher estimation accuracy than that of the other models. The model achieved a mean
absolute error of less than 0.412% in SOH prediction in the test and validation dataset. The proposed
model does not require complete charge and discharge data, which provides a promising tool for the
accurate monitoring and fast detection of battery SOH.

Keywords: SOH estimation; KAN; incremental capacity analysis; internal resistance; Li-ion battery

1. Introduction

Electric and hybrid vehicles have experienced rapid growth in recent years. Lithium-
ion (Li-ion) batteries are a critical component of electric vehicles (EVs) in providing power
for vehicles. The application scale of Li-ion batteries in EVs is far larger than other types of
batteries owing to several advantages of Li-ion batteries, including high energy density,
a long lifespan, low maintenance requirements, etc. [1]. A battery management system
(BMS) plays a key role in ensuring the safe and efficient operation of a vehicle’s battery
system. State of health (SOH) estimation is an indispensable function for the BMS, which
contributes to determining retained capacity and remaining useful life, optimizing the
charging/discharging process to extend the life and prevent the premature failure of
batteries [2].

While the SOH is crucial for a battery management system (BMS) to function effec-
tively, an accurate definition and calculation method for the SOH has not been universally
established [3]. Generally, capacity fading and the increase in internal resistance are com-
monly used indicators to assess the SOH of a battery. To obtain variation in capacity and
resistance, the most commonly used approaches are to measure the current and voltage
parameters of a battery to derive the two indicators. The approaches to acquiring the SOH
from the current and voltage data can be categorized into two types: direct computation [4]
or model-based machine learning [5]. The former method includes coulomb counting,
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internal resistance/impedance calculation, etc. The method based on machine learning
uses the current/voltage data or other variables derived from them to establish a neural
network model to predict the change in capacity and impedance.

Coulomb counting is an integral of current over time that uses a current sensor to mon-
itor the current during the charge/discharge process, and the maximum increased/elapsed
capacity can be calculated. The SOH of batteries can be determined through the ratio of
maximum capacity to the rated capacity [6]. Battery SOH can also be defined from the
perspective of internal resistance evolution. The internal resistance increases with the de-
generation of cells. The difference between the internal resistance at the end of battery life
and the fresh stage is regarded as a basis for evaluating the SOH [7]. This resistance, R, can
be obtained by Ohm’s law or parameter identification based on an equivalent circuit model.

These above approaches have their limitations. For instance, the Coulomb counting
method is only available in a full charge/discharge process to obtain the current maximum
capacity. The accuracy of resistance measurement is influenced by the battery state of
charge and the environmental temperature. Therefore, the SOH estimation method based
on the calculation of capacity and resistance is restricted by the working circumstance of
batteries and has low efficiency and poor scalability. To overcome this challenge, data-
driven approaches are proposed to predict the SOH based on the history data of the
current, voltage, capacity, etc., wherein the statistical analysis method and machine learning
are mostly used in the establishment of SOH estimation models, such as gray relation
analysis [8], support vector regression (SVR) [9], XGboost [10], back propagation (BP)
neural network [11,12], and Long Short-Term Memory (LSTM) network [13,14]. In May
2024, a team of researchers at the Massachusetts Institute of Technology introduced the
Kolmogorov–Arnold Network (KAN), a novel neural network architecture differing from
the multilayer perceptron (MLP) network [15]. This innovative approach is grounded
in the theoretical principles of the Kolmogorov–Arnold representation theorem, which
offers a powerful framework for decomposing complex multivariate functions into simpler,
univariate components [16].

The key steps of data-driven approaches are defining effective informative inputs and
establishing a robust estimation model. Commonly, the current, voltage, and temperature
data in the charge/discharge process are set as the inputs. Compared to the unprocessed
current and voltage data, the features derived from them can better describe the battery
aging mechanism and understand the materials’ properties, interfacial phenomena, and
electrochemical behavior inside cells, such as electrochemical impedance spectroscopy
(EIS), incremental capacity (IC), and differential voltage (DV). Incremental capacity analysis
is a widely used approach to identify and quantify the changes in electrochemical reactions
inside a battery [17–19]. It is assumed that the cell is at an equilibrium state during a
charge/discharge process with an extremely low current rate (C-rate). However, the low
C-rate charge/discharge process cannot be performed in field application due to the high
cost of time. For SOH estimation, it is unnecessary to pay more attention to the details of
the battery degradation process; rather, it is necessary to just focus on the remaining battery
capacity at a certain moment. Therefore, a pragmatic solution is proposed to replace a
low C-rate with a large C-rate. Therefore, there is increasing research on using IC curve
data for SOH prediction. Li et al. adopted the Gaussian filter to process IC curves and use
the position and height of the curve peak as the feature of interest for the SOH estimation
of a high-energy NMC li-ion battery [20]. In ref. [21], IC curves were used to estimate
battery SOH based on SVR. Beltran et al. investigated the performance of different machine
learning methods in the estimation of retained capacity, using IC curves [22].

The internal resistance of a battery comprises several components that collectively
determine how much opposition the battery presents to the flow of the electric current.
These components can be broadly categorized into three main types: ohmic resistance,
polarization internal resistance, and electrochemical impedance [23]. Ohmic resistance is
the straightforward electrical resistance of the battery’s conductive materials (electrodes,
electrolytes, and connectors) [24]. Electrochemical impedance is more complex and includes
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various factors associated with the battery’s electrochemical processes, including charge
transfer resistance, and solid electrolyte interphase (SEI) resistance [25]. As a battery
undergoes repeated charge and discharge cycles, various degradation will occur, such
as the growth of the SEI layer, electrolyte decomposition, and loss of active material.
These processes lead to an increase in the internal resistance of the battery. An increase in
internal resistance is a key indicator of these degradation processes [26,27]. It reflects the
battery’s reduced efficiency in conducting current, which is directly related to its aging and
SOH. Internal resistance is a valuable and reliable indicator for estimating the SOH of a
battery [28].

In the above works, only IC curve features were used as input parameters for modeling.
IC curve features are susceptible to the environmental temperature and current rate. In
this work, we employed both internal resistance parameters and IC features as inputs
to establish a hybrid model. Moreover, the aforementioned machine learning models
were based on MLP. KANs, as an emerging network structure, have the potential to
become an alternative to MLP. Therefore, we proposed an SOH estimation approach by
the combination of features extracted from IC curves and internal resistance based on the
KAN algorithm. First, an accelerated aging test was performed to prepare the degradation
data. Next, the raw data of charge cycles were processed to obtain the IC curves, and some
advanced filter algorithms were adopted to smooth the original IC curves. The peaks of
IC curves often correspond to phase transitions within the battery’s active materials. For
example, in lithium-ion batteries, lithium intercalates into or de-intercalates from electrode
materials. In some cases, an IC curve peak might indicate lithium plating, which is a form of
battery degradation [29,30]. The dips represent gaps between different intercalation stages
within the battery’s active materials. The peaks and dips of an IC curve of a battery provide
important insights into the battery’s state and characteristics. Therefore, the features of
IC curves were extracted as the inputs of SOH estimation models, including the height,
width, and position of peaks and dips. Then, a 2RC equivalent circuit model and the
recursive least squares (RLS) algorithm were used to identify the internal resistance of
batteries. Three commonly used machine learning methods were used to establish the SOH
estimation model, including BP, LSTM, and Temporal Convolutional Networks (TCNs),
and the KAN was adopted to build hybrid models (LSTM-KAN and TCN-KAN) for SOH
estimation. Furthermore, we compared the estimation performance of five models and
investigated the effect of adding the KAN on the original model performance. The model
with the best performance among the five was chosen to evaluate the accuracy of the SOH
estimation model with different input variables. To our best knowledge, this was the first
time the KAN was used to estimate the SOH of Li-ion batteries.

The rest of this paper is organized as follows. In Section 2, we describe the experiment
and data preparation in detail, including the battery aging test conditions, the feature
extraction from the IC curve, and internal resistance identification. The principle of LSTM-
KAN and the SOH estimation model framework based on LSTM-KAN are shown in
Section 3. The prediction results of the proposed SOH estimation model and the comparison
between different models and input parameters are shown in Section 4, and the conclusions
are drawn in Section 5.

2. Experiment and Data Preparation

2.1. Battery Aging Test

To obtain the aging data of batteries, a test platform was established, as shown in
Figure 1. A battery testing system, BTS4000 (Neware, Shenzhen, China), was used to
run the defined charge/discharge cycles. Eight commercial LiFePO4 batteries were tested
in the experiment, and cell specification is shown in Table 1. The cells were placed in
the temperature control chamber to maintain a stable ambient temperature during the
charging/discharging process. Capacity degeneration is closely related to the charging
environmental temperature. To accelerate the aging process, the ambient temperature
for charging and discharging was set at 35 ◦C. A standard charge/discharge regime was
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applied on the cells, which was composed of constant current (CC) charging with 1C to
the cut-off voltage, then constant voltage charging to the cut-off current of C/20, and CC
discharging with 1C to a cut-off voltage. The rest time between charge and discharge was
set to 0.5 h.

 
Figure 1. Experiment setup for the aging test.

Table 1. Specification of cells used in the experiment.

Item

Nominal capacity 20 Ah
Nominal voltage 3.2 V

Charging cut-off voltage 3.65 V
Discharge cut-off voltage 2.5 V

Dimension 133 × 70 × 28 mm3

Temperature 35 ◦C
Sampling frequency 1 s

2.2. IC Curve Acquisition and Feature Extraction

Incremental capacity analysis is a widely used technique to obtain information on the
electrochemical properties of a cell and unveil degradation mechanisms. IC curves describe
the increment of battery capacity within an interval of voltage. The calculation formula is
given in Equation (3).

IC =
dQ
dV

=
ΔQ
ΔV

(1)

where ΔQ is the increment of capacity in the charge/discharge cycles. ΔV is the corre-
sponding voltage interval.

The IC curve reveals the phase-equilibrium-induced voltage plateau. The peaks of
curves are in the range of the voltage plateau. In the voltage plateau region, the capac-
ity increases rapidly with small voltage changes. Due to the limited voltage sampling
frequency of charging and discharging equipment, the linear interpolation method was
used to obtain the capacity with equal voltage intervals. A large voltage interval may
miss some significant information in this region. To obtain complete information on the
IC curve as soon as possible, the small voltage internal was set as 1 mV. The peak value
of the IC curve and its corresponding voltage platform are shown in Figure 2. The slope
of the voltage capacity (V-Q) curve has three obvious changes, which correspond to the
three conspicuous peaks of the IC curve. Each peak represents the phase transition point of
the materials inside cells, which can characterize the lithiation plateau, transforming into
different lithiation stages. The area enclosed by the curve and axis manifests the capacity
change in the phase transition. From the picture, it can be observed that the raw IC in the
range of the voltage plateau fluctuates greatly. Therefore, it is necessary to smooth the
original curves through a filtering algorithm. In this work, the Gaussian filter method was
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adopted to preprocess the raw IC curves, which can alleviate the effect of the interference
in different cycles on significant IC curve feature extractions.

Figure 2. Capacity variation with voltage and IC curve during a charging cycle.

To investigate the relationship between the charge capacity and voltage, partial V-Q
curves during 700 cycles are demonstrated in Figure 3. The curves almost overlap in the
range from 2.7 V to 3.15 V. In the range of 3.15 V–3.65 V, the difference between curves is
relatively large due to capacity degeneration. From this view, as the cycle increases, the
position of the voltage plateau is offset to the right. This phenomenon suggests that the
peaks of IC curves shift as the battery ages. However, as the cycle progresses, this trend
becomes less significant. From the enlarged view, the slope of the voltage plateau becomes
slowed down from cycle 1 to cycle 701, especially in phase 3. In other words, the heights of
peaks decrease with battery degradation.

 

Figure 3. V-Q curves of battery in different aging states during a charge cycle.

To further verify these findings, all the IC curves during 701 cycles are demonstrated
in Figure 4. It is evident that the positions of curve peaks shift and the height of the
peaks changes, especially the third peak. Moreover, the initial and end voltage values
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of the voltage platform are also different. As a battery ages, the peaks may become less
pronounced, and the IC curve may flatten overall. This demonstrates that changes in the
positions, shapes, and heights of peaks and dips over time can provide information about
a battery’s state of health. Therefore, we extracted the features of IC curves considering
these changes, and the features include the positions of peaks (LP1, LP2, LP3), heights of
peaks (HP1, HP2, HP3), width of peaks (WP1, WP2, WP3), positions of dips (Ld1, Ld2, Ld3),
and heights of dips (Hd1, Hd2, Hd3), as shown in Figure 5. It was observed that all the
peak features were in the voltage range of 3.2 V to 3.5 V. The state of charge of batteries in
the voltage range was 20–85%, which is exactly the actual working range of most battery
systems such as electric vehicles.

 
Figure 4. Variations in IC curves during 700 cycles.

Figure 5. Features extracted from the IC curve.

2.3. Internal Resistance Identification
2.3.1. Model Establishment

Equivalent circuit models are widely used to recognize and estimate the internal
parameters of batteries, which are crucial for understanding and managing battery perfor-
mance. These models provide a simplified representation of the complex electrochemical
processes occurring within the battery, making it easier to analyze and control. Commonly
used equivalent circuit models of batteries include Rint, Thevenin, 2RC, PNGV, and GNL
models. The Rint model is simple, involving only an OCV and a single resistor, which does
not capture the dynamic response of the battery to changing loads and conditions, leading
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to less accurate predictions of battery performance. The single RC branch in the Thevenin
model captures only basic transient behavior, leading to less accurate representations of
the battery’s dynamic performance, especially under varying load conditions. The PNGV
and GNL models are more sophisticated battery models, so the process of identifying and
calibrating the parameters is more complex and time-consuming compared to the 2RC
model. The 2RC model provides a more accurate representation of a battery’s behavior,
especially under varying load conditions. By including two RC pairs, this model captures
both the short-term and long-term dynamics of the battery, reflecting its real-world perfor-
mance more closely. Compared to the Thevenin model, the 2RC model can more effectively
represent these non-linearities, improving the predictive capability of simulations and
control systems. By capturing both fast and slow dynamics, the second-order RC model can
provide better insight into the SOH of the battery. This allows for more precise monitoring
and diagnostics of parameters like internal resistance and capacitance, which are indicative
of aging and degradation. A 2RC equivalent circuit model was used in this work, as
shown in Figure 6. R0, R1, and R2 represent the ohmic internal resistance and polarization
resistance of cells, respectively. The dynamics of 2RC circuits can be given as shown in
Equation (2) [31].

Uoc(t)− UL(t) = UP1(t) + UP2(t) + i(t)R0.
U1(t) =

i(t)
C1

− U1
C1R1.

U2(t) =
i(t)
C2

− U2
C2R1

(2)

U
R

U
+

I
UR
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+ U  
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Figure 6. RC equivalent circuit model of batteries.

According to Equation (2), the complex frequency domain dynamics model of the 2RC
circuit can be given in

Uoc(s)− UL(s) = I(s)
(

R0 +
R1

R1C1s + 1
+

R2

R2C2s + 1

)
(3)

The transfer function is expressed as

G(s) =
Uoc(s)− UL(s)

I(s)
=

(
R0 +

R1

R1C1s + 1
+

R2

R2C2s + 1

)
(4)

The z-transform can be used to discretize the above continuous equation by the
following equation:

s =
2(1 − z−1)

T(1 − z−1)
(5)

Through a combination of Equations (4) and (5), the discrete transferring function can
be expressed as

G(z−1) =
a3 + a4z−1 + a5z−2

1 − a1z−1 − a2z−2 (6)
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a1 = 8τ1τ2−2T2

T2+4τ1τ2+2Tτ1+2Tτ2

a2 = 2Tτ1+2Tτ2−T2−4τ1τ2
T2+4τ1τ2+2Tτ1+2Tτ2

a3 = T2R1+T2R2+2TR1τ2+2TR2τ1
T2+4τ1τ2+2Tτ1+2Tτ2

a4 = 2T2R1+2T2R2
T2+4τ1τ2+2Tτ1+2Tτ2

a5 = T2R1+T2R2−2TR1τ2−2TR2τ1
T2+4τ1τ2+2Tτ1+2Tτ2

(7)

where T is the sampling interval. A1, a2, a3, a4, and a5 are the coefficients related to the
model parameters. τ1 = R1C1, and τ2 = R2C2.

The differential equation of the RC model is given as

U(k) = a1U(k − 1) + a2U(k − 2) + a3 I(k) + a4 I(k − 1) + a5 I(k − 2) (8)

The RLS algorithm is extensively employed in battery parameter identification due
to its efficiency and accuracy in the real-time estimation of dynamic systems. The RLS
algorithm is an adaptive filter algorithm that recursively finds the coefficients that minimize
a weighted linear least squares cost function relating to the input signals. It is well suited
for systems where parameters change over time, making it ideal for battery modeling. The
model can be described by the recursive process of the RLS algorithm as follows:

U(k) = ϕT(k)θ(k)
ϕ(k) = [U(k − 1), U(k − 2), I(k), I(k − 1), I(k − 2)]T

θ(k) = [a1, a2, a3, a4, a5]
T

(9)

Combining the above equations, the parameters can be expressed as

R0 = [a3 − a4 + a5]/[1 + a1 − a2]
R1C1R2C2 = [T2(1 + a1 − a2)]/[4(1 − a1 − a2)]
R1C1 + R2C2 = [T(1 + a2)]/[1 − a1 − a2]
R0 + R1 + R2 = [a3 − a4 + a5]/[1 − a1 − a2]
R0R1C2 + R0R2C2 + R1R2C1 + R1R2C2 = T[a5 − a3]/[1 − a1 − a2]

(10)

The parameters of the equivalent circuit model can be determined by calculating
Equation (10).

2.3.2. Identification Results

The Hybrid Pulse Power Characterization (HPPC) test profile was added in each dis-
charge cycle, as demonstrated in Figure 4, and was used to generate data for identifying the
parameters of 2RC models. Internal resistance varies with the environmental temperature,
the SOC of batteries, and the SOH. To eliminate the interference of temperature and the
SOC, testing was carried out in a constant environment temperature, and the HPPC test
was conducted in the same SOC state during the discharge phase. The data of HPPC
were used to identify the parameters of the 2RC model by the RLS algorithm, as shown
in Figure 7. As demonstrated in Figure 7a, the predicted terminal voltage was in good
agreement with the experimental one. The error between the predicted and experimental is
illustrated in Figure 7b, and the mean absolute error was less than 0.4 mV. This indicates
that the identified parameters accurately represented the battery’s behavior. The identified
parameters of the equivalent model are shown in Figure 7c,d. The average value of the
identification parameters during the relaxation phase was taken as the final value for
each parameter.
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(a) (b) 

 
(c) (d) 

Figure 7. Results of parameter identification for the 2RC equivalent circuit model. (a) the comparison
of simulated and experimental voltage; (b) the simulation error; (c) and (d) the identification value of
R0, R1, R2, C1, C2.

3. SOH Estimation Based on LSTM-KAN

3.1. LSTM-KAN Architecture

A Long Short-Term Memory Network is a special type of Recurrent Neural Network
(RNN) capable of learning long-term dependencies, which has since been widely adopted
for various tasks involving sequential data. The core component of an LSTM network is the
memory cell, which can maintain its state over time. This allows the network to remember
important information for long periods. LSTMs have three types of gates that regulate the
flow of information, including forget gate, input gate, and output gate. The forget gate
decides which parts of the cell state to forget. It takes the previous hidden state (ht−1) and
the current input (xt) and passes them through a sigmoid function, as follows:

ft = σ(Wf · [ht−1, xt] + b f ) (11)

The input gate decides which new information to store in the cell state. It has two
parts: the input gate layer and candidate values. The former determines which values to
update, and the latter creates new candidate values to be added to the state. The formulas
of the input gate layer and candidate values can be described as follows:

it = σ(Wi · [ht−1, xt] + bi) (12)
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∼
Cn = tanh(Wc · [ht−1, xt] + bc) (13)

The new cell state is a combination of the old state and the new candidate values.

Ct = ft · Ct−1 + it ·
∼
Ct (14)

The output gate determines the next hidden state, which is a filtered version of the
cell state.

Ot = σ(Wo · [ht−1, xt] + bo) (15)

The hidden state output of the network node is described and calculated by this
equation, as follows:

ht = Ottanh(Ct) (16)

Kolmogorov–Arnold Networks (KANs) are a novel network architecture proposed
by the MIT team in May 2024, which were inspired by the Kolmogorov–Arnold repre-
sentation theorem [15], as shown in Figure 8. This theorem states that any multivariable
continuous function can be decomposed into a finite sum of continuous functions of one
variable and an additional continuous function. Leveraging this theoretical foundation,
Kolmogorov–Arnold Networks aim to simplify the representation of complex functions
and improve the efficiency and interpretability of neural networks.

Figure 8. Kolmogorov–Arnold Network architecture.

The architecture of KANs typically involves a decomposition of the input space into
individual dimensions, followed by processing through one-dimensional functions before
combining the results. The theorem can be expressed as follows:

f (x1, . . . , xn) =
2n+1

∑
q=1

Φq

(
n

∑
p=1

ϕq,p(xp)

)
(17)

where ϕq,p are univariate functions that map each input variable xp, and Φq are continuous
functions. This enables a KAN to model complex interactions in high-dimensional data by
breaking them down into compositions of simpler univariate functions.

A KAN layer with nin-dimensional inputs and nout-dimensional outputs can be de-
fined as a matrix of 1D functions.

Φ =
{

φq,p
}

, p = 1, 2, . . . , nin, q = 1, 2, . . . , nout (18)

where the φq,p is parametrized functions with l trainable parameter.
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A deeper KAN is composed of multiple KAN layers with a strong ability to model
more complex functions. The architecture of a deeper KAN can be expressed as follows:

KAN(x) = (ΦL−1 ◦ ΦL−2 ◦ . . . ◦ Φ0)(x) (19)

LSTM-KAN combines the strengths of LSTM networks with the theoretical insights of
Kolmogorov–Arnold Networks to model complex, time-dependent relationships in high-
dimensional data. This hybrid approach leverages an LSTM’s ability to handle sequential
data and a KAN’s capacity for simplifying multivariate functions into compositions of
univariate functions. The hybrid network is implemented by integrating a KAN directly
into the hidden layer of an LSTM network. This can be especially useful for applications
requiring both temporal sequence analysis and complex feature interactions.

3.2. SOH Estimation Model Framework

In the above section, the features of IC curves and the parameters of internal resistance
were obtained. Next, the extracted features and internal resistance were taken as input
parameters, and the output was the SOH. From Figure 4, it is observed that the IC curves
did not all shift to the right as the cycle increased; rather, the curve offset presented a time
series characteristic. Here, the LSTM network was used to process the IC curve features
and internal resistance parameters and capture the temporal dependencies. In the hidden
layer before output, the KAN layer was used to replace the standard fully connected layers
in the LSTM. The structure of the proposed SOH estimation model based on LSTM-KAN
is shown in Figure 9. This framework provides a robust approach to estimate the battery
SOH using LSTM-KAN and features derived from IC curves, leveraging the strengths of
the LSTM in handling sequential data and the KAN in decomposing complex multivariate
functions to achieve accurate and reliable SOH predictions. The input parameter matrix
consists of 18 parameters, including 15 IC features, and 5 parameters of 2RC equivalent
circuit models.

SOH

Figure 9. Structure of LSTM-KAN used for SOH estimation.

3.3. Evaluation of the Error of the SOH

Evaluating the error of SOH estimation models is critical in order to ensure their
accuracy and reliability. Three error metrics are utilized to evaluate the performance of
different estimation models.

Mean Absolute Error (MAE)

MAE =
1
n

n

∑
i=1

∣∣∣yi −�
y i

∣∣∣ (20)
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Mean Absolute Error (MAPE)

MAPE =
1
n

n

∑
i=1

∣∣∣∣∣yi −�
y i

yi

∣∣∣∣∣ ∗ 100% (21)

Mean Absolute Error (RMSE)

RMSE =

√
1
n

n

∑
i=1

(yi −�
y i)

2
(22)

where yi and
�
y i are the real value and predicted value at test cycle I, and n is the total of

the test cycles.

4. Results of SOH Estimation

4.1. The SOH Estimated by the LSTM-KAN Model

The data used in this experiment come from the accelerated aging test, and eight
batteries with different initial SOHs were selected as the samples. Four fresh cells and
four cells with the same specifications were selected for the aging tests. The initial SOH
and aging cycles experienced are shown in Table 2. Selecting batteries with different SOH
values not only enriches the sample types in the training data but can also be used to verify
the generalization ability of the estimation model under different SOH conditions.

Table 2. SOH initial values and the experienced cycles of battery samples.

Bat. #1 Bat. #2 Bat. #3 Bat. #4 Bat. #5 Bat. #6 Bat. #7 Bat. #8

SOH 100% 100% 100% 100% 90.3% 87.9% 88.09% 96.18%
Cycles 500 1070 930 380 550 375 320 590

The training dataset is composed of the IC features and parameters of the equivalent
circuit of six batteries (Bat. #1, #2, #3, #6, #7, and #8). The data of Bat. #4 and Bat. #8 are
used as the test and validation dataset, respectively. The SOH of Bat. #4 was estimated
using the three most commonly used machine learning methods and the hybrid models
based on the KAN, as shown in Figure 10. The actual SOH shows a steady decline over
the cycle range, from 0 to 600. The SOH value predicted by the five models follows the
general trend in the actual SOH but with different degrees of fluctuation. From the picture,
the SOH predicted by the BP model has significant deviation from the actual value. The
values estimated by the LSTM-KAN and TCN-KAN models are better matched with the
actual SOH. The results indicate that while the conventional models can capture the overall
degradation trend, they show some noise or variability in their predictions. The SOH
predicted by hybrid models closely follows the actual value with less fluctuation.

To ensure the trained model’s robustness and generalization ability, a validation
dataset was used to evaluate its performance. The data for Bat. #5 were used as the valida-
tion dataset. The results of the validation are illustrated in Figure 11, which demonstrates
that the trained models also have good performance on the validation dataset. The values
predicted by the five models show a similar trend to the actual SOH but with a noticeable
offset from the actual SOH in the BP and TCN models. From the enlarged view, it can be
observed that the SOH predicted by the LSTM-KAN model is closer to the actual value.
Similar to the results of the test data, the prediction error of the BP model is the largest in
the validation dataset.

The results of the test and validation data confirm the superior performance and
generalization ability of the hybrid model compared to the standalone network. The
consistency of the hybrid model’s performance across both the training and validation
datasets suggests that it effectively captures the underlying patterns of battery degradation.
This demonstrates that the hybrid model not only performs well on the training data but
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also maintains high accuracy and stability when applied to new data. The error metrics of
the five models on the test and validation dataset are shown in Table 3. It demonstrates that
the prediction errors of the BP model are the largest among the five models. All the errors of
the hybrid model are smaller than those of the original model. In the test dataset, the LSTM-
KAN model has the fewest errors, and the MAE, MAPE, and RMSE are 0.412%, 0.462%,
and 0.570%, respectively. In the validation dataset, the MAE of the LSTM and LSTM-KAN
are 0.438% and 0.256%, which is in good agreement with the results of the test data. The
SOH estimation performance of the LSTM-KAN and TCN-KAN models is comparable. The
above results demonstrate that combining the KAN can effectively improve the estimation
performance of conventional machine learning models, and the LSTM-KAN model has
the best performance in SOH estimation, with a comprehensive comparison of testing and
validation data results. Therefore, the LSTM-KAN model was used to further investigate
the model performance under different input parameters. The training time of each model
is shown in Figure 12. In Refs. [11,12], the SOH estimation models are established based
on similar methods, but the estimation error (MAE: 1.16%, 1.957%) of the model in the
literature is far larger than that proposed in this work (MAE: 0.412%).

Figure 10. Predicted SOH of Bat. #4 for the test dataset.

Figure 11. SOH of Bat. #5 predicted by the trained model.
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Table 3. SOH estimation errors of two models in different datasets.

MAE MAPE RMSE

Test-BP 0.811% 0.921% 1.028%
Test-TCN 0.472% 0.528% 0.607%

Test-LSTM 0.519% 0.585% 0.641%
Test-LSTM-KAN 0.412% 0.462% 0.570%
Test-TCN-KAN 0.426% 0.476% 0.572%
Validation-BP 0.531% 0.569% 0.727%

Validation-TCN 0.461% 0.495% 0.547%
Validation-LSTM 0.438% 0.472% 0.490%
Validation-LSTM-

KAN 0.256% 0.278% 0.378%

Validation-TCN-
KAN 0.251% 0.268% 0.365%

Figure 12. Training time of each model.

4.2. The SOH Estimated by the LSTM-KAN Model with Different Input Variables

To investigate the improvement of the model after integrating internal resistance
parameters into the input variables, the training data were divided into two groups: group
I and group II. The input variables in model I include 15 features extracted from IC
curves and internal resistance parameters, and those in model II only contain 15 features
extracted from IC curves, as demonstrated in Table 4. The corresponding SOH estimation
models, model I and model II, were trained using datasets from group I and group II,
respectively. Figure 13 illustrates the SOH of Bat. #5 predicted by two models. The
results show that the predicted SOH is closely aligned with the actual value. Model II
shows greater variability and deviations from the actual SOH compared to model I. The
performance of the two models on the validation samples is demonstrated in Figure 14.
Similarly, model I demonstrates better prediction performance than that of model II. From
the subplots, model I has a lower MAE in the test and validation dataset. This indicates
that the integration of internal resistance parameters into the input parameters can improve
the model’s performance.
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Table 4. Input and output variables of model I and model II.

Input Output

Model I LP1, LP2, LP3, HP1, HP2, HP3, WP1, WP2, WP3, Ld1, Ld2, Ld3, Hd1, Hd2, Hd3, R0, R1, R2, C1, C2 SOH
Model II LP1, LP2, LP3, HP1, HP2, HP3, WP1, WP2, WP3, Ld1, Ld2, Ld3, Hd1, Hd2, Hd3 SOH

Figure 13. SOH of Bat. #4 predicted by different models.

 
Figure 14. Results of Bat. #5 predicted by the trained model.

5. Conclusions

In this paper, we presented an innovative approach for estimating the SOH of Li-ion
batteries by integrating incremental capacity analysis and internal resistance identification,
using a hybrid model of traditional machine learning models and a KAN. The results
demonstrate that the proposed hybrid model has good performance for SOH estimation
in the test and validation dataset. The hybrid model integrated with the KAN effectively
captured the complex relationships among the input features, leveraging its architecture
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to improve estimation performance. The accuracy of the hybrid models is higher than
that of conventional models, which illustrates that hybrid models combined with KANs
can enhance the accuracy and reliability of SOH predictions. The comparison of models
with different inputs showed that including internal resistance as input parameters can
enhance the accuracy of the model compared to using only IC features. All input features
of the model were extracted from the charge data within the SOC range of 20% to 80%. The
proposed model does not require full charge and discharge data. This framework shows
promising application prospects in battery management systems of electric vehicles, which
can facilitate more accurate monitoring and fast detection of battery SOHs.
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arXiv 2024, arXiv:2404.19756.

16. Vaca-Rubio, C.J.; Blanco, L.; Pereira, R.; Caus, M. Kolmogorov-arnold networks (kans) for time series analysis. arXiv 2024,
arXiv:2405.08790.

85



Batteries 2024, 10, 315

17. Pastor-Fernández, C.; Uddin, K.; Chouchelamane, G.H.; Widanage, W.D.; Marco, J. A Comparison between Electrochemical
Impedance Spectroscopy and Incremental Capacity-Differential Voltage as Li-ion Diagnostic Techniques to Identify and Quantify
the Effects of Degradation Modes within Battery Management Systems. J. Power Sources 2017, 360, 301–318. [CrossRef]

18. Zheng, L.; Zhu, J.; Lu, D.D.-C.; Wang, G.; He, T. Incremental capacity analysis and differential voltage analysis based state of
charge and capacity estimation for lithium-ion batteries. Energy 2018, 150, 759–769. [CrossRef]

19. Jiang, B.; Dai, H.; Wei, X. Incremental capacity analysis based adaptive capacity estimation for lithium-ion battery considering
charging condition. Appl. Energy 2020, 269, 115074. [CrossRef]

20. Li, Y.; Abdel-Monem, M.; Gopalakrishnan, R.; Berecibar, M.; Nanini-Maury, E.; Omar, N.; van den Bossche, P.; Van Mierlo, J. A
quick on-line state of health estimation method for Li-ion battery with incremental capacity curves processed by Gaussian filter. J.
Power Sources 2018, 373, 40–53. [CrossRef]

21. Li, X.; Yuan, C.; Wang, Z. State of health estimation for Li-ion battery via partial incremental capacity analysis based on support
vector regression. Energy 2020, 203, 117852. [CrossRef]

22. Beltran, H.; Sansano, E.; Pecht, M. Machine learning techniques suitability to estimate the retained capacity in lithium-ion
batteries from partial charge/discharge curves. J. Energy Storage 2023, 59, 106346. [CrossRef]

23. Raccichini, R.; Amores, M.; Hinds, G. Critical Review of the Use of Reference Electrodes in Li-Ion Batteries: A Diagnostic
Perspective. Batteries 2019, 5, 12. [CrossRef]

24. Barai, A.; Uddin, K.; Widanage, W.D.; McGordon, A.; Jennings, P. A study of the influence of measurement timescale on internal
resistance characterisation methodologies for lithium-ion cells. Sci. Rep. 2018, 8, 21. [CrossRef] [PubMed]

25. Meddings, N.; Heinrich, M.; Overney, F.; Lee, J.-S.; Ruiz, V.; Napolitano, E.; Seitz, S.; Hinds, G.; Raccichini, R.; Gaberšček, M.; et al.
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Abstract: Today’s growing demand for lithium-ion batteries across various industrial sectors has
introduced a new concern: battery aging. This issue necessitates the development of tools and
models that can accurately predict battery aging. This study proposes a general framework for
constructing battery aging models using machine learning techniques and compares these models
with two existing empirical models, including a commercial one. To build the models, the databases
produced by EVERLASTING and Bills et al. were utilized. The aim is to create universally applicable
models that can address any battery-aging scenario. In this study, three types of models were
developed: a vanilla neural network, a neural network inspired by extreme learning machines, and
an encoder coupled with a neural network. The inputs for these models are derived from established
knowledge in battery science, allowing the models to capture aging effects across different use cases.
The models were trained on cells subjected to specific aging conditions and they were tested on other
cells from the same database that experienced different aging conditions. The results obtained during
the test for the vanilla neural network showed an RMSE of 1.3% on the Bills et al. test data and an
RMSE of 2.7% on the EVERLASTING data, demonstrating similar or superior performance compared
to the empirical models and proving the ability of the models to capture battery aging.

Keywords: capacity loss; battery aging; empirical model; machine learning; artificial neural
network; autoencoder

1. Introduction

The automotive industry is transitioning toward electric mobility. Fossil fuels are
not suitable for storing energy in electric vehicles, which is why lithium-ion batteries are,
nowadays, the common preference. In addition, this trend has been emphasized by the
need to store the intermittent electricity produced by renewables and by an increase in the
number of portable electronic devices being sold. These factors contribute to a growing
market in the field of energy storage. In this context, lithium-ion batteries emerge as a
viable solution [1]. They are energetically dense and financially affordable, and they also
have a relatively high cycle life and efficiency.

In spite of their relatively high cycle life, numerous degradation phenomena can occur
in these accumulators, as shown in Table 1, adapted from Ref. [2]. The working principle
of a fresh cell, along with several aging phenomena, is illustrated in Figure 1 (the crystal
structure of the LCO active material has been represented using chemtube3d [3]). Several
factors significantly influence the aging of the cells, including the current, temperature,
state of charge (SOC), voltage, and mechanical stress. These factors are referred to as stress
factors. In the models developed for this study, only the current, temperature, and SOC
are considered.
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Table 1. Lithium-ion accumulator’s degradation phenomena, adapted from Ref. [2].

Number Phenomenon Reference

1

Solid Electrolyte Interphase (SEI) growth,
which can be considered the most important degradation phenomenon
(the composition and behavior are different in silicon-containing
negative electrodes)

[4,5]

2 Lithium plating and dendrite growth [6,7]

3 Particle cracking,
which is due to the volume changes during lithiation [7–9]

4
Gas bubbles formation and electrolyte drying
(mainly the formation of H2, due to the decomposition of the organic
molecules in the electrolyte)

[7,10,11]

5
Structure changes in the active material
happen when the crystal structure of the active material changes and
lithium cannot be inserted any more

[12]

6
Transition metals dissolution
(the transition metals concerned are mainly Ni, Co, and Mn, dissolving
into the electrolyte)

[8]

7
Graphite exfoliation and solvent co-intercalation,
happens when the electrolyte solvent inserts itself into the graphite
with the lithium-ion and separates the graphite sheets

[13,14]

8 The growth of the positive electrode–electrolyte interface [15]

9 The corrosion or dissolution of the current collectors [16]

10 The loss of electric contact [12,17,18]

11 The decomposition of the binders [19]

12 The decomposition of the electrolyte [12]

13 The degradation of the separator [20]

This degradation results in a loss of capacity and an increase in the internal resistance
of the cell. The capacity corresponds to the electric charge (expressed in Amp-hours) that
can be stored in the battery. It is correlated to the amount of lithium that can pass from one
electrode to the other. Predicting the aging process of lithium-ion cells is crucial because
it allows manufacturers to ensure that their lithium-ion cells can consistently meet the
product’s energy specifications over time. Lithium-ion battery aging forecasting is also
key to assessing batteries’ potential for reuse, in order to give them a second life [21] or
to assess their safety [22]. The development of battery degradation models, therefore, has
become necessary. The literature categorizes these models into three main categories:

• physical models [23,24];
• empirical models [25,26];
• machine learning (ML) models [27,28].

It should, however, be emphasized that some models rely on several of these categories,
such as grey-box models that combine physics and data-driven methods, as discussed
in the review by Guo et al. in 2022 [29]. Physical models have the advantage of being
highly explainable, but they also have drawbacks. They require a significant amount of
experimental data, often obtained by dismantling the battery cell, and their application
necessitates a high computational cost. This cost can be explained by the resolution of
numerous partial differential equations in electrochemical models that consider aging
phenomena. Examples of such models are the single particle model, the single particle
model with electrolyte dynamics, and the pseudo-2 dimensional model [24]. It is important
to note that the current state-of-the-art physical models do not encompass all the aging
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phenomena described in Table 1. Instead, they focus on a select few phenomena [10,23,24],
such as:

• SEI growth;
• lithium-plating;
• particle cracking due to mechanical stress (and the associated growth of the SEI on the

cracks);
• loss of active material (LAM) due to mechanical stress and the internal cracks of the

particles;
• oxidation of the electrolyte at the positive electrode.

 

Figure 1. Schematic representation of some aging phenomena occurring in a lithium-ion cell. In
the figure, the red disks correspond to lithium atoms and lithium ions, the grey disks correspond
to carbon atoms, the purple disks correspond to cobalt atoms, and the green disks correspond to
oxygen atoms.
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The two other categories of aging models are data-driven, meaning that they rely on
battery-aging data and more specifically on capacity fade measurements. These models are
consequently able to capture any aging phenomenon occurring in the cell but are unable
to attribute the degradation to specific phenomena. The distinction between empirical
and machine learning models is that the ML models utilize the tools developed by the
machine learning community to create agnostic models. These ML models do not assume
any pre-existing knowledge, nor do they make specific assumptions about the data. In
contrast, empirical models rely on mathematical formulas created by the designer of the
model and are based on the available data. ML models often have more parameters
to optimize than empirical models. The scope of this study is limited to models that
predict the aging of cells regardless of the specific aging phenomena occurring within
them. This study consequently focuses on data-driven models, and more specifically those
implementable in simulation software to estimate the aging of lithium-ion cells under
various aging conditions. Only battery aging models based on non-linear regression with
exogenous variables are considered, which means that previous outputs are not utilized as
inputs. Furthermore, the models discussed in this paper do not depend on the response
of the cell to a specific stimulation. Thus, these models may rely on the current that a cell
delivers during aging but not on its electrothermal response to a specific test conducted
during a check-up, for instance. Part of the incremental capacity curves or any other health
indicators (presented in Section 4.3.1 of the review by Khaleghi et al. in 2024 [30]) cannot,
therefore, be used as inputs of the models considered. That is why models that rely on
previous capacity measurements are also excluded [31]. In this study, neural networks
are employed to forecast the capacity loss of the cells, based on the time they spent under
specific conditions. New features have been proposed and applied to databases where
such methods had never been previously implemented, thus distinguishing our approach
from the state of the art. The effectiveness of this method was assessed by the use of two
diverse databases that encompass a wide range of applications, including driving profiles,
calendar aging, constant current cycling, and electric vertical take-off and landing (eVTOL)
aircraft operations. The results thus obtained were then compared with those from two
empirical models. To the extent of the authors’ knowledge, this is the first instance in which
this method is compared to empirical models and applied to open-source data covering
various ambient temperatures and current profiles.

This paper is organized as follows: Section 2 provides an overview of state-of-the-art
machine-learning models that forecast the capacity loss of lithium-ion batteries, while
Section 3 describes the databases, the empirical models developed, and the machine-
learning models used here. Finally, Section 4 presents the results obtained from each
database using the methods mentioned.

2. State of the Art on Machine Learning Models to Predict Battery Aging Using Time
Passed by the Cell between Thresholds

Building on an understanding of the challenges related to lithium-ion batteries, ap-
proaches that harness machine learning techniques are discussed below. These methods
predict battery degradation accurately by utilizing extensive datasets to effectively model
complex aging dynamics [32]. The literature on the application of machine learning to
study the state of health of lithium-ion cells is extensive, with numerous reviews having
been published in recent years [27,28,30,33]. While listing all the methodologies would be
tedious due to their vast diversity, the review of von Bülow et al. in 2023 [27] highlights that
fewer papers focus on developing models that can predict the SOH of cells as tools for en-
gineers. Such a tool could help identify which types of real-world usage most significantly
impact a battery’s health. The present study specifically targets such models. The most
versatile models employ historical features, sometimes also referred to as histograms. The
fundamental concept behind these models is to make categories, or zones, in the cells’ stress
factors (such as the temperature, current, voltage, SOC, or mechanical stress). As inputs to
the ML model, these zones consider how long the cell has remained in each category, either
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through the duration spent in the zone or the count of measurements taken while the cell
was in that zone. To the best of the authors’ knowledge, no other information has been
extracted from these zones to be used as input into machine learning models. As discussed
in Section 3.3 of the present study, additional features have been incorporated, such as the
time integral of temperature within the zone, the time integral of the current, and the time
integral of the SOC. This information allows the model to evaluate the potential damage
associated with the duration for which the cell remained in each zone.

The first authors to propose the methodology of using thresholds to create categories
and utilize information from these categories to predict a cell’s aging were Nuhic et al. in
2013 [34]. Their objective was to develop battery aging models that were not specific to any
particular discharge pattern. To achieve this, they studied what they referred to as the time
the cell remained within specific parameter threshold values. They established 9 classes
of SOC, 7 classes of temperature, and 13 classes of current. The authors then utilized the
time spent by the cell in each combination of SOC and temperature classes (resulting in
7 times 9 inputs) and in each combination of current and temperature classes (resulting in
7 times 13 inputs) as the inputs for their model. In addition, they examined the rainflow
counting of the SOC to obtain inputs that could represent the number of cycles without
explicitly defining a cycle in the aging profile. These inputs were used to build a support
vector regression system. They not only predicted the cell capacity from the beginning
until each check-up but also between each check-up.

In 2016, You et al. [35] also conducted a similar study in which they utilized the
current, voltage, and temperature measurements of cells. They applied the K-means
clustering algorithm to partition the resulting three-dimensional space into 80 distinct
regions. Then, they employed the densities of each of these 80 clusters as inputs for support
vector machines (SVMs) and an artificial neural network (ANN) to predict the SOH of the
cells. To create their dataset, they subjected the cells to cycling profiles inspired by the
various driving conditions encountered with electric vehicles, such as highway and urban
driving. This approach is comprehensive as it allows for the consideration of various aging
profiles. However, it is important to note that analyzing the density of the regions may
introduce bias if the sampling frequency varies throughout the cells’ lifespan. For instance,
measurements may be gathered with a larger timestep during constant current charging,
compared to during driving cycles.

Considering functions of time rather than the number of measurements appears to be
more reliable. This idea was proposed by Richardson et al. in 2019 [36], although they did
not use such features to construct their Gaussian process regression (GPR) model using
the NASA randomized battery dataset. In their study, they suggested considering the time
spent between the two thresholds of a specific parameter, such as current, temperature,
voltage, or power. Consequently, their approach can be referred to as one-dimensional
histograms, or 1D models, in contrast to the three-dimensional models made by You et al.
Their GPR model used the Ah-throughput of the cells, their age, and the time between
two consecutive capacity measurements to predict the corresponding capacity change, ex-
pressed in Ah. It is noteworthy that such approaches require knowledge of the distribution
of the stress factors; this is why they are often referred to as histograms.

In 2020, Song et al. [37] used a similar method. They utilized real-world data from
300 battery-powered electric vehicles and 400 hybrid vehicles, collected between January 2018
and December 2018, to predict the capacity of these batteries. The variables considered
included the mileage of the vehicles and the distribution of measurement points across several
thresholds for current, SOC, and temperature. These inputs were then transformed using
principal component analysis [38] and the resulting components were ordered according to
the variance they explained in the dataset. Only those components with a cumulative variance
below 90% were kept as inputs of the neural network. Given that the vehicles were being used
by the customers, the cells experienced no capacity measurement per se. The capacities were
estimated during charging at between 40% and 80% SOC.

91



Batteries 2024, 10, 367

In 2021, von Bülow et al. [39] compared two-dimensional and three-dimensional
models using the Severson et al. database [40] to predict SOH changes for a given number
of cycles. The three stress factors that they focused on were current, temperature, and SOC.
Their two-dimensional models relied on the time spent by the cell between the thresholds
of current and temperature, then those on current and SOC, and finally those on SOC and
temperature. One model considered all these features as inputs. They studied the influence
of window width (or the number of cycles for which ΔSOH was predicted) and different
thresholds of the stress factors to retrieve their inputs, then they built an ANN and a GPR.
The hyperparameters of the ANN were optimized using a tree-structured Parzen estimator
(TPE). The hyperparameters in a machine learning model are the characteristics that define
the model, such as the number of layers in an ANN or the number of neurons per layer [41].
They found that combining multiple window widths during training (i.e., training the
model to predict capacity loss for not only 50 equivalent full cycles ahead but also 25 or 100
equivalent full cycles ahead) enhanced its ability to generalize. In their experiment, the
3D models did not yield better results than the 2D ones. However, it is worth noting that
the dataset they employed did not include any variation in the temperature of the thermal
chamber. Therefore, temperature differences between the cells were attributed solely to
their electro-thermal behavior.

In 2022, Zhang et al. [42] utilized historical features from three datasets: the study
by Severson et al. and Attia et al. [40,43], the NASA randomized battery dataset [44], and
a dataset based on actual measurements from plug-in hybrid electric vehicles (PHEV).
The models employed included random forest regressions, support vector regressions,
ANN, and GPR. The authors used the historical features of the cells to forecast their
degradation trajectories.

In 2023, Greenbank et al. [45] conducted a histogram-based approach to determine
the thresholds for voltage, temperature, and current, based on the 1st, 33rd, 67th, and
99th percentiles of these stress factors. However, the temperature-related features were
excluded from the model because they did not pass the feature selection process. They
utilized datasets from Severson et al. [40] and Attia et al. [43] to predict the knee-point
and remaining useful life of the cells. Specifically, they estimated the cells’ capacity loss
every 12 h, which roughly corresponds to 9 to 19 cycles, depending on the charging profiles.
The knee point is defined as the moment when the slope of aging over time significantly
increases [46].

The contents of these works, along with what is proposed here, are summarized
in Table 2.

Table 2. Summary of previous, similar approaches.

Study Dataset
Open-Source
Data?

Method to Fix
Thresholds

Inputs Outputs Model Temperature

Nuhic 2013 [34]

5 batteries, no
reference to another
work or the
data publication

No Not shared

2D inputs (I&T
and SOC&T)
and rainflow
counting of
the SOC

ΔQ SVR Yes

You 2016 [35] Private No K-Means
clustering

Density of the 3D
zones of (I,
T, SOC)

SOH SVM, ANN Yes

Richardson
2019 [36]

NASA Randomized
Battery Dataset Yes

Arbitrary
(Proposed 1D
data but did not
implement it)

Ah-throughput,
Δt, and time. ΔQ GPR

Proposed to
consider it but
did not
implement

Song 2020 [37] BHEV and BEV data
from real vehicles No Arbitrary

Principal
components of
the mileage and
the 1D
distribution of
current, SOC,
and temperature

Q ANN Yes
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Table 2. Cont.

Study Dataset
Open-
Source
Data?

Method to
Fix
Thresholds

Inputs Outputs Model Temperature

von Bülow
2021 [39] Severson [40] Yes Arbitrary 2D, 3D ΔSOH ANN and

GPR Yes

Zhang 2022
[42]

Severson [40]
Attia [43],
NASA
randomized
battery
dataset [44],
and a dataset
based on actual
measurements
from plug-in
hybrid electric
vehicles (PHEV).

Partly Not shared

Derived from
the
histogram
data

ΔQk cycles
ahead

Random
forest
regressions,
support
vector
regressions,
ANN, and
GPR

Yes

Greenbank
2023 [45]

Severson [40]
Attia [43] Yes Based on the

distribution
Time spent
(1D) Qloss t+12 h

Piecewise
linear model,
Gaussian
process
regression

Yes

Present work
EVERLASTING
[47]
Bills [48]

Yes Arbitrary
Time spent
(1D) and time
integrals (3D)

Qloss

ANN, ELM,
auto-
encoders

Yes

In conclusion, machine learning models provide a robust framework for the predictive
analysis of lithium-ion battery aging. These models utilize historical data to generate
accurate forecasts. Building upon the literature, three models based on the time spent in
various zones are presented in Section 3.3. These models have been compared with the
empirical models discussed in Section 3.2. Both modeling approaches have been applied
to the data presented in Section 3.1, which are open-source data wherein cells were aged
under different cycling procedures and storage temperatures. The method relies on the
time spent by the cell between temperature thresholds, among other parameters. The
following points make these models original:

• The thresholds selected in previous studies were specific to the datasets used. In
contrast, the present work proposes general thresholds applicable to any battery aging
dataset, thus contributing to moving a step closer to a general battery aging model.

• Except for the study by Zhang et al. [42], which employed the NASA randomized
battery dataset [44], the models available in the literature have not been applied to
open-source databases where all cells do not experience the same ambient temperature
during aging. Consequently, this paper presents the results from applying the method
to two additional public datasets, wherein temperature thresholds are associated not
only with cell heating but also with varying aging conditions, resulting in sparser data.

• This paper demonstrates the robustness of the method when applied to public datasets,
thereby advancing the development of generalized battery aging models. These
machine learning methods have not been previously applied to these datasets, and
their usage introduces challenges that are distinct from those encountered before.

• Furthermore, to the best of the authors’ knowledge, this study is the first application
of autoencoders for reducing the dimensionality of inputs based on the time spent.

• This study introduces novel inputs derived from zones that are not based on the time
spent in a zone or the zone’s density. Instead, these novel inputs include the time
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integral of the current in the zone, that of the SOC, and that of the temperature. This
approach enables the model to account for parameter variations within a zone.

3. Materials and Methods

3.1. Battery Aging Datasets Used

In the present study, the models were applied to two databases: EVERLASTING [47]
and that of Bills et al. from 2023 [48]. Although additional battery aging databases exist,
such as those referenced in Refs. [2,49,50], the focus of this study is on these two databases
because they encompass a range of scenarios inspired by real-world usage cases. The
description of these datasets can be found in Ref. [2].

3.1.1. The EVERLASTING Dataset

The EVERLASTING dataset project studied the commercial cells named INR18650
MJ1, manufactured by LG Chem, with a nominal capacity of 3.5 Ah. These cells incorporate
positive electrode active material composed of NMC 811. The active material of the negative
electrode is made of a blend of graphite intercalation compound (GIC) and SiOx. The test
matrix conducted in this project is summarized in Tables 3–5. The resulting capacity losses
for 40 cells are illustrated in Figure 2. In this figure, it can be seen that, generally speaking,
calendar aging at 0 ◦C and 10 ◦C produced similar results, with less degradation being
observed compared to calendar aging at 25 ◦C. The most severe calendar aging occurred
at 45 ◦C. Across all temperatures, capacity retention was superior during calendar aging
compared to CC cycling. The driving profiles, along with CC cycling at 10 ◦C, exhibited
the most heterogeneous characteristics regarding cell degradation.

Table 3. Number of cells for life cycle conditions using driving profiles in EVERLASTING, sourced
from Ref. [2].

Temperature
I Profile

70–90% SOC
I Profile

10–90% SOC
P Profile

10–90% SOC

0 ◦C 2 2

10 ◦C 2 2

25 ◦C 2 2 2

45 ◦C 2 2

Figure 2. Capacity loss versus time in the EVERLASTING database. Half of the test conditions were
never seen in the training data (considering the SOC, charge, and discharge currents not represented
here). The other half correspond to conditions that can be found in the training data but were
experienced by cells that were not in the training data.
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Table 4. Constant DC cycle aging conditions in EVERLASTING, sourced from Ref. [2].

Temperature Charge C-Rate Discharge C-Rate Number of Cells

0 ◦C 0.5 1.5 2

0 ◦C 1 1.5 2

10 ◦C 0.5 1.5 2

10 ◦C 0.5 0.5 2

10 ◦C 0.5 3 2

10 ◦C 1 1.5 2

25 ◦C 0.5 1.5 2

25 ◦C 0.5 0.5 2

25 ◦C 0.5 3 2

25 ◦C 1 1.5 2

45 ◦C 0.5 1.5 2

45 ◦C 0.5 0.5 2

45 ◦C 0.5 3 (a) 2

45 ◦C 1 1.5 2
(a): These cells could not cycle because the temperature (45 ◦C) and the discharge C-rate (3C) caused the cells to
heat up to 55 ◦C too rapidly. Only one capacity measurement was available under these conditions.

Table 5. Number of cells under calendar aging conditions in EVERLASTING, sourced from Ref. [2].

SOC
Temperature

10% 70% 90%

0 ◦C 2 2 2

10 ◦C 2 2 2

25 ◦C 2 2 2

45 ◦C 2 2 2

All the cells were included in the training set, except those in the test set described
below. In this database, the test data comprised cells 19, 20, 34, 37, 63, 68, 69, 72, 78, 79, and
96. These cells are represented in Figure 2 by dashed lines marked with crosses. The aging
conditions for these cells were as follows:

• Cells 19 and 20 experienced CC cycle aging at 10 ◦C;
• Cell 34 underwent calendar aging at 10 ◦C and SOC = 90%;
• Cell 37 underwent calendar aging at 0 ◦C and SOC = 70%;
• Cell 63 experienced CC cycle aging at 45 ◦C;
• Cells 68 and 69 experienced driving aging at 45 ◦C between 70 and 90% SOC;
• Cell 72 underwent calendar aging at 45 ◦C and SOC = 10%;
• Cells 78 and 79 experienced CC cycle aging at 25 ◦C;
• Cell 96 underwent calendar aging at 25 ◦C and SOC = 90%.

The commercial model presented in Section 3.2 could not be calibrated using driving
profiles. Therefore, for this model, the test data also included all driving measurements.
It is important to note that the training and testing sets of the models were composed of
different aging conditions.

3.1.2. The Bills Dataset

The database of Bills et al. [48] was inspired by the behavior of electric vertical take-off
and landing aircraft (also referred to as eVTOLs) [51]. In this database, 22 NCA cells with a
nominal capacity of 3 Ah were cycled. The negative electrode was made of pure graphite.
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The baseline power and current profiles are illustrated in Figure 3, and each phase of the
baseline profile is explained in detail in Table 6. The temperature for the baseline profile
was 25 ◦C.

 

Figure 3. Baseline profile of the Bills et al. data. The graph was obtained from cell VAH27. The color
corresponds to what is being imposed on the cell (i.e., the CC charge imposes the charge current,
the CV charge imposes the charge voltage, and the discharge profile is imposed in power over a
given time).

Table 6. Baseline mission parameters from Ref. [48], used under the license CC BY [52].

Phase Definition End Criteria

Take-off P = 54 W t = 75 s

Cruise P = 16 W t = 800 s

Landing P = 54 W t = 105 s

Rest 1 I = 0 A T < 27 ◦C

CC Charge I = 1 C U > 4.2 V

CV Charge U = 4.2 V I < C/30

Rest 2 I = 0 A T < 35 ◦C

The test matrix is presented in Table 7 and includes variations from the baseline
scenario. The table specifies the number of data points, which is equal to the number of
capacity measurements. The bold values represent the number of data points used as
test data. Notably, only one test cell is aging in the conditions that were present in the
training data.

96



Batteries 2024, 10, 367

Table 7. Aging profiles in the Bills et al. dataset [48].

Mission Profile Cells Impacted Number of Data Points

Baseline VAH01, VAH17, VAH27 52

Short cruise (400 s) VAH12 47

Short cruise (600 s) VAH13, VAH26 45

Extended cruise (1000 s) VAH02, VAH15, VAH22 36

10% power reduction
during discharge VAH05, VAH28 30 and 24

20% power reduction
during discharge VAH11 44

CC charge current reduced to C/2 VAH06, VAH24 37

CC charge current brought up to 1.5 C VAH16, VAH20 24

CV charge voltage reduced to 4.0 V VAH07 6

CV charge voltage reduced to 4.1 V VAH23 15

Thermal chamber temperature
reduced to 20 ◦C VAH09, VAH25 35

Thermal chamber temperature
brought up to 30 ◦C VAH10 29

Thermal chamber temperature
brought up to 35 ◦C VAH30 19

The resulting capacity loss versus time is illustrated in Figure 4. The tests continued
until the cells either reached 70 ◦C or 2.5 V during discharge. As can be seen, aging is
rather similar for all cells, regardless of aging parameters such as the room temperature or
the maximal voltage of the cells. This can be explained by the very demanding discharge
profile that causes all cells to heat up and reach temperatures above 40 ◦C.

 

Figure 4. Capacity losses according to conditions in the Bills database.

In this dataset, the cells VAH02, VAH10, VAH15, VAH22, and VAH28 served as test
data, while the remaining 17 cells were used as training data, as illustrated by the dashed
line in Figure 4.

3.2. Empirical Models

This study employed two distinct empirical models to assess battery degradation:
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1. a basic aging model;
2. a generic aging model, implementing the battery aging identification tool in the

commercial software Simcenter Amesim V2310 [53]. This model is inspired by the
work of Mingant et al., 2021 [25].

These two models were selected for comparison because one is a very simple model
while the other is a state-of-the-art model implemented in commercial simulation software.
The first one models degradation using an exponential function of time:

Qloss = B × tz (1)

where B and z are constants.
The commercial model is inspired by the following equation [25]:

dQloss
dt

= B × z ×
(

Qloss
B

) z−1
z

(2)

where B and z follow the equations:

z = zmin + (zmax − zmin)×
1 + tanh

(
zpoly

)
2

(3){
B = Bpoly i f Bpoly ≥ 20

B = 20 × exp
( Bpoly−20

20

)
otherwise

(4)

with zpoly and Bpoly:

zpoly = z1 + z2 × T + z3 × SOC + z4 × Ich + z5 × Idch (5)

Bpoly = B1 + B2 × 1
T + B3 × SOC + B4 × SOC × T + B5 × T × Ich + B6 × Ich

T + B7 × Idch
T + B8 × SOC

T + B9 × T2

+B10 × I2
ch + B11 × I2

dch + B12 × SOC²
(6)

where T corresponds to the temperature of the cell at time t, Idch corresponds to the
discharge current at the same time t, and Ich corresponds to the charge current at the same
time t. In this work, this model is referred to as the commercial model.

In this commercial model, the coefficients written in blue are optimized during the
calibration process. The software is limited to optimizing these coefficients with a single
charge current and a single discharge current. Therefore, the optimization was performed
using the root mean square discharge current from the Bills database. However, the model
was not calibrated on dynamic profiles, such as the driving profile; consequently, all driving
profiles were utilized as test data. It is important to note that there are numerous other
empirical aging models available [26,54], but only the aforementioned models were applied
in this study.

The optimization of this model on the EVERLASTING data resulted in the following
mathematical operations:

zpoly = 6.137 − 2.451 × 10−2 × T + 3.551 × 10−1 × Idch + 8.777 × 10−3 × SOC (7)

Bpoly = 627.5 − 1.345 × 105 × 1
T − 17.72 × SOC + 2.926 × 10−2 × SOC × T − 0.5205 × T × Ich + 4.663 × 104 × Ich

T
+2.443 × 104 × Idch

T + 2.736 × 103 × SOC
T − 1.926 × 10−3 × T2 − 18.39 × I2

ch − 40.20 × I2
dch

−1.655 × 10−3 × SOC²
(8)

This model has also been optimized on the Bills data, yielding the following results:

zpoly = 8.211 × 10−2 − 8.530 × 10−3 × SOC (9)

Bpoly = 42.34 + 0.4137 × T × Ich − 4.239 × 104 × Ich
T

+ 14.46 × I2
ch (10)
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3.3. Machine Learning Models

Building upon the existing literature, models based on the time that the cells spent
under specific conditions were created. To achieve this, thresholds for the three stress
factors (i.e., state of charge, temperature, and current) considered in our models were
defined. These thresholds were arbitrarily chosen but corresponded to battery science
concepts, such as a cell with a low SOC or a high SOC, for instance. Importantly, these
thresholds were consistent across the two databases studied. The model utilized the time
the cell has spent between these thresholds to predict capacity loss. It was designed to
perform effectively with various data sources, thereby ensuring consistent and reliable
predictions. Three variants of this approach are considered here (see Figure 5).

Figure 5. The two data transformation approaches and the three model architectures (neural net-
works). The graphs shown are for the VAH25 cell in the Bills dataset. The 3D plot represents all
measurements taken on this cell, and those that satisfy the zone defined on the right are represented
in red, whereas the others are in blue. The 3D models are represented in green and the 1D model is
represented in blue.

The first neural network (NN1), or 1D zone, is designed to determine the duration the
cell has spent with one stress factor between two thresholds, independent of the values
of the other two factors. For example, the time spent by the cell with a SOC of between
20% and 80% was used as input. The architecture of the neural networks built for neural
network 1 is displayed in Figure 6.

99



Batteries 2024, 10, 367

 
Figure 6. Neural network architecture 1 (NN1): the model from the 1D data.

The other two neural networks adopt a 3D approach to data transformation. In this
approach, the thresholds are applied simultaneously to every stress factor. This creates
distinct zones within the space of stress factors. Within this space, the inputs selected for
the neural networks include the time spent by the cell in these zones, along with the time
integral of the current, the temperature, and the SOC in each zone. All these inputs are
utilized by neural networks 2 and 3 to predict the capacity losses. Neural network 2 (NN2)
features an architecture similar to that of neural network 1, but it does not train its first layer,
which reduces the number of parameters needing optimization. The architecture of NN2 is
illustrated in Figure 7. This neural network draws inspiration from an extreme learning
machine (ELM) [55,56]. The decision to exclude training of the first layer is pertinent
given the high dimensionality of the 3D input data. Neural network 3 (NN3), however,
incorporates a different mechanism: it performs data reduction through an encoder that
is followed by a neural network. Autoencoders consist of two components: an encoder
and a decoder. The encoder transforms the input into a lower dimensional space, while
the decoder reconstructs the original input, based on the encoded representation. By
using only the encoder part of the autoencoder, a dimensionality reduction technique is
applied [57,58]. As shown in Figure 8, an autoencoder was constructed using the input
data, and its encoding component was reutilized in the model to predict capacity loss. To
develop the autoencoder, the data were augmented by multiplying the inputs by factors
ranging from 0.1 to 3 in 0.1 increments, effectively increasing the number of data points
by a factor of 29. This augmentation is feasible because the inputs pertain to the time
spent by the cell under specific conditions. Thus, multiplying the inputs by certain factors
simulates having a cell that ages under specific conditions for various durations. A possible
physical interpretation of these 3D input features is that a certain degradation phenomenon
will occur if the conditions are specific enough (the conditions make specific degradation
phenomena thermodynamically feasible). Providing the model with information about the
time spent in these conditions allows it to implicitly deduce the kinetics of the reactions
contributing to capacity loss. Including additional features, such as the integral of current,
expands the range of conditions considered by the models, as variations within a condition
can now be accounted for. Figure 9 depicts the thresholds established for each of the stress
factors across both databases. In all three neural networks, the output of the machine
learning model is multiplied by the hyperbolic tangent of the time in days, divided by two
(this mathematical expression is illustrated in Figures 6–8). This step guarantees that the
capacity loss for a fresh cell is exactly zero, ensuring that after a few days, the model’s
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output aligns with that of the ML model while maintaining a smooth transition between
these two states. The thresholds identified for the databases are presented in Figure 9.

 

Figure 7. Neural network architecture 2 (NN2): the model with an untrained layer.

 

Figure 8. Neural network architecture 3 (NN3): the model with the encoder. The activation functions
of the green layers were the hyperbolic tangent.

Figure 9. The thresholds applied in this study.
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As mentioned above, the three variants of the method first concentrated on using
thresholds to discretize the stress factors, which are real values that change over time. To
achieve this, specific thresholds were established, and models were constructed based on
the time spent by the cell between these thresholds. The aim was to develop a general
model; therefore, the thresholds were not selected based on the distribution of the mea-
surements. You et al. [35] employed a clustering method to delineate their zones, while
other researchers, such as Greenbank et al. [45], used the distribution of the stress factors to
determine the thresholds. Von Bülow et al. selected the thresholds without considering the
distribution of the measurements [39]. In the present study, the thresholds were also chosen
arbitrarily to represent the conditions experienced by the cell. This approach resulted in
the following inputs for the one-dimensional models, where negative currents indicate
discharge currents (see also Figure 5):

1. Age of the cell
2. Time spent by the cell with low SOC:

∫
SOC≤20 dt

3. Time spent by the cell with medium SOC:
∫

20<SOC ≤ 80 dt
4. Time spent by the cell with high SOC:

∫
80<SOC dt

5. Time spent by the cell at a low temperature:
∫

T ≤ 15 dt
6. Time spent by the cell at a medium temperature:

∫
15<T ≤35 dt

7. Time spent by the cell at a high temperature:
∫

35<T dt
8. Time spent by the cell with a high discharge current:

∫
I ≤−1C dt

9. Time spent by the cell with a medium discharge current:
∫
−1C<I ≤−0.1C dt

10. Time spent by the cell with a low discharge current:
∫
−0.1C<I ≤−10−9C dt

11. Time spent by the cell almost in the calendar:
∫
−10−9C<I ≤ 10−9C dt

12. Time spent by the cell with a low charge current:
∫

10−9C<I ≤ 0.1C dt
13. Time spent by the cell with a medium charge current:

∫
0.1C<I ≤ 1C dt

14. Time spent by the cell with a high charge current:
∫

1C<I dt

As an example, the second feature:
∫

SOC≤20 dt corresponds to the time the cell Ha
spent with a SOC below 20%. Features 3 to 14 should be understood in the same way. As
only one parameter is used to build a zone with this method, this data transformation is
referred to as 1D zones. In contrast, the 3D approaches rely on the three stress factors at
the same time, as can be seen in the example below of five features that are used in the 3D
models (see also Figures 5 and 9):

• ∫ t
τ=0 f (τ)dτ where

{
f (τ) = 1 i f T ≤ 15◦C and SOC > 80% and − 10−9C < I ≤ 10−9C
f (τ) = 0 else

• ∫ t
τ=0 f (τ)dτ where

{
f (τ) = 1 i f T > 35◦C and SOC > 80% and − 10−9C < I ≤ 10−9C
f (τ) = 0 else

• ∫ t
τ=0 f (τ)dτ where

{
f (τ) = SOC i f T ≤ 15◦C and SOC > 80% and − 10−9C < I ≤ 10−9C
f (τ) = 0 else

• ∫ t
τ=0 f (τ)dτ where

{
f (τ) = I i f T ≤ 15◦C and SOC ≤ 20% and − 10−9C < I ≤ 10−9C
f (τ) = 0 else

• ∫ t
τ=0 f (τ)dτ where

{
f (τ) = T i f 15◦C < T ≤ 35◦C and 20% < SOC ≤ 80% and 1C < I
f (τ) = 0 else

The ML models illustrated in Figures 6–8 are characterized by their hyperparameters,
which include the number of layers, the number of neurons per layer, or the activation
functions employed. Hyperparameters differ from the weights and biases of the model
because they remain unchanged during the model’s training phase. Numerous techniques
exist to select the set of hyperparameters that yields the best performance on a given
dataset [36]. In the models presented in Section 4, the hyperparameters were selected using
a trial-and-error method, which involved iteratively tuning the model’s hyperparameters.
The other techniques mentioned, like Bayesian optimization or the hyperband, are more
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automatic. Their core idea is to conduct meta-optimization to adapt the hyperparameters
of a model to a given dataset. This is referred to as meta-optimization because it is the
optimization of a process that includes an optimization (in the context of machine learning,
the included optimization mentioned consists of training the models). In this work, the aim
was to propose architectures that are general enough to be used on any database, so they
must be well-adapted to working with several databases. This task would, thus, consist of a
multi-objective meta-optimization problem. Multi-objective optimization often results in a
set of optimal solutions, known as a Pareto set. Having this goal in mind, the trial-and-error
approach was chosen because it enables the authors to see the different optima and choose
the best trade-off, rather than having an automatic method that yields only one optimum.
All models presented in this work were trained and utilized on a Dell Precision 7530 laptop,
which was equipped with an Intel Core i7 8850H CPU. The training durations for these
models were under 10 s, while the calculations of the capacity losses on the training data
took less than 0.2 s for all models. Due to the data augmentation technique implemented
for the autoencoders, their training durations were longer, this being approximately 45 s
for the EVERLASTING dataset and around 25 s for the Bills dataset.

These model architectures and these model inputs could be used to estimate other
battery-aging-related information such as the internal resistance, the remaining useful life,
or even the loss of active materials and the loss of lithium inventory. In the present work,
only the capacity loss was estimated.

4. Results and Discussion

For this section, the models were developed, and their results were then compared
using performance metrics for evaluation. The metrics utilized were the mean absolute
error (MAE), the root mean squared error (RMSE), and the correlation coefficient (R2). Both
the MAE and RMSE were expressed in the same units as capacity loss, shown specifically as
a percentage of initial capacity. The mathematical definitions of these metrics are as follows:

MAE = ∑N
k=1

|yk − ŷk|
N

(11)

RMSE =

√
∑N

k=1
(yk − ŷk)

2

N
(12)

R2 = 1 − ∑N
k=1(yk − ŷk)

2

∑N
k=1(yk − y)2 (13)

where N is the number of Qloss measurements, y is the measured Qloss, ŷ is the estimated
Qloss, and y is the average of all the Qloss measurements on which R2 is calculated. These
metrics are presented for both the training and the testing datasets. The objective was to
develop models that are capable of predicting battery aging under conditions that differ
from those in the training data. Therefore, only the metrics from the test data were utilized
for model comparison.

4.1. Aging Models on the EVERLASTING Dataset

For this section, the performance of the models on the EVERLASTING database was
assessed. The results of the different models are presented in Figures 10 and 11. Figure 10
shows the party plots of the different models. The x-axes of these plots represent the
capacity loss measurements, and the y-axes represent the corresponding capacity loss
estimated by the model. The identity function y = x is represented on the graphs because,
with a perfect model, all points would be on that line. Figure 11 depicts the metrics
associated with each model using the EVERLASTING data. Using this database, the 3D
model with an untrained layer (NN2) outperformed all other models, achieving a value
for R2

test = 0.9. The other two ML models yielded similar results, which were superior to
those of the empirical models. The commercial model was calibrated using the calendar
and constant current data from the training database, as it could not be optimized for
driving profiles. Its results surpassed those of the basic model. As expected, the basic
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model exhibited poor predictive capability; the parity plot revealed horizontal lines where
the model prediction yielded similar values, corresponding to the capacity measurements
taken for cells of similar ages, despite their differing capacity losses. In Figure 10d, the
commercial model shown displayed more test data points than the other figures because the
other models were trained on driving profiles. Given the differing conditions between the
training and the testing sets, the models’ ability to generalize was evaluated. Consequently,
the ML models performed slightly worse on the test data than on the training data, although
their overall performance demonstrates that they effectively captured the degradation of
the cells. The empirical models were more constrained, possessing a predefined aging
profile and fewer degrees of freedom. The authors assume that this explains the slight
improvement observed in the commercial model between the training and testing data.

Figure 10. Parity plots of the capacity loss of (a) the 1D model (NN1), (b) the model with an untrained
layer (NN2), (c) the model with the auto-encoders (NN3), (d) the commercial model, and (e) the basic
model on the EVERLASTING data.

4.2. Aging Models on the Bills Dataset

The models described in Sections 3.2 and 3.3 were implemented on the Bills et al.
database. These models were applied to the dataset using the cells VAH02, VAH10, VAH15,
VAH22, and VAH28 as test data, while the remaining 17 cells served as training data.
The resulting parity plots are presented in Figure 12 and the corresponding performance
metrics are shown in Figure 13. The results indicate that all models exhibited an R2

test
value between 0.92 and 0.96, suggesting similar performance and good approximations
of capacity loss within this database. However, the model utilizing the auto-encoder
performed slightly worse on both the training and test sets compared to the other two
ML models. Although the differences were minor, the NN1 model demonstrated the best
performance on both training and test data. Notably, NN1 was the only ML model for
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which performance did not decrease when generalizing to the test data. In contrast, the
empirical models demonstrated a slight improvement in performance from the training
data to the test data.

Figure 11. Comparison of the performance metrics for the different models on the EVERLASTING database.

All models demonstrated lower performance on the EVERLASTING data compared
to the Bills data. This outcome was to be expected as the EVERLASTING database ex-
hibits greater variability in the graph of Qloss versus time than the Bills database (see
Figures 2 and 4). This variability also explains the similar performance of all models on the
Bills data. Consequently, all models yielded comparable results on a less diverse database,
while the proposed machine learning models achieved better performance on the more
diverse EVERLASTING dataset. This suggests that the machine learning models possess a
superior ability to capture battery degradation performance.
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Figure 12. Parity plots of the capacity loss of (a) the 1D model (NN1), (b) the model with an untrained
layer (NN2), (c) the model with the auto-encoders (NN3), (d) the commercial model, and (e) the basic
model on the Bills data.

Figure 13. Histogram of the performances of the models on the Bills dataset.
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4.3. Overall Comparison of the Models

A metric can be derived from the results obtained from the test data in both databases.
This metric is the total RMSE. The definition of this metric RMSEtot, and its relationship
with the previously mentioned RMSE is shown in the equations:

RMSEtot =

√
∑all test measurements(y − ŷ)2

Ntot
(14)

RMSEtot =

√
∑Bills test(y − ŷ)2 + ∑EVERLASTING test(y − ŷ)2

Ntot
(15)

RMSEtot =

√
RMSE2

1 × N1 + RMSE2
2 × N2

N1 + N2
(16)

In these equations, y is the measured Qloss, ŷ is the estimated Qloss, Ntot is the total
number of capacity losses considered, RMSE1 is the RMSE of the test data from Bills,
RMSE2 is the RMSE of the test data from EVERLASTING, N1 is the number of capacity
losses in the test data from Bills, N2 is the number of capacity losses in the test data
from EVERLASTING.

When applied to a model, this metric corresponds to the precision of the model
in every instance where it has been tested. This overall score of the model enables its
comparison. Figure 14 shows a comparison of the five models considered in this study. In
the figure, it can be observed that the best-ranking model is the model with the untrained
layer (NN2), inspired by extreme learning, closely followed by the 1D model (NN1). The
3D model involving the autoencoder (NN3) is less accurate, although it is more accurate
than the commercial model. The basic model is ranked last.

Figure 14. Overall model comparison.

A possible explanation for the results obtained from each of the proposed machine
learning models is that the 3D inputs contain more information relevant to understanding
battery aging than the 1D inputs. This discrepancy may account for the superior per-
formance of NN2 compared to NN1, particularly since 1D inputs can be derived from
3D inputs, while the reverse is not feasible. To explain the lower performance of NN3,
one hypothesis is that the significant variance in the aging data shared by the encoder
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with the network is because it does not include all the information from the 3D inputs
related to capacity loss, nor does it include all the information used in NN2 to calculate the
capacity loss. Another potential explanation is that this variance is compressed into too
few variables, preventing the network following the encoder from accurately interpreting
the information drawn from the latent space.

5. Conclusions

In conclusion, three machine learning frameworks were presented and applied to two
distinct datasets. When used without modifications, these frameworks delivered good
results and demonstrated robustness, highlighting their reliability. The proposed models
outperformed the commercial model on the EVERLASTING dataset. In contrast, all models
exhibited similar performances on the Bills dataset. When calculating the overall RMSE
across all test data points from both databases, the one-dimensional model and the model
inspired by an extreme learning machine performed best, followed by the other 3D model,
which outperformed the two existing methods: the commercial model and the basic model.
The basic model had the largest overall error.

The proposed method for constructing zones in the battery’s stress factor space con-
siders the integral over time of several functions as the inputs for machine learning models
to predict battery degradation. This method has been validated on two databases, using
the same thresholds to separate the stress factors. Such general approaches have not been
applied to these datasets in the existing literature. In addition, novel features were incorpo-
rated, autoencoders were utilized, and the obtained results were compared with those of
existing models, which activity distinguishes this work from previous studies. The datasets
included various temperatures and aging profiles, such as calendar aging, constant current
cycling data, and profiles inspired by real-world scenarios, including driving profiles and
eVTOL missions. The proposed ML approaches yielded competitive or superior results
compared to the commercial model on both datasets, demonstrating their versatility.

Several perspectives can be considered for this work. These include predicting the
increase in internal resistance of the cells, assessing the loss of active material at each elec-
trode, as well as the loss of lithium inventory, alongside capacity loss. All these assessments
utilize the same model inputs and architectures. Additionally, another perspective is to
compare multilayer perceptrons with recurrent neural networks.
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Abstract: This article presents the results of the Febal project, where the aim was to parametrize a
stress-factor-based ageing model for Lithium-ion batteries using operation data of an electric fleet.
Contrary to state-of-the-art methods, this approach does not rely on laboratory ageing tests only.
Instead, a novel physics-informed learning procedure is used to combine the accuracy and flexibility
of data-driven approaches with the extrapolation properties of physical models. The ageing model
is parameterized in a two-stage process. In order to cover data ranges not present in operation, a
laboratory ageing test campaign is used as a baseline. In the second stage, transfer learning is used to
adjust a subset of the model parameters to fit data of different cells. This approach is not only applied
to laboratory measurements but also validated by a series of capacity checkup tests performed with a
fleet of electric vehicles. Results show the improved state-of-health (SOH) prediction of the proposed
model parameterization method.

Keywords: field data; informed neural network; battery ageing

1. Introduction

The performance degradation of lithium-ion cells, especially within the context of
automotive applications, poses significant challenges that are closely studied by both
researchers and industry stakeholders. Accurate prediction of the ageing behaviour of
lithium-ion batteries is essential for improving the performance, safety, and longevity
of electric vehicles (EVs). As such, numerous research efforts have been dedicated to
understanding and modelling the factors that contribute to battery degradation over time.
The prediction of the ageing behaviour of lithium-ion batteries is addressed in various
research activities, an overview of which is given in [1]. Most of these studies deal with
laboratory data and often focus on specific ageing effects. Semi-empirical functions are
commonly used to fit ageing test data. A comprehensive overview of empirical ageing
models can be found in [2,3]. The generalization of these models and the application to
other cell types is studied in [4]. As a result, it can be stated that the optimal model structure
depends on cell type as well as on the operation profile.

Recently, the detailed investigation of ageing modes has gained a lot of attention in
research [5–8], where attempts to estimate cell intrinsic/physical states are carried out. This
leads to deeper understanding of ageing states and enhances ageing prediction. Neural
networks have also proven to be effective in several state-of-health (SOH) prediction
scenarios. In [9], a combination of a convolution neural network (CNN) and a long
short-term memory (LSTM) neural network is used to predict accelerated ageing. In [10],
the application of bidirectional LSTM networks for capacity prediction is analysed.

Regardless of the model approach, comprehensive datasets of aged batteries under
various operation conditions are needed for accurate parameterization. In [11], an overview
of the design of an experiment as well as its application to experimental battery ageing
investigation is given. Based on the presented theory, several ageing test campaigns are also
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evaluated. Unfortunately, open public datasets are very rare (in [12] an overview of available
datasets is given). The transferability of laboratory experiments to field data is stated as one
of the key challenges in battery state estimation in [13]. On the one hand, some causes of
ageing that are relevant in practice, such as mechanical stress and imbalances in cells, have
not been adequately investigated in the laboratory [14]. On the other hand, some conditions
(e.g., extreme temperature effects) rarely occur in field data and should therefore be tested in
the laboratory instead. In order to parameterize ageing models from multiple data sources
or to apply models to other cell types, transfer learning methods can be used. An overview
of the recent progress in battery state estimation using transfer learning is provided in [15].
In [16], transfer learning is used for calendric ageing prediction of different cell types. In [17],
a cycle synchronization method is proposed in order to transfer ageing state information
between cells. Most of the recent studies still focus on laboratory data only. In [18], a neural
network model is trained with data derived from an operation. In [19], SOH estimation is
performed using datasets from various electric vehicles. However, the combination of field
and laboratory data is barely investigated in the literature.

In this article, a novel hybrid learning approach, developed within the Febal project [20],
is proposed in order to make optimal use of both data sources, laboratory data and operational
data. Herein, aspects from physics-informed neural networks as well as from transfer learning
are combined (see Section 2.2.1). An empirical ageing model analogous to [21] is coupled to a
feedforward neural network to enhance prediction accuracy (see Section 2.2). The aim is to
guarantee good extrapolation properties while also preserving the flexibility and prediction
accuracy of neural networks. A fleet of electric buses was monitored by us for several
years and checked using regular capacity tests. The data were transferred in a specifically
designed monitoring system. Furthermore, laboratory ageing tests of cells with similar cell
chemistry were analysed in our lab facility (see Section 2.1). Our approach estimates stress
maps, mapping operation conditions to ageing effects using laboratory data (see Section 2.3.1).
Customized transfer learning approaches are thereafter applied to predict the ageing of other
cell chemistries (see Section 3.2) and the electric vehicle fleet (see Section 3.3). The results
show the superiority of the proposed hybrid model approach to commonly used empirical
relationships and highlights the opportunities of using field data for model parameterization.

2. Materials and Methods

2.1. Datasets

The four datasets summarized in Table 1 are used in this study. There are three labora-
tory ageing campaigns and a dataset recorded from a fleet of electrical buses. The laboratory
ageing data primarily consist of constant current experiments under fixed conditions. This
means temperature, SOC range, and current rates are kept fixed. In the field data, these
values are inherently dynamic. Another difference is the number of conducted checkup
tests. Whereas in laboratory tests all cells are regularly examined in dedicated checkup
tests, this cannot be realized in real electric vehicle fleets due to high investment of time
and effort. Here, only some vehicles have undergone a dedicated charge and discharge
procedure from which “ground truth” capacity values can be determined.

Exemplary checkup results of the calendric experiments of the Sony campaign are
shown in Figure 1. The decline in capacity follows the same qualitative square-root-like
pattern but with different ageing rates. In the other laboratory campaigns, linear ageing
trends are also observed.

Figure 2 shows the range of important battery parameters for each bus of the entire
bus fleet. It can be seen that the usage profiles are quite similar. Thermal management
keeps the cells at comfortable temperatures during most of the operation phase, with some
outliers at the start or during fast charging. The range of the SOC is also very similar. Buses
are operated above 60% SOC most of the time. Charge rate and monthly full cycles differ
based on the used charging station and driven route.
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Table 1. Summary of the used datasets.

Name Source
Operation Conditions

of the Cell
Number of

Cells/Vehicles

Sony TUM [22]
• 5 °C–60 °C
• SOC: 5–100% 97

batteries 2020 EU project [23] • 25 °C–45 °C
• SOC: 20–100% 146

Kokam IVI (internal,
unpublished)

• 10 °C–40 °C
• SOC: 25–100% 28

vehicle fleet transportation company • 25 °C–30 °C
• SOC: 40–100%

38

Figure 1. Determined capacities during calendric experiments of the Sony ageing test campaign as a
function of time since beginning of testing (BOT).

Figure 2. Usage profile of the buses of the fleet. Each entry represents one bus. The second top plot
shows the mean monthly full cycles. The plot below indicates the distribution of temperature and
SOC. The bottom plot shows the current range during operation as well as during charging.
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2.2. Ageing Model Structure

The aim of the ageing model is the prediction of capacity fade (and resistance in-
crease) under various operation conditions. State-of-the-art approaches include simple Ah
counting up to physical modelling of ageing phenomena. An overview of degradation
mechanisms and prediction algorithms is presented in [24].

Since the ageing behaviour depends strongly on the cell used and the operating
conditions, the models must be parameterized on the basis of ageing tests. So far, only
laboratory data have been used for this task. To accomplish this, a suitable model structure
is necessary. An approach based on stress maps as proposed in [3] is used here. These types
of models are also refereed to as weighted Ah models [25]. The resulting model structure is
sketched in Figure 3.

Figure 3. Structure of prediction model.

The ageing model consists of three submodels. The inputs and outputs are listed in
Table 2. The parameters that can be trained depend on the approach used and are explained
in more detail in the corresponding Sections 2.2.1 and 2.2.2.

Table 2. Inputs and outputs of the submodels.

Submodel Inputs Output Trainable Parameter

calendric stress model x = [soc, T] y = β
weights Θβ or parameter
p9, . . . , p13

cyclic stress model x = [T, dod, I] y = α
weights Θα or parameter
p0, . . . , p8

ageing curve model x = [wq, wt] y = c lq and lt

The main equations are as follows:

wq(t) =
1

2Cnom

∫ t

t0

α(I(t′), T(t′), dod(t′))|I(t′)|dt′ (1)

wt(t) =
1
Sy

∫ t

t0

β(soc(t′), T(t′))dt′ (2)

c(t) = fac(wq(t), wt(t)) = c0 − (c0 − ceol) ·
⎛⎝√wq(t)

lq
+

√
wt(t)

lt

⎞⎠ (3)

The value α describes the stress level of the operation during usage. It is used as
a weighting factor for the charge throughput. The input dependencies are restricted to
depth of discharge (DOD), temperature, and current. SOC is not used as an input due to
complications in the parametrization process (see Section 2.3.1) and empirical observations.
Analogue β indicates the calendric stress level. Integration of α and β over time using
Equations (1)–(3) results in the weighted equivalent full cycles wq and the weighted lifetime
wt, respectively. The factor 2Cnom is used for scaling to full cycles and the factor Sy is used
for scaling to years.

The ageing curve fac is used to calculate the predicted capacity from these values. Here,
a square-root ageing behaviour is assumed, as the checkup results (see Figure 1) indicate.
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ceol is the capacity at end of life, which is typically set to 80% of the initial capacity c0. lq
is the cycle life in equivalent full cycles and lt the calendric lifetime in years. The ageing
curve depends heavily on the cell chemistry and must therefore be adapted. As explained
in Section 2.3.3, transfer learning is used for this purpose.

The crucial point is the calculation of the cyclical and calendar stress factors. Various
approaches are used in this thesis, including both a function-based model and a neural
network. Details of these models are described in the following Sections 2.2.1 and 2.2.2.
These two models are coupled using the approach described in Section 2.3.2. The resulting
ageing model is referred to as a “coupled neural network” in this article.

In Section 3.3, a simple equal stress model is also used for benchmark purposes. Stress
factors α and β are set to one regardless of operation conditions in this model. As the
focus is on capacity estimation, the ageing models are limited to the prediction of capacity.
However, they can be extended to predict resistance values.

2.2.1. Function-Based Stress Model

This model uses known functional relationships between the stress factors α and
β and operation features (SOC, temperature, dod, and current rate). For temperature,
the Arrhenius law is used. Depth of discharge as well as state of charge are modelled
using a linear function. Piecewise linear interpolation is used for the current. The vector
I = (I0, . . . , I4) is used to specify the grid points. I0 is the maximal discharge current and
I4 the maximal charge current. Using these values, differences between charge (positive
current) and discharge (negative current) as well as the absolute value of the current are
taken into account.

αT(T) = p0 + p1ep2T (4)

αdod(dod) = p2 + p3 · dod (5)

αI(I) =

⎧⎪⎨⎪⎩
p4 +

p5−p4
I1−I0

· (I − I0) I0 < I ≤ I1

· · ·
p7 +

p8−p7
I4−I3

· (I − I3) I3 < I ≤ 4

(6)

βT(T) = p9 + p10ep11T (7)

βsoc(soc) = p12 + p13 · soc (8)

The model contains a total of 14 parameters, which are combined to form the vector
p = (p0, . . . , p13). The resulting cyclic and calendric stress are obtained by multiplying the
single stress factors (as proposed in [26]):

α(T, dod, I) = αT(T) · αdod(dod) · αI(I)

β(T, soc) = βT(T) · βsoc(soc) (9)

2.2.2. Neural Network Stress Model

Two feedforward neural networks (FFNNs) are used to obtain calendric and cyclic
stress factors from input features x = [T, dod, I]. The network structure is sketched in
Figure 4.

A similar neural network is used to predict the calendric stress value β. This means
functions (9) are replaced by

α(T, dod, I) = fα(T, dod, I; Θα)

β(T, soc) = fβ(soc, T; Θβ) (10)

Here, Θα and Θβ represent the weights of the two FFNNs. Since there are only
a few input features and no exotic inter-dependencies, the network should be able to
capture the information obtained from the given ageing test data. In order to guarantee
positive stress values, activity regularization is used. Due to its superior mathematical
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properties, including differentiability, boundness, stationarity, and smoothness, the GELU
activation function was used (see [27]). Information about thee number of nodes and
further hyperparameters is given in Table 3.

Figure 4. Structure of FFNN for cyclic stress value α. The number of nodes in each layer, the activation
function, and further hyperparameters are listed in Table 3.

Table 3. Hyperparameters of the neural networks.

Parameter Description Value

ncal number of nodes in each layer of the calendric stress neural network [5, 5]
ncyc number of nodes in each layer of cyclic stress neural network [8, 8]
a activation function GELU
λnonneg regularization constant for positive output values 1.0

2.3. Parametrization of Ageing Models
2.3.1. Using Laboratory Measurements

Since operation conditions are kept constant within the experiments, Equation (1)
simplifies to

c(T, soc, dod, Ic, Id, aq, at) = c0 − (c0 − ceol)

(√
aq

lq
·
√

α(Ic, T, dod) + α(Id, T, dod)
2

+

√
at
lt

√
β(soc, T)

)
(11)

at =
t

Sy
(12)

aq =
t

2Cnom

∫
|I|dt =

t
2Cnom

· Ic + |Id|
2

(13)

Here, aq denotes the (unweighted) equivalent full cycles and at the lifetime of the
battery. It must also be emphasized that operation conditions are kept fixed; this is obvi-
ously not possible for SOC and current during cyclic experiments. This must be considered
within the integration. Degradation effects during charging and discharging are superim-
posed. Hence, the charging current Ic as well as the discharge current Id appear in the final
Equation (11). SOC changes linearly with time in cyclic experiments. Nevertheless, analyti-
cal integration can be challenging if complex SOC dependencies are considered. In addition
to empirical observations, this is one reason why the SOC is only taken into account for
calendric ageing. Furthermore, a linear function is used (see Equation (8)). The solution
of the integral therefore leads to the use of the mean SOC (soc) in the calculation of the
calendric stress factor.
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These calculations and considerations lead to a fairly simple equation for predicting
the capacity from ageing test experiments. All integrations are solved analytically, which is
a great benefit for subsequent parameter optimization. Nevertheless, the equation is valid
for cyclic and calendar tests, allowing both stress models to be parameterized together.
There is no need for a two-stage fitting approach (first calendar ageing and then cyclic
ageing), which is commonly performed.

From Equation (11), it can be seen that there is a degree of freedom in determining the
calendar and cycle life parameters lq and lt (multiplying lt as well as β with same factor
will not change the predicted capacity). This is used to specify reference conditions for
which β(socr, Tr) = 1 and α(Ir, Tr, dodr) = 1 hold. The used reference conditions are listed
in Table 4.

Table 4. Reference conditions.

Parameter Value

socr 0.8
Tr 25 °C
dod 0.3
Ir −0.5

2.3.2. Coupling of Function-Based Model and Neural Network

Neural networks or even lookup tables have great potential in accurately predicting
stress map functions α and β. However, a large number of experiments/cells would be
needed to ensure good extrapolation behaviour.

With physics-informed neural networks, a similar problem is tackled [28]. Neural
networks are combined with physical equations to gain good extrapolation properties but
still preserve good fit capability to data. Therefore, the presented functional stress model
is coupled with the feedforward neural networks presented in Section 2.2.2. Instead of
only considering the deviation of Jdata from training data, a second term is added to the
loss function J. This term describes the deviation between the two models at specified
collocation points. These collocation points span a dense grid of conditions where neural
networks will predict valid results. In summary, the following four vectors are involved in
the calculation of the cost function:

• ct,m: capacities obtained during checkup tests;
• ct,nn: capacities predicted by neural networks under experiment conditions;
• ccol,em: capacities predicted by an empirical model for collocation points;
• ccol,nn: capacities predicted by neural networks for collocation points.

And the used loss function reads as follows:

J(ct,m, ct,nn, ccol,em, ccol,nn) = Jdata(ct,m, ct,em) + λpinn · Jcol(ccol,em, ccol,nn) (14)

The second term Jcol describes the deviation of the neural network from the functional
model output at collocation points ccol,em. Through minimizing this loss function, a good
fit to training data as well as good extrapolation behaviour is obtained. Jcol basically serves
as a regularization term that couples the functional model with the neural network and
prevents overfitting.

As usual, the mean squared error is used for both loss functions. For Jdata, the sum of
overall training points is taken; for Jcol , collocation points are used.

The Tensorflow framework is used to create and train the ageing model, including the
collocation loss term. The established Adam algorithm (see [29]) is used for optimization.

2.3.3. Transfer Learning

Transfer learning (TL) is used if a model exists for a general task, but needs to be
adapted to a specific application. Here, it is assumed that the stress level is the same for
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different cells. However, both the cycle and calender lifetimes as well as the ageing charac-
teristics (linear or quadratic ageing) differ considerably between different cell chemistries.
To take this into account, the ageing curve of the model is fitted to the cell under con-
sideration. If laboratory ageing tests are available, the same procedure as described in
Section 2.3.1 (but with fixed stress map weights) can be used.

The situation is somewhat different when field data are used for this purpose. Here,
the operating conditions such as temperature and current are not kept constant, but change
rapidly. Hence, the integral in Equation (1) does not vanish and must be calculated using
numerical approaches. To speed this up, histogram-based methods (see [30]) are used.
As a result, weighted full cycles wq,i and weighted lifetime values wt,i are obtained at each
checkup position. They can be used as input values to fit the ageing curve parameters lq
and lt by minimizing

N

∑
i

(
fac(wq,i, wt,i; lq, lt)− ci

)2 → min (15)

Here, ci are the estimated capacities from the checkup tests.

3. Results

3.1. Estimated Stressmaps

In this section, the resulting stress maps for the presented model structures are dis-
cussed. The Figures 5–7 show the fit results for the calendric model part. It can be seen
that the function model is suitable for extrapolation, whereas the neural network gives
unreasonable values at conditions not covered by ageing tests.

Figure 5. Calendric stress map obtained from function-based model. The values are sensible and
allow good extrapolation over the whole temperature and SOC range.

Figure 8 compares the prediction results of the three models. As expected, the neural
network produces the lowest prediction error. On the other hand, extrapolation perfor-
mance for unobserved data is poor. One indicator for this is the smoothness of the stress
map, defined as the inverse of the integral of the hessian (see [31]):

S(β) =
1∫ ∂β(soc,T)

∂soc∂T dsocdT
(16)

Low values of this metric indicate a rugged stress map and potential overfitting. Thus,
extrapolation performance will also be poor in general. A summary of RMSE as well as
smoothness is given in Table 5. The coupled neural network is a compromise between the
function-based model and the neural network: it offers good extrapolation properties and
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good prediction accuracy. For the cyclic part, the deviation between the function model
and coupled neural network is larger (see Appendix A). That indicates that the coupled
approach significantly increases the prediction accuracy compared to the functional model.

Figure 6. Calendric stress map obtained from neural network. Main trends and relationships are
as expected. However, for some operating conditions (e.g., at a temperature of 0 °C) for which no
experiments were carried out, the values are not meaningful. Therefore, the stress map is not suitable
for extrapolation to conditions that are not included in the training dataset.

Figure 7. Calendric stressmap obtained from coupled model. There are only slight deviations from
the function-based model. This means that this model is already capable of modelling calendric
ageing with good accuracy.

Table 5. Capacity prediction error for training data and smoothness metric for stress maps.

Model RMSE Max Error
Stressmap

Smoothness

function-based model 5.4% 19.1% 9.5
neural network 2.3% 11.1% 0.3
coupled neural network 4.5% 16.9% 0.9
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Figure 8. (left) Prediction results of the three models for the used training dataset plotted against the
target checkup test capacities. (right) Box plot of prediction error.

3.2. Application to Other Cell Chemistries

In order to validate the generalization properties of the estimated stress map, it was
applied to the laboratory ageing test campaigns listed in Table 1. Here, dedicated capacity
checkup tests were performed at regular intervals.

In the first step, the ageing model was parameterized using the Sony dataset and
applied to the batteries 2020 and the Kokam ageing test campaigns (see Section 2.1).
As described in Section 2.3.3, the cycle life and calendar life parameters of the ageing
curve model were adjusted before predicting the capacity. The result is shown in Figure 9.
The standard deviation of the prediction error (summarized in Table 6) is around 5% for
both ageing test campaigns and within the same magnitude as for the training dataset.
This confirms the analysis performed in [32], which states that general ageing effects can
be transferred between cell chemistries.

Table 6. Capacity prediction error for investigated measurement campaigns.

Campaign RMSE Max Error

Sony (training dataset) 4.5% 16.9%
Kokam 5.3% 14.3%
batteries 2020 5.0% 10.8%

Figure 9. Plot of determined capacity at checkups compared to the prediction of the coupled neural
network. Prediction error is slightly higher than on training dataset (see Figure 8).
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3.3. Application to Electric Vehicle Fleet

The capacities for the field data checkups were predicted as outlined in Section 2.3.3.
As a benchmark, two further prediction methods were applied. In summary, the following
algorithms are compared:

• Equal stress model: instead of using stress maps to evaluate the operation conditions,
only the pure lifetime at and equivalent full cycles aq are used.

• Coupled neural network without transfer learning: the coupled neural network
without adjustment to field data checkup tests is used. This means that the transfer
learning step is skipped.

• Coupled neural network with transfer learning: the coupled neural network with
adjustment to field data checkup tests is used.

The results are shown in Figure 10 and summarized in Table 7. It can be seen that
the coupled neural network is superior to the equal stress model. The use of transfer
learning to adapt to the different cell chemistries improves the estimation. Whereas the
other models overestimate the capacity fade, the prediction errors are distributed around
zero for this approach.

Figure 10. Plot of measured capacity at checkups compared to the predicted capacity using three
different approaches. Field-data-tuned stress map provides lowest prediction error.

Table 7. Capacity prediction error for electric vehicle fleet.

Campaign RMSE Max Error

equal stress model 7.1% 9.9%
coupled neural network without TL 4.8% 7.0%
coupled neural network with TL 1.2% 2.5%

4. Discussion

Previous publications have investigated the transferability of ageing models between
cell chemistries on the basis of laboratory data. This study extends this approach, as it
shows how laboratory ageing test data may be combined with field data in order to improve
capacity prediction and thereby the end-of-life prognosis of Li-ion batteries. Validation was
enabled by conducting reference tests on multiple vehicles of an electric fleet.

The usage of neural networks coupled to function-based models was applied to create
accurate but also reliable stress maps. In particular, extrapolation outside the–often sparse–
ageing test data is ensured. Transfer learning techniques were used to adapt cell-specific
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ageing characteristics. The transfer of general, extensively studied ageing effects from
laboratory measurements to field data have proven to be feasible.

Future work should extend the usage of field data. For instance, SOH estimations
could be used instead of time- and cost-intensive checkup tests.
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Appendix A

Figure A1. Cyclic stress map obtained from function-based model.
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Figure A2. Cyclic stress map obtained from neural network.

Figure A3. Cyclic stress map obtained from coupled model.
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Abstract: This paper presents data-driven impedance-based state of health (SOH) estima-
tion for commercial lithium-ion batteries across an SOH range of ~96% to ~60%. Battery
health indicators at the transition frequency of the battery impedance Nyquist plot are
utilized to develop an SOH estimator based on an artificial neural network (ANN). In
addition, two more ANN-based SOH estimators utilizing some impedance magnitude
and phase values are developed. Spearman correlation analysis is utilized to identify
the frequency points at which the impedance magnitude and phase values show strong
correlations with SOH values and are thus utilized as SOH indicators. The performance
evaluation of the developed SOH estimators shows that the maximum root mean square
error (RMSE) is equal to 1.39%, the maximum mean absolute error (MAE) is equal to 1.25%,
the maximum mean absolute percentage error (MAPE) is equal to 1.55%, and the minimum
coefficient of determination (R2) is equal to 0.983.

Keywords: artificial neural network; battery; correlation analysis; impedance; state of
health estimation; machine learning; electrochemical impedance spectroscopy; magnitude;
phase; Nyquist; transition frequency

1. Introduction

Lithium-ion batteries have been widely adopted across a range of applications, from
electric vehicles (EVs) to consumer electronics, owing to several advantages such as high
energy density and low internal discharge [1]. To meet the increasing performance require-
ments of battery packs, developing advanced battery management systems (BMS) has
become an essential step. One of the most important BMS functions is the state of health
(SOH) estimation [2–6]. Battery SOH estimation is crucial in prolonging the lifetime of
battery systems and maintaining their safety. SOH estimation is utilized in monitoring the
health of the battery, suggesting better battery charging and discharging strategies, and
triggering protection functions to avoid battery failures. Recently, SOH estimation gained
more attention in second-use (i.e., retired) battery applications. In such applications, SOH
estimation is essential for the safe and efficient utilization of second-use batteries [7–9].

Battery aging (i.e., health deterioration) causes include, but are not limited to, high/low
temperature outside normal range, over/under voltage, and mechanical stress [10]. Battery
aging types can be classified into calendar aging and cyclic aging [10]. Calendar aging is
due to side reactions while the battery is not in use, whereas cyclic aging is due to repeated
battery charging and discharging (cycling). Several mechanisms govern battery aging, such
as solid electrolyte interface (SEI) formation and thickening, cathode electrolyte interface

Batteries 2025, 11, 133 https://doi.org/10.3390/batteries11040133
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(CEI) formation, lithium plating, and binder decomposition [11]. Generally, battery health
degradation appears as power fade and capacity fade. In terms of capacity fade, the SOH
value for a battery can be defined as the ratio between the available capacity Qavailable and
the nominal capacity Qnominal as expressed in (1):

SOH = Qavailable/Qnominal (1)

where the available capacity Qavailable is the amount of charge that a fully charged battery
can provide when the battery is discharged to its minimum voltage, where Qnominal is
provided by the manufacturer.

Many SOH estimation techniques were proposed in the literature with various classifi-
cations [5,6,9,12–17]. The classifications are based on different factors such as the variables
needed to estimate the SOH, the need for direct measurement, and whether circuit and/or
physical models are utilized or not. Generally, SOH estimation techniques can be classi-
fied into experimental techniques and model-based techniques, as illustrated in Figure 1.
The white boxes at the bottom of Figure 1 include examples for each SOH estimation
category/subcategory.

Figure 1. SOH estimation techniques.

Experimental techniques can be direct or indirect. Examples of direct techniques
include utilizing the internal resistance and Coulomb counting to estimate the SOH. The
internal resistance is affected by battery aging in such a way that its value increases as the
battery ages (i.e., as the SOH value decreases) [18]. The current pulse method [19,20] is
usually utilized to estimate the internal resistance. However, the internal resistance of a
battery is a function of various factors such as temperature and state of charge (SOC) [21,22].
The Coulomb counting method is based on counting the Ampere-Hour (Ah) during battery
discharging and charging. The Ah amount supplied/accepted by the battery during
discharging/charging changes as the battery ages [3]. Despite its simplicity, the Coulomb
counting method suffers from sensing error accumulation [23].

Incremental capacity (i.e., the derivative of the accumulated capacity during a
charge/discharge process with respect to voltage, referred to as “IC”) and differential
voltage (dV) analyses utilize the relationship between the incremental capacity and the bat-
tery voltage to indirectly identify aging patterns and estimate the SOH value; for example,
by utilizing the peaks in the voltage–IC curves [24,25].

Model-based techniques utilize various models to estimate the SOH value of a battery,
and they are classified into adaptive and data-driven techniques. Adaptive SOH techniques
are capable of adjusting and updating their parameters based on data obtained from real-
time operation. Some examples of adaptive techniques include the Kalman filter [26–28]
and particle filter [29–31].
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Data-driven SOH estimation techniques have gained more interest over the past
decade, especially with the advancements in computation capabilities. Without a need to
know the underlying aging mechanisms, data-driven techniques capture aging patterns
and extract features from battery historical data [3,32,33].

SOH estimation based on the battery impedance has drawn attention in the literature
due to its speed and ability to reflect the battery’s internal electrochemical processes [33,34].
Generally, SOH features are extracted from the impedance curves (the impedance magni-
tude, phase, and Nyquist). Utilizing battery impedance for SOH estimation might fall into
one of the following three categories:

(1) Utilizing a broadband EIS curve to estimate the SOH value. The authors in [35]
utilized the entire EIS curve of 60 frequency points (120 points of 60 real impedance
values and 60 imaginary impedance values) to predict the SOH. However, this study
was for 45 mAh coin cell batteries. Also, utilizing a high-dimensional input increases
the computational cost.

(2) Identifying specific points from the impedance curves to be utilized as SOH features:

a. Fixed-frequency impedance points: impedance values at specific frequencies
are identified to have a strong correlation with the SOH value, such as the
impedance magnitude at 1 kHz [36] and 316 Hz [37]; impedance real part at
0.1 Hz [38]; and the impedance imaginary part at 17.8 Hz and 2.16 Hz [35].

b. Non-fixed frequency points: features are identified from the pattern at which
the impedance curves change at different SOH values, such as the minimum
impedance magnitude [39], the impedance magnitude when the impedance
phase is equal to 0◦ [33], and the value of the frequency at which the impedance
phase is equal to 0◦ [40].

c. Features from the Nyquist plot (the plot of the impedance real part against the
impedance imaginary part): By studying how Nyquist plots change with SOH,
various features can be extracted to be utilized for SOH estimation. For exam-
ple, at the Nyquist plot’s peak point, the impedance real part, the impedance
imaginary part, and the impedance vector amplitude were utilized for SOH
estimation in [21].

d. Features from the phase–magnitude plot: Another way to look at the battery’s
impedance spectrum is to plot the phase against the magnitude [34]. From
the phase–magnitude plot, some SOH features can be obtained, such as the
differential impedance magnitude, which is the difference in the impedance
magnitude at the valley and peak of the phase–magnitude plot [34].

(3) Fitting the EIS curve to obtain values for the equivalent circuit model (ECM) pa-
rameters. For example, the EIS curve can be fit to obtain values for solid elec-
trolyte interphase (SEI) resistance [41,42], diffusion constant phase elements [43],
and charge transfer resistance [44]. The change in the ECM parameters is utilized for
SOH estimation.

This paper contributes to different categories of those mentioned above by presenting
different SOH estimators. First, an SOH estimator is developed based on the battery’s real
and imaginary impedance parts at the transition frequency within the impedance Nyquist
plot (contributing to category 2.c from the categories above). Second, this paper contributes
to category 2.a from the categories above by presenting two more SOH estimators: one
utilizing features extracted from the impedance magnitude curve, and another utilizing
features extracted from the impedance phase curve (that is not common in the literature). A
correlation analysis is carried out to identify the frequency points at which the impedance
magnitude and phase are utilized as indicators for SOH estimation. The performance
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of the developed SOH estimators is evaluated along with some insights. The batteries
used in this paper were deeply aged to a highly deteriorated SOH value (~60%), which
fills a gap in the literature for EIS data of batteries under deep degradation levels. The
remainder of this paper is organized as follows: Section 2 introduces the battery aging and
data collection protocol followed to obtain aging data needed for SOH estimation model
training and testing. Section 3 presents the proposed SOH indicators for each estimator.
Section 4 presents a correlation analysis to identify the key frequency range (or points) for
impedance points (magnitude and phase) to be used in SOH estimators. Section 5 presents
the SOH estimation model and its accuracy evaluation. Finally, the conclusions are drawn
in Section 6.

2. Battery Aging and Data Collection Protocol

Three commercial LG INR18650 3500 mAh battery cells (by LG Chem Ltd., Seoul,
Republic of Korea) [45] were cycled/aged in the laboratory according to the aging protocol
shown in Figure 2.

V V

V V

I I

V

V

I

Battery discharging

Battery charging

V

Figure 2. Battery aging and EIS data collection flowchart.

The main manufacturer’s specifications for the cycled battery cells are listed in
Table 1 [45]. Before cycling the battery cells, the initial capacity of each battery cell is
calibrated using the Coulomb counting method by fully discharging the battery. Also,
the EIS curve is measured for each battery cell to obtain the SOH features at the initial
capacity level (the initial SOH value). Then, each battery cell undergoes a cycling process in
which the battery cell is repeatedly discharged and charged. The battery cell is discharged
at ~1 C (3.4 A). The battery cell discharging operation is utilized to measure the battery
capacity at each cycle using the Coulomb counting method by integrating the battery
discharge current over time during the discharging operation in each cycle. Battery cell
charging starts with constant current (CC) charging mode in which the charging current is
regulated at ~1 C (3.4 A). Once the battery cell voltage reaches the maximum value (i.e.,
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4.2 V for the battery cells used in this paper), the constant voltage (CV) charging mode
starts by regulating the battery voltage at 4.2 V until the battery current drops below the
charging end current Iend (0.05 A for the battery cells used in this paper). The battery
cell is rested for 30 min after each discharge operation and after each charge operation.
The battery cells were cycled at room temperature (~23 ◦C) with a relative humidity in
the range of 40–60%. Battery cell cycling and EIS measurements were carried out using
the Squidstat Cycler—Base Model from Admiral Instruments (main specifications include
24-bit resolution Analog-to-Digital Converter “ADC”, 320 nV minimum voltage resolution,
69.75 nA minimum current resolution, ≤0.5% Ω impedance magnitude accuracy, and ≤0.1◦

impedance phase offset [46]. The impedance spectrum curve is measured after every cycle.
After the battery is fully charged, the battery is rested for 30 min before taking the EIS
measurement. Several studies in the literature discussed the effect of resting time before
taking EIS measurements. Essentially, the resting time should be selected such that the
battery is allowed to recover and “relax” after the charging/discharging operation in order
to obtain valid and consistent EIS measurements [47–49]. The frequency range for the
EIS measurement is 10 kHz to 0.01 Hz with 10 points per decade, which results in 61
frequency points in total. The data collected during battery aging are used to train and
test the artificial neural network (ANN)-based SOH estimators (presented in Section 5).
Figure 3 shows the SOH value of each battery versus the number of cycles.

Table 1. Main manufacturer’s specifications for LG INR18650MJ1-3.5Ah battery cell [45].

Nominal capacity C 3.5 Ah

Nominal voltage Vnom 3.635 V

Minimum voltage Vmin 2.50 V

Maximum voltage Vmax 4.2 V

Maximum charging current 3.4 A

Charing end current Iend 0.05 A

Figure 3. SOH vs. number of cycles.

3. SOH Indicators from the Electrochemical Impedance Spectrum

The three battery cells under study in this paper are referred to as BAT#1, BAT#2, and
BAT#3. Sample EIS curves of BAT#1 at different aging cycles are shown in Figure 4. In
this paper, multiple combinations of indicators obtained from the EIS curves are utilized to
develop three SOH estimators (SOHEST#1, SOHEST#2, and SOHEST#3). The SOH estimators
are explained as follows:
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(a) (b)

(c) (d)

Figure 4. Impedance plots at different aging levels. (a) Nyquist plots. (b) Illustration of the impedance
real and imaginary parts at the transition frequency. (c) Impedance magnitude curves. (d) Impedance
phase curves.

(1) SOHEST#1: This SOH estimator utilizes two indicators obtained from the complex
impedance Nyquist plot. The two indicators are the impedance real part Re {Zft} and
the impedance imaginary part Img {Zft} at the transition frequency f t. The transition
frequency is the frequency at which the Nyquist plot moves from the diffusion region to
the charge transfer region in the low-frequency range. Figure 4a shows sample Nyquist
plots of BAT#1 at different aging cycles. As shown, as the battery ages (as the SOH
value decreases), the Nyquist plot moves to the right (which means a larger Re {Zft}) and
moves up (which means a larger Img {Zft}). A single Nyquist plot is shown in Figure 4b
with the transition frequency f t, Re {Zft}, and Img {Zft} marked on the figure.

(2) SOHEST#2 and SOHEST#3: These estimators utilize certain impedance magnitude and
phase values (respectively) within key frequency ranges in which the impedance
magnitude and phase show strong correlations with the SOH value. From Figure 4c,
it can be noticed that the impedance magnitude curves show a strong correlation with
SOH values, especially in the low-frequency range. Therefore, impedance magnitude
values at certain frequency points can be utilized for SOHEST#2. Similarly, from
Figure 4d, it can be noticed that the impedance phase curves at different aging levels
show a strong correlation with the SOH values in the low-frequency range. This
means that impedance phase values at certain frequency points can be utilized for
SOHEST#3.
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4. Correlation Analysis

To measure the degree to which the SOH value changes with different SOH indicators
and to identify the indicators that exhibit a strong correlation with SOH values, a correlation
analysis is performed. The Spearman correlation coefficient is selected to perform the
correlation analysis. The Spearman correlation coefficient (ρ) evaluates the monotonic
relationship between two variables and is expressed in (2) [50]:

ρ = 1 − 6∑m
i=1 d2

i
m(m2 − 1)

(2)

where d is the rank difference of each observation and m is the number of observations.
To put this into the context of the battery aging data in this paper, the matrix Zft in (3)
represents the transition frequency’s impedance real and imaginary values at m different
SOH values. The matrix Zft has m rows (the number of SOH values obtained from battery
aging) and two columns (one for Re {Zft} values and another for Img {Zft} values). The
matrix |Z| in (4) represents the impedance magnitude values over a frequency range of
0.01 Hz to 10 kHz at m different SOH values. The matrix |Z| has m rows (the number
of SOH values obtained from battery aging) and 61 columns (the number of impedance
spectrum frequency points from 0.01 Hz to 10 kHz with 10 points per decade). Similarly,
the matrix ∠Z in (5) represents the impedance phase values over a frequency range of
0.01 Hz to 10 kHz at m different SOH values. The goal is to study the relationship between
the values in each column of the matrices (3)–(5) and the SOH values. For example, to study
the relationship between Re {Zft} and the SOH value. This means studying the relationship
between the first column in the Zft matrix expressed in (3) (Re {Zft1}, Re {Zft2}, Re {Zft3} . . .
Re {Zftm}) and the SOH values vector (SOH1, SOH2, SOH3 . . . SOHm) that is expressed
in (6), which includes the SOH values obtained during aging after each cycle. The same
procedure is applied for the matrices |Z| and ∠Z. For example, studying the relationship
between the impedance magnitudes at 0.01 Hz and the SOH value. This means studying
the relationship between the first column in the |Z| matrix (|Z|1,0.01 Hz, |Z|2,0.01 Hz,
|Z|3,0.01 Hz . . . |Z|m,0.01 Hz) and the SOH vector in (SOH1, SOH2, SOH3 . . . SOHm):

Zft =

⎡⎢⎢⎢⎢⎣
Re{Z ft1} Img{Z ft1}
Re{Z ft2} Img{Z ft2}

...
...

Re{Z ftm} Img{Z ftm}

⎤⎥⎥⎥⎥⎦ (3)

|Z| =

⎡⎢⎢⎢⎢⎣
|Z|1,0.01Hz · · · |Z|1,10kHz
|Z|2,0.01Hz · · · |Z|2,10kHz

...
...

...
|Z|m,0.01Hz · · · |Z|m, 10kHz

⎤⎥⎥⎥⎥⎦ (4)

∠Z =

⎡⎢⎢⎢⎢⎣
∠Z1,0.01Hz · · · ∠Z1,10kHz

∠Z2,0.01Hz · · · ∠Z2,10kHz
...

...
...

∠Zm,0.01Hz · · · ∠Zm,10kHz

⎤⎥⎥⎥⎥⎦ (5)

SOH =

⎡⎢⎢⎢⎢⎣
SOH1

SOH2
...

SOHm

⎤⎥⎥⎥⎥⎦ (6)
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To find the rank difference d of each observation, the values in each column in Zft,
|Z|, and ∠Z are sorted in ascending order. Also, the SOH values in the SOH vector are
sorted in ascending order. Then, the rank difference is calculated by finding the difference
in each value’s rank and the rank of its corresponding SOH value. For example, the values
of Re {Zft} [first column in (3)] are sorted in ascending order. Then, the rank difference d is
calculated by finding the difference between the rank of each Re {Zft} value and the rank
of its corresponding SOH value. The same procedure is applied to the second column in
(3), which includes the values for Img {Zft}. Also, the same procedure is applied to every
column in the impedance magnitude matrix in (4) and to every column in the impedance
phase matrix in (5). In other words, the correlation coefficient is calculated between the
SOH vector in (6) and every single column in (3)–(5). The Spearman correlation coefficient
can take values between -1 (a perfect negative monotonic association) to +1 (a perfect
positive monotonic association). The Spearman correlation coefficient is calculated for the
Re {Zft} and Img {Zft} values at the transition frequency; the impedance magnitude value
at every frequency point; and the impedance phase value at every frequency point. The
Spearman correlation coefficients for Re {Zft} and Img {Zft} are summarized in Table 2.
Both the Re {Zft} and Img {Zft} impedance values at the transition frequency show strong
correlations with the SOH and thus can be used as input features for SOHEST#1. Based on
the aging data used in this paper, the transition frequency ranges from 1.585 Hz to 0.079 Hz
at an SOH of ~96% and ~60%, respectively.

Table 2. Spearman correlation coefficients for Re {Zft} and Img {Zft}.

Re {Zft} Img {Zft}

Battery#1 −0.9996 −0.9997

Battery#2 −0.9995 −0.9996

Battery#3 −0.9993 −0.9993

The Spearman correlation coefficients for the impedance magnitude values and
impedance phase values are shown in Figure 5. From Figure 5a, it can be noticed that
the impedance magnitude values at the lower frequency range of 0.01 Hz to 2 Hz show
strong correlations with the SOH values, as shown in the zoomed-in view in Figure 5a. This
means that impedance magnitude values within this frequency range are suitable SOH
features for SOHEST#2 (which utilizes impedance magnitude values at specific frequency
points/ranges). From Figure 5b, the impedance phase values show strong correlations
with the SOH values within two frequency ranges, one around 1 Hz and another between
10 Hz and 20 Hz, as shown in the zoomed-in view in Figure 5b. This means that impedance
phase values within these two frequency ranges can be used as input features for SOHEST#3

(which utilizes impedance phase values at specific frequency points/ranges).
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(a) (b)

Figure 5. Spearman correlation coefficients between battery SOH values and the (a) impedance
magnitude values, (b) impedance phase values.

5. ANN-Based SOH Estimation

The three SOH estimators explained in Section 3 are implemented using an artificial
neural network (ANN). For SOHEST#1, there are two input features that are Re {Zft} and
Img {Zft} values at the transition frequency obtained from the impedance Nyquist plot.
For SOHEST#2, although many low-frequency points can be used as input features for the
estimator based on the correlation analysis in the previous section, only the frequency points
at which the impedance magnitude has the three largest absolute correlation coefficients
are chosen as input features. This is to simplify the estimation model and to reduce its
computational burden. Following the same intuition for SOHEST#3, the impedance phase
values of the three strongest correlations with SOH value are utilized to train and test
SOHEST#3.

Because the input features have different scales, the input data should be standardized,
which can be applied as in (7):

x′ = x − μ

σ
(7)

where x′ represents the standardized data point, x is the original data point, μ is the input
data mean, and σ is the input data standard deviation.

After normalizing the input features, the training dataset is split into k-fold cross-
validation sets. The k-fold cross-validation [51] is utilized to guide the SOH estimation
models’ training and can be utilized as follows: for each fold of the training dataset, the
model is trained on a part of the fold data points and tested/validated on the remainder
of the fold data points. This process is repeated k times (i.e., k folds). For every fold, the
validation error (the mean square error or “MSE”) is recorded, and if the average validation
error of all training sessions is less than a pre-specified threshold, then the training process
is considered complete, and the model becomes ready to be tested on the testing dataset
that the model has never seen before. If the average validation error is not below the
pre-specified threshold, the neural network hyperparameters need to be changed (e.g.,
changing the number of neurons in the hidden layer) until the average validation error
becomes smaller than the pre-specified threshold. In this paper, the threshold for the
average validation error is set to be 125 Coulombs (C), which is equivalent to ~0.035 Ah
(125 C × 1 h/3600 s). This is equivalent to an SOH estimation error of 1.0%
(0.035 Ah/3.5 Ah = 1.0%). The training dataset for each estimator is split into 10 folds
(k = 10). Based on the k-fold cross-validation analysis, a three-layer ANN is utilized (input
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layer, hidden layer, and output layer) for the three SOH estimators. SOHEST#1 utilizes an
input layer of two neurons (SOHEST#1 utilizes two features that are Re {Zft} and Img {Zft})
and a hidden layer of eight neurons. SOHEST#2 utilizes an input layer of three neurons
(SOHEST#2 utilizes three impedance magnitude values) and a hidden layer of twelve neu-
rons. SOHEST#3 utilizes an input layer of three neurons (SOHEST#3 utilizes three impedance
phase values) and a hidden layer of nine neurons. For all SOH estimators in this paper, one
neuron is utilized in the output layer to give the estimated SOH value.

The overall framework for the SOH estimators SOHEST#1, SOHEST#2, and SOHEST#3

is shown in Figure 6. Before feeding the SOH features into the neural network, the input
features go through a preprocessing stage. Data preprocessing includes data cleansing
(removing any outliers that might exist), feature extraction using correlation analysis, and
standardization [expressed in (7)].

Figure 6. Overall SOH estimation framework.

The SOH estimators are trained, validated, and evaluated as follows: aging data (EIS
curves and SOH values) for two batteries is used for SOH estimator training, and the
estimator performance is evaluated using the aging data of the remaining battery (the SOH
estimator performance is evaluated on a dataset that was not included in training). For
example, aging data for BAT#1 and BAT#2 are used to train and validate the SOH estimator,
where the SOH estimator’s performance is evaluated using the aging data of BAT#3. This
way, there are multiple variations in the SOH estimator training and testing datasets. These
variations are summarized in Table 3. For example, SOHEST#1_12_3 represents the case in
which SOHEST#1 is trained using the aging data of BAT#1 and BAT#2 (i.e., “12” in the
subscript of SOHEST#1_12_3) where the performance of the SOH estimator is evaluated on
the aging data of BAT#3 (i.e., “3” in the subscript of SOHEST#1_12_3).
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Table 3. SOH estimator training, validation, and evaluation datasets summary.

SOH
Estimator

SOH Estimation
Model Designator

Training and
Validation Data

(Battery Numbers)

Performance
Evaluation Data

(Battery Number)

Frequency Points of Largest
Correlation Coefficients

SOHEST#1

SOHEST#1_12_3 1, 2 3
Transition frequency ranges

between 1.585 Hz and 0.079 Hz
SOHEST#1_13_2 1, 3 2
SOHEST#1_23_1 2, 3 1

SOHEST#2

SOHEST#2_12_3 1, 2 3 0.079 Hz, 0.158 Hz, 0.2 Hz
SOHEST#2_13_2 1, 3 2 0.316 Hz, 0.398 Hz, 0.501 Hz
SOHEST#2_23_1 2, 3 1 1.259 Hz, 1.585 Hz, 1.995 Hz

SOHEST#3

SOHEST#3_12_3 1, 2 3 12.59 Hz, 15.85 Hz, 19.95 Hz
12.59 Hz, 15.85 Hz, 19.95 Hz
12.59 Hz, 15.85 Hz, 19.95 Hz

SOHEST#3_13_2 1, 3 2
SOHEST#3_23_1 2, 3 1

It should be mentioned that for SOHEST#2, the frequency points of the correlation
between the impedance magnitude and the SOH are not necessarily the same among all
batteries. For example, for SOHEST#2_12_3, the correlation analysis is performed on the
data of BAT#1 and BAT#2 to identify the three frequency points at which the correlations
between the impedance magnitude and the SOH are the largest. This analysis resulted
in identifying 0.079 Hz, 0.158 Hz, and 0.2 Hz as the three frequency points of interest.
However, this is different from those of SOHEST#2_23_1 and SOHEST#1_13_2. The frequency
points of interest for each estimator are summarized in Table 3 based on the correlation
analysis of each training dataset. It should be mentioned that some of the frequency points
at which the real and imaginary parts at the transition frequency are utilized for SOHEST#1

might be the same frequency points at which the SOHEST#2 features are extracted based on
the correlation analysis, as shown in Table 3. However, this paper presents each of the SOH
estimators separately and compares them.

The mean square error (MSE) is used as a loss function in the ANN training as
expressed in (8), where y(i) is the value of the actual SOH in the training dataset and y′(i) is
the value of the estimated SOH for the ith training sample:

MSE =
1
n∑n

i=1|y(i)− y′(i)| (8)

To evaluate the estimation accuracy of the SOH estimators, the root mean square
error (RMSE), the mean absolute error (MAE), the mean absolute percentage error (MAPE),
and the coefficient of determination (R2) are utilized. These four indices are expressed in
(9)–(12), where n is the number of outputs (the SOH values), A(i) is the actual output (the
true SOH value), and P(i) is the estimated output (the estimated SOH value):

RMSE =

√
1
n∑n

i=1(A(i)− P(i))2 (9)

MAE =
1
n∑n

i=1|A(i)− P(i)| (10)

MAPE =
100
n ∑n

i=1
|A(i)− P(i)|

A(i)
(11)

R2 = 1 − SSres

SStot
= 1 − ∑n

i=1(A(i)− P(i))2

∑n
i=1

(
A(i)− A(i)

)2 (12)
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In (12), the term SSres represents the total sum of squared residuals between the actual
SOH values and the predicted SOH values. The term SStot represents the total sum of squares,
i.e., the sum of squared differences between the actual SOH values and their mean value A(i).

Following the ANN model training details in this section, the SOH estimators’ perfor-
mance indicators are summarized in Table 4. Also, in Figure 7, the true SOH values versus
the estimated SOH values are plotted, where the black dashed line represents the ideal
estimation case (i.e., as if the estimated SOH value is equal to the actual SOH value).

Table 4. SOH estimators’ performance results.

SOH
Estimator

SOH Estimation
Model Designator

RMSE (%) MAE (%) MAPE (%) R2

SOHEST#1

SOHEST#1_12_3 1.76 1.30 1.94 0.978
SOHEST#1_13_2 1.24 1.08 1.39 0.986
SOHEST#1_23_1 0.67 0.54 0.68 0.995

Average 1.22 0.97 1.34 0.986

SOHEST#2

SOHEST#2_12_3 1.18 0.98 1.34 0.990
SOHEST#2_13_2 1.40 1.29 1.66 0.986
SOHEST#2_23_1 1.60 1.47 1.94 0.973

Average 1.39 1.25 1.55 0.983

SOHEST#3

SOHEST#3_12_3 0.98 0.81 0.76 0.993
SOHEST#3_13_2 0.74 0.60 0.90 0.996
SOHEST#3_23_1 0.82 0.69 0.98 0.993

Average 0.85 0.70 0.88 0.994

From Table 4 and Figure 7, it is clear that all SOH estimators are capable of accurately
estimating the SOH values based on their input features. The estimated SOH values match
well with the actual SOH values. Table 4 also includes the average values of the RMSE,
MAE, MAPE, and R2 to make a comparison between the three estimators easier. The
average values for all performance indicators are used to compare the three SOH estimators
against each other, as shown in Figure 8. It can be noticed that SOHEST#3 (which utilizes the
impedance phase values at specific frequency points) shows the best performance among
the three estimators; it has the lowest RMSE, MAE, and MAPE, in addition to the highest
R2. The second-best estimator is SOHEST#1 (which utilizes the real and imaginary parts of
the impedance at the transition frequency).

While multiple SOH estimators are presented in this paper, it is not necessary to use
all of them. One estimator should be enough to predict the SOH value. Also, based on the
analysis presented in this paper, it is not necessary to measure the entire EIS spectrum for
any of the estimators. For SOHEST#1, it would be only required to obtain the EIS data over
a specific frequency range (between 1.585 Hz and 0.079 Hz). For SOHEST#2 and SOHEST#3,
it would be only required to obtain the impedance magnitude and phase values at the
frequency points that show the strongest correlations with SOH values. For instance,
obtaining the impedance phase at 12.59 Hz, 15.85 Hz, and 19.95 Hz for SOHEST#3. Another
issue to be taken into consideration is the time taken to perform the EIS measurement. For
example, obtaining the impedance magnitude/phase at a very low frequency (e.g., 0.02 Hz)
takes more time than obtaining the EIS measurement at 20 Hz. This gives SOHEST#3

an advantage over SOHEST#2 and SOHEST#1 in terms of speed since SOHEST#3 utilizes
impedance phase values at 12.59 Hz, 15.85 Hz, and 19.95 Hz (which takes ~6 s to measure),
which are at a higher frequency range (i.e., a faster EIS measurement) compared with
SOHEST#2 (between 0.079 Hz and 0.2 Hz, which takes ~48 s to measure) and SOHEST#1

(which requires measuring the EIS between 1.585 Hz and 0.079 Hz and that takes ~2 min).
For all the estimators, the time taken to perform the EIS measurement is still significantly
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lower (a maximum of ~2 min) than the time needed to measure the entire EIS curve
(~17 min), which is equivalent to an ~88% reduction in measurement time.

Figure 7. Actual vs estimated SOH for SOHEST#1 (top), SOHEST#2 (middle), and SOHEST#3 (bottom).
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Figure 8. Performance comparison between different SOH estimators.

6. Conclusions

This paper presented three EIS-based SOH estimators for lithium-ion batteries by uti-
lizing different features obtained from the impedance Nyquist plot, impedance magnitude
curve, and impedance phase curve. This article (a) presented new health features obtained
from the Nyquist plot for SOH estimation, (b) presented a correlation-analysis-based frame-
work to obtain impedance magnitude and impedance phase values to be utilized for SOH
estimation, and (c) presented and evaluated ANN-based SOH estimators. The performance
evaluation of the three developed SOH estimators shows that all estimators are capable of
accurately predicting the SOH values with minor/negligible differences in their accuracies.

Future work includes, but is not limited to, testing the presented SOH estimators
on larger battery aging datasets of high degradation levels, in addition to comparing the
presented estimation methods with other methods in the literature, such as Kalman filter
and particle filter-based methods. Also, different types of batteries can be considered
(different brands and different capacities) to enhance the generalizability of SOH estimation
models/techniques.
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Abstract: Grid-connected battery energy storage systems are usually used 24/7, which
could prevent the utilization of typical diagnosis and prognosis techniques that require
controlled conditions. While some new approaches have been proposed at the laboratory
level, the impact of real-world conditions could still be problematic. This work investigates
both the impact of additional residential usage on the cells while charging and of inho-
mogeneities on the diagnosability of batteries charged from photovoltaic systems. Using
Big-Data synthetic datasets covering more than ten thousand possible degradations, we
will show that these impacts can be accommodated to retain good diagnosability under
auspicious conditions to reach average RMSEs around 2.75%.

Keywords: PV-connected batteries; Big Data; synthetic data; CNN; residential usage

1. Introduction

Harvesting energy from the Sun using solar panels requires significant storage to
circumvent the natural daily and seasonal variations as well as the nocturnal cycle [1].
While large centralized PV farms associated with battery energy storage systems (BESS)
will play a central role, they require a lot of land, which could be problematic for islands [2].
Distributed generation mitigates the land issue but adds several new problems, including
the requirement for a significant number of smaller batteries to be connected to the grid,
which drastically increases the risk of failure. Monitoring these batteries will require
advanced state of health (SOH) estimation techniques [3,4] because the duty cycles will
be sporadic without any opportunity for controlled charge or discharge steps. While data-
driven methods [5–10] could offer a good solution to avoid downtime for diagnosis, their
training could be challenging, as the degradation the cells will experience in the field is
path-dependent [11–13] and largely unknown at the moment, although some data were
recently made available [14]. Gathering enough data under varied enough conditions to
replicate the wide range of possible uses for the cells and properly train algorithms will
be both experimentally complex and expensive. For voltage-based diagnosis methods, a
possible solution is to rely on synthetic datasets generated from different types of battery
models [15]. Exemplary datasets covering the totality of the degradation spectrum are
publicly available and have already been successfully applied in the training of machine
learning algorithms [16–28]. However, their main limitation is that they are generated
using controlled low-constant-current conditions, which are not representative of the usage
of deployed batteries.

In recent years, we proposed a methodology to generate synthetic data outside of a
constant current [29] and applied it to PV-connected batteries for nickel manganese cobalt

Batteries 2025, 11, 154 https://doi.org/10.3390/batteries11040154
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oxide (NMC) [23,24] and lithium iron phosphate [25] chemistries to successfully diagnose
the degradation using an algorithm trained on clear sky irradiance (CSI) using auspicious
conditions. Since battery lifetime is supposed to be a decade or more, diagnosis does not
have to be performed on a daily, or even weekly, basis, and our work showed that, in the
example of a solar array located in Maui, USA, using only days with 50% or more clear sky
will allow accurate diagnosis of the degradation, with an average root mean square error
(RMSE) around 1.75%. However, this work also had its own limitations, as no additional
usage of the generated power was considered throughout the battery charge and as the
voltage response used for the simulation was the one of a single cell and not of a battery
pack. While useful for proof of concept, this simplification is unrealistic as a home will
be connected to a battery pack from which a significant amount of power will be used at
different times of the day for normal usage.

This work’s principal focus is to investigate the impact of these limitations and to
propose mitigation strategies. Looking first into the impact of the additional usage, it is
important to note that our approach involves using two distinct synthetic datasets for
training and validation, as shown in Figure 1. The power estimated from a modeled
CSI is used for training, whereas the power estimated from the observed irradiance (OI)
is used for validation. For the validation cycles, the daily additional usage of the cells
could simply be deducted from the power obtained from the daily observed irradiance.
However, this cannot be done for the training dataset since, ultimately, the training will be
completed before deployment and therefore without any knowledge of the actual daily
usage the cells will encounter. To investigate possible mitigation strategies, three datasets
were generated and used to train a machine learning algorithm that was tested on synthetic
data consisting of the OI minus simulated residential load for any given day within one
year (Figure 1). For training, the first dataset considered the CSI-generated power, similar
to what we proposed previously [23–25] without any accommodation for the additional
usage, the second dataset considered the CSI-generated power minus the average of the
yearly residential loads (|Load|), and the third dataset consisted of the CSI-generated
power minus the average of the yearly average residential load (||Load||), and thus a
constant value throughout the day. In addition, and to further address the impact of the
accuracy of the residential usage measurement, additional datasets were generated within
plus or minus 20% around ||Load||. This was tested because the residual loads will be
customer-dependent and thus hard to predict with accuracy without data monitoring.

For the second limitation, some studies have already showcased that the imbalance
and cell-to-cell variations within a battery pack mostly increase the downward slope of the
voltage vs. capacity curves, which correspond to a broadening of the derivative peaks [30–43].
Investigating this issue further, recent modeling work on simulations of nine different types
of inhomogeneities [44], including loss of active material (LAM), resistance, state of charge
(SOC), and kinetics, showcased that most should not affect much the voltage response of the
pack. Considering the inhomogeneities that do affect the voltage response, the SOC ones
should not be present in battery packs with proper balancing. This leaves only resistance
inhomogeneities that were projected to broaden the derivate of the voltage response. This
is consistent with literature observations, and it can be handled in our model by increasing
kinetic limitations [29,45,46]. In this work, simulations were undertaken with three levels of
kinetic limitations for training and five for validation in order to assess the impact of different
levels of inhomogeneity on the accuracy of the diagnosis.
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Figure 1. Schematic representation of the dataset generated in this work to assess the impact of
additional residential usage with (a) an example of the observed irradiance for four days within the
one-year dataset. (b) The calculated clear sky irradiance of one randomly selected day, for which
(c) presents the observed irradiance. (d) The simulated daily residential power usage for one year,
with (e) presenting the average value and (f) the average of the average along with ±20% variations.
(g–i) Illustrates the three different training datasets and (j) the one used for validation.

2. Materials and Methods

2.1. PV Data Collection

The PV data used in this work were gathered throughout the year 2017 at a test site located
at the Maui Economic Development Board (MEDB) office on the southwestern coast of the
island of Maui, Hawai‘i, USA. The panels were oriented at a 20◦ tilt with a 197◦ N azimuth and
instrumented with a Kipp & Zonen SMP21-A (OTT HydroMet B.V., Delft, The Netherlands)
secondary standard pyranometer installed at plane of array. The data were collected at 1 s
intervals and averaged to 1 min. Examples of the data are provided in Figure 1a,c.

2.2. Clear Sky Irradiance Model (CSM)

The CSM used in this work is the same that was used in our previous work [23–25]
implemented in MATLAB (version 2024) based on the work by Ineichen and Perez [47] for a
horizontal surface with modifications to estimate clear sky irradiance on a tilted surface [48]
and adding a ground-reflected irradiance source [49]. Examples of the simulated data are
presented in Figure 1b. The clear sky percentage (cs%) was calculated as the percentage of
common observations between the real irradiance to the output of the CSM.

2.3. Residential Usage Simulations

Residential power consumption was simulated using the HOMER Pro software (ver-
sion 3.16.2), assuming a residential system with a 5.85 kW PV system associated with a
14 kWh BESS modeled with a ‘load following’ approach where PV generation is prioritized
for household consumption, and surplus energy is used to charge the battery. Daily energy
consumption was modeled with typical residential usage values. This modeling approach
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allowed for the replication of realistic usage profiles under various irradiance conditions.
The result of the simulations is presented in Figure 1d.

2.4. Battery Emulation

The battery electrochemical behavior emulation was described in detail in the first
publication of this project [23], and it will not be repeated here. The battery digital twin
was built in HNEI’s ‘alawa mechanistic battery model [45,50] implemented in MATLAB
using half-cell data from a commercial cell comprising a graphite (G) negative electrode
(NE) and an NMC positive electrode (PE) with a 1:1:1 stoichiometry. The model parameters
were obtained by fitting experimental data at different rates [23]. Inhomogeneities were
emulated by increasing the rate degradation factors (RDF) by up to 50% to match what
was observed in the literature [51]. To account for cell-to-cell variations and to avoid any
overfitting error, each simulation was performed with parameters randomly varied by
±1% to be in the same range as the observed variations in commercial cells [52].

2.5. Synthetic Data Generation

As described in earlier work [15,17], each thermodynamic degradation can be charac-
terized by how much lithium, PE, and NE were lost. Therefore, scanning every combination
of these three degradation modes allows for the simulation of every possible degradation.
Four different experiments were simulated in this work to investigate different usages,
variations around the mean usage, the impact of inhomogeneities, and both at the same
time. For the first one, illustrated in Figure 1g–i, the same resolution step as in our previ-
ous work (0.025%) was used for the degradation paths with 1% degradation steps. This
corresponds to 861 unique triplets of the loss of lithium inventory (LLI), LAMPE, and
LAMNE with 50 simulations per triplet (from 0 to 50% degradation for each mode with 1%
increments), resulting in around 45,000 unique degradation per simulation for training. For
validation, Figure 1j, the resolution step was doubled to 0.05%, which lowered the number
of simulations to around 11,000 (231 unique triplets). Simulations typically lasted less than
4 days on a Windows 11 desktop with an Intel i9-14900 2 GHz processor and 64 GB of
RAM. Since the second and third experiments consisted of more duty cycles (seven for the
impact of variations around the mean usage and 16 for the impact of inhomogeneities), the
resolution step was increased to 0.0375% for the training and 0.075% for the validation, thus
keeping the 2:1 ratio between training and validation but reducing the number of triplets to
378 and 105, respectively. In addition, simulations were only undertaken to 25% maximum
degradation with a 1.5% step. Overall, this reduced the number of simulations by one order
of magnitude for the validation with calculations lasting less than 24 h per dataset while
still providing a good coverage of all possible degradation paths (Figure A1a,b). Finally, the
final simulations were undertaken to compare the initial approach to the one accounting
for the impact of additional usage and battery packs. For these simulations, the resolution
step was set at 0.02% for the training and 0.05% for the validation. This was undertaken
to limit the overlap between the training and validation datasets (Figure A1c), and the
simulations took around 4.5 days.

As proposed in [23,29], the non-constant current duty cycles were calculated by
simulating 100 different rates for each SOH. The duty cycles were constructed step by
step by using the voltage-rate couple matching the power request at the current SOC for
each step. Since the current was not constant, capacity and time are decorrelated and the
derivatives for both versus voltage (dQ/dV and dt/dV) were used for diagnosis.

2.6. 1D-CNN Implementation

This work used the same convolutional neural network (CNN) as in [23–25], as it was
shown to offer a good compromise between accuracy and ease of implementation [23]. It
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was originally developed by Kim et al. [18] and was implemented in TensorFlow (https:
//www.tensorflow.org/, accessed on 13 April 2025) [53] with 2 CNN-1D layers with
32 neurons each and 3 fully connected layers with 128, 64, and 3 neurons each. The batch
size, learning rate and the number of epochs were fixed to 64, 0.001, and 25, respectively.
Similarly to what was implemented in [23], the algorithm was trained, validated, and
tested on both voltage vs. capacity and voltage vs. time curves. They will be referred to as
Q-based and t-based diagnosis, respectively.

2.7. Statistical Metrics

The RMSE was defined as follows:

RMSE =

√√√√ n

∑
i=1

(yi − xi)
2

n
,

with yi being the prediction, xi the true value, and n the number of data points.

3. Results

3.1. Observed vs. Clear Sky Irradiance

Figure 2a presents the distribution of the OIs and CSIs throughout 2017 at the MEDB
site. The OIs varied between 67 and 651 W/m2 with a mean of 505 W/m2. Most of the OIs
were above 400 W/m2 with a median at 532 W/m2 with a 104 W/m2 interquartile range.
Unsurprisingly, the calculated average CSIs are higher with an average (and median) of
630 W/m2 with a minimum at 595 and a maximum at 666 W/m2. The distribution is less
dispersed than that of the OI (interquartile range of 45 W/m2), and is bimodal with a mode
around 600 W/m2 and another one around 650 W/m2. This bimodality can be explained by
the orientation and tilt of the panels [23]. Looking at the cs%, more than 80 out of 365 days
had less than 5% clear sky, whereas only 16 had 80% or more clear sky. Overall, the average
and median values were around 33%, with 22% of the days having 50% or more clear sky.

Figure 2. (a) Distribution of the observed vs. clear sky mean irradiances through 2017 and (b) associ-
ated clear sky percentages.

3.2. Residential Load Simulations

Figure 3a presents an example of the residential load simulation obtained from the
HOMER software with a different mix of power units to match the demand throughout
the day. The day started with some grid usage early in the morning, followed by power
generation from the PV system as solar radiation increased from sunrise around 7 a.m.
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Once the PV system generated more power than required, around 8 a.m., the excess power
was used to charge the battery, and it was curtailed once the battery was fully charged
around 2 p.m. Past sunset, the battery supplied the necessary load until it was depleted
around 9 p.m., after which the grid took over. Figure 3b highlights the differences between
the power that would have been gathered from the clear sky irradiance (used for training
in our previous work [23–25]), the power actually gathered from the PV system (used
for validation in our previous work [23–25]), and the actual power used by the battery.
This illustrates the necessity to take this additional usage into account. For the algorithm
validation, this could be achieved by using the power obtained from the OI minus the
variable daily simulated residential load (Figure 3c). It is more complicated, however, for
the training data, as the daily usage is variable and, for a deployed application, might not
be known beforehand. A possible solution is to subtract the average daily load (|Load|)
from the clear sky power (Figure 3d), but this still implies some knowledge about the usage.
Another possibility could be to subtract a constant value that could be estimated to be close
to the average of the average load (||Load||), as shown in Figure 3d. The results of these
subtractions are presented, with the dotted curves in Figure 3b showcasing much closer
values to the actual charging power for the BESS.

Figure 3. (a) Example of the residential load simulations for 1 January 2017, showcasing the mix of
origins for required power between the PV system, the grid, and the battery. (b) Comparison of the
power generated from the clear sky irradiance, the observed irradiance, and the one used to charge
the battery on 1 January with or without adjustments to accommodate additional loads. (c) Variability
of the simulated residential load as a function of the day of the year with (d) the associated average
usage, and the average of the average usage ± 20%.

3.3. Impact of Residential Usage

Figure 4 presents the average RMSEs for the 11,000 considered degradations over
365 days as a function of the clear sky percentage in 10% increments. The results are
presented as box plots where the size of the box represents 50% of the data, with the median
represented by the line. The whiskers represent a 3σ deviation from the median and the
circles represent the outliers. The top row presents the results for up to 50% degradation
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and the bottom one up to 25%. The left column shows the results from a Q-based diagnosis
and the right column shows the results from a t-based one.

Figure 4. Evolution of the RMSE for diagnosis for (a) up to 50% capacity loss based on capacity,
(b) up to 50% capacity loss based on time, (c) up to 25% capacity loss based on capacity, and (d) up to
50% capacity loss based on time.

From a Q-based standpoint, the type of dataset used for training does not seem to have
a major impact as the results are close between the CSI, CSI-|Load|, and CSI-||Load||
datasets. Nonetheless, there seems to be consistent ordering, with the RMSE for the CSI
only being slightly higher than that for CSI-||Load|| and then CSI-|Load|. This ordering
is much more visible when the t-based diagnosis is considered (right column), where there
is a clear drop in RMSE between the CSI-trained data and the data trained with CSI minus
a load, which are close but still with an advantage for CSI-|Load|.

Figure 5a,b present the evolution of the average RMSE for both the Q- and t-based
diagnosis as a function of the training dataset for all days (black lines) and for days with a
cs% > 50% (blue lines). Figure 5a,b confirm the observations from Figure 4 with the worst
performance for the CSI-trained algorithms both for the Q- and t-based diagnosis with a
bigger difference for the t-based diagnosis. The average performance for the CSI-|Load|
and CSI-||Load|| is extremely similar and likely well within the margin of error for our
approach. Being around 2%, this performance is also just slightly higher than the 1.75%
obtained without considering additional usage [23,24]. Figure 5c displays the impact of
moving the value of ||Load|| by ±20% for days with more than 50% clear sky. These
variations have very little effect when days with >50 cs% are considered and only a mild
effect on the t-based diagnosis when all days are considered with the lowest RMSEs for the
−20% dataset.

3.4. Impact of Pack Imbalance/Inhomogeneities

Figure 6a showcases the impact of increasing the RDF on the derivative of the sim-
ulated electrochemical response of the cell at C/4. More information and details on the
significance of changing the RDF can be found in previous works [29,45,46]. The impact is
especially visible on the local minima around 3.8 V that become progressively filled when
the RDF increases by 50%. Additional effects can be seen between the low voltage and
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the main peak, where the two small graphitic peaks are no longer visible because of the
broadening of the peaks. These voltage changes might affect the algorithm’s ability to
recognize the different degradations. Figure 6b,c presents the average RMSEs associated
with simulations for different levels of inhomogeneities both for the training and validation
datasets. For the training datasets, the CSI dataset was used for generation with either the
initial cell, the initial cell plus 25% RDF, or the initial cell plus 50% RDF. The validation
dataset was generated from the OI minus the daily residential load using a cell with either
0%, 12.5%, 25%, 37.5%, or 50% increased RDF.

Figure 5. Effect of the training dataset on the average RMSE for (a) the Q-based diagnosis and (b) the
t-based diagnosis. (c) Effect of variations around ||Load|| on the average RMSE.

 

Figure 6. (a) Effect of increasing the RDF on the cell electrochemical response. Effect of the amount of
inhomogeneities on the average RMSE for (b) the Q-based diagnosis and (c) the t-based diagnosis.
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The error associated with an increasing RDF for the validation cycles increases for
the algorithm trained on the initial cell and decreases for the algorithms trained with the
initial cell plus 50% RDF. For the algorithms trained with the initial cell plus 25% RDF, a
bell shape curve is observed for the Q-based diagnosis RMSEs, with a minimum for the
validation data with +25% RDF. This minimum was around 1% above the homogeneous
dataset average RMSEs. The bell shape is not observed for the t-based diagnosis, where the
highest error was observed for lower RDFs.

4. Discussion

Looking first into the impact of additional usage on the cells, it must be noted that
the HOMER-generated residential load profiles used in this work relied on empirical
consumption patterns, reflecting typical household behavior. While these profiles smoothed
over stochastic variations, such as those caused by individual occupant activities, we
believe this approximation was suitable for the synthetic data generated in this work.
Our simulations indicated only a small impact of the additional usage on the Q-based
diagnosis between the unaccommodated simulations and the accommodated ones, whether
by subtracting the average load or the average of the average load. Indeed, from Figure 5a,
it can be seen that the average RMSE decreased by less than 1% in the all-days scenario but
by less than 0.5% if only the days with 50% or more clear sky are considered, independently
of the extent of the degradation. For the t-based diagnosis, the impact is much larger,
especially for the larger capacity losses where 3 to 5% gain in RMSEs was calculated. As
discussed in [23], the difference between the Q-based and t-based diagnosis is not surprising.
Indeed, since the charge of the cells is overall rather slow, lasting more than 10 h, variations
in current do not significantly impact the voltage nor the exchanged capacity, but since
these variations will affect charging times, the t-based diagnosis will be affected. Since the
diagnosis accuracy in the cases of training using |load|, ||load||, and ±20% around
||load|| was rather constant (Figure 5b,c), this same impact of a slow charge seems to
remove the necessity of knowing the exact usage associated with each battery to be able to
accommodate their effect, which is good news for applicability.

Looking into the impact of transitioning from a single-cell model to a pack model
(Figure 6b,c), it appeared to be larger than that for the training datasets, with variations of
more than 2% in the average RMSE reported depending on the conditions. Training on a
single cell will work well for packs with little inhomogeneity but the RMSE will quickly
increase with an increase in RDF, especially for Q-based diagnosis. The opposite is true
when training on a model with significant inhomogeneities. The best compromise seemed
to be training on a cell with mild inhomogeneities (+25% RDF in our case). In such cases, a
bell-shaped curve was observed for Q-based RMSEs with less than 1% variation between
the minimum and the maximum.

To investigate the impact of combining both accommodations, the last experiment
consisted first of a dataset trained on the CSI without any accommodation and second
a dataset trained with the CSI-||load|| with also +25% on the RDF to account for the
impact of the additional usage and of inhomogeneities. The validation was performed
both on a dataset using the OI minus the residential usage and a random value for the
RDF increase between 0 and 50% for each day of the year. The results of these simulations
are presented in Figure 7. Unsurprisingly, the t-based diagnosis benefited the most from
both accommodations with an improvement in the average RMSE between 1.75 and 5.1%
depending on the conditions. The improvement was much more limited for the Q-based
diagnosis, where it stayed below 1%. Nonetheless, a closer investigation of the average
RMSEs as a function of the type of degradation (Figure 7c) showcased some improvement,
with lower RMSEs in the regions where the algorithm struggled the most. Looking at
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the Q-based diagnosis up to 50% (first column), and without any accommodations, the
diagnosis error is the highest for degradation paths with around 50% LAMNE (yellow area
on top left triangle indicating RMSEs around 10%). After accommodation, the yellow area
disappears, and the average error is much more consistent across the entire degradation
paths. The same can be observed for both t-diagnosis (3rd and 4th columns), where the
color distribution is much more homogeneous after accommodation, indicating an overall
better performance of the algorithm. This is promising for deployment, as this indicates
that the error is less dependent on the actual degradation and that, although the best
diagnoses were not improved much, the worst ones were.

Figure 7. Effect of the accommodation on the average RMSE for (a) the Q-based diagnosis and (b) the
t-based diagnosis. (c) Diagnosis accuracy for days with >50% cs% as a function of the degradation
path for simulation without accommodation (top row) and with accommodation (bottom row).

Overall, the accommodation of additional usage and battery packs only increased the
average RMSEs for diagnosis by 1% compared to the ideal scenario (2.75% vs. 1.75% for
training and validation on single cells without additional usage [23,24]). Looking to further
improve the diagnosability, possible improvements could include better emulation of PV
systems. In the example given, this could be accomplished by using a different model
integrating maximum power point tracking [54,55]. In addition, the addition of forecasting
for the global horizontal irradiance [56–58] could help to select the best days to perform
the diagnosis. Finally, a wide variety of voltage-based diagnosis algorithms have been
proposed in the literature [59,60], and some could potentially improve on the algorithm
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used in this work. Since this work was focused on data generation, scoping different types
of algorithms was out of scope.

5. Conclusions

Following on from our previous work where we proposed a proof-of-concept approach
for the diagnosis of PV-connected batteries without the need for maintenance cycles, this
work addressed the two main limitations of the initial approach, where only single cells
without any additional usage on the battery were considered. This work showed that, for
capacity-based diagnosis, these limitations have a limited impact of the diagnosis accuracy
and that they can be accommodated without adding much complexity to the approach
by subtracting the average usage from the clear sky irradiance and by accounting for a
medium level of inhomogeneities. These accommodations, while of limited impact for the
average capacity-based diagnosis, with around a 1% increase in the average RMSE for the
best-case figure, significantly improved the worst Q-based diagnoses and all the time-based
diagnoses by up to 5% depending on the conditions.

Overall, this study reinforced the potential of synthetic data generation and training to
enable Big-Data studies of the behavior of deployed systems experiencing sporadic usage.
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Abbreviations

The following abbreviations are used in this manuscript:

BESS Battery energy storage system
CNN Convolutional neural network
CSI Clear sky irradiance
CSM Clear sky irradiance model
LAM Loss of active material
LLI Loss of lithium inventory
MEDB Maui Economic Development Board
NE Negative electrode
NMC Nickel manganese cobalt oxide
OI Observed irradiance
PE Positive electrode
RDF Rate degradation factor
RMSE Root mean square error
SOC State of charge
SOH State of health
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Appendix A

Figure A1. Degradation path resolution for the (a) 0.025/0.05, (b) 0.0375/0.075, and (c) 0.02/0.05
simulations.
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Abstract: The accurate estimation of the state of health (SOH) is crucial for effective
battery management systems. This paper proposes a deep learning model dimension-
wise convolutions-globalfilter networks (DimConv-GFNet) for lithium-ion battery SOH
estimation. Particularly, the DimConv-GFNet comprises the dimension-wise convolutions
(DimConv), which collect the multi-scale local features from different sensor signals, and
lightweight global filter networks (GFNet) to capture long-range dependencies in the
Fourier frequency domain. Unlike Transformer attention architectures, GFNet utilizes
spectral properties to facilitate global information exchange with a lower computational
complexity. Experiments on two datasets with a total of 167 commercial LFP/graphite
cells validate the effectiveness of DimConv-GFNet. Although the model shows slightly
lower accuracy compared to the DimConv-Transformer baseline, it delivers competitive
performance with a root mean squared error (RMSE) of 0.335%, mean absolute error (MAE)
of 0.233% and a mean absolute percentage error (MAPE) of 0.230%. Remarkably, the
DimConv-GFNet substantially reduces computational demands, requiring fewer than one-
third of the Floating Point Operations (FLOPs) and parameters of DimConv-Transformer.
These results demonstrate DimConv-GFNet strikes a good balance between accuracy and
efficiency, positioning it as a promising solution for efficient and accurate SOH estimation
in battery management applications.

Keywords: lithium-ion battery; state-of-health estimation; dimension-wise convolutions;
Fourier transform; global filter network

1. Introduction

Lithium-ion batteries have become a critical pillar in the global transition to clean
energy, owing to their high energy density, long cycle life, and low self-discharge rate. They
are widely deployed in portable electronics, electric vehicles, and renewable energy storage
systems [1–3], significantly enhancing energy efficiency and reducing greenhouse gas
emissions, providing strong support for sustainable development. Despite their widespread
adoption, lithium-ion batteries are subject to gradual degradation over their lifespan,
primarily driven by inherent electrochemical side reactions and material aging [4].

The state of health (SOH), defined as the ratio of the current maximum discharge
capacity to the nominal capacity, is typically utilized to assess the battery degradation extent,
primarily because SOH serves as a gauge of a battery’s general condition and ability to
provide the intended performance compared to the ideal conditions [5]. As a result,
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precise estimation and efficient battery SOH monitoring are essential for maintaining safe,
effective, and optimal energy system performance as well as for appropriate maintenance
and retirement schemes [6]. Nevertheless, in practical applications, the capacity of a
working battery cannot be directly measured by measuring instruments [7], indicating
that estimation algorithms based on other measured signals (e.g., voltage, current, and
temperature) become the only solution to acquire the value of SOH, which is a challenging
task [8].

Various methods have been investigated for SOH estimation algorithms, which can be
divided into three main classes as follows: experimental methods, model-based approaches,
and data-driven techniques [9].

The experimental methods encompass the ampere-hour concept, the open circuit
voltage approach, and impedance spectroscopy method [10]. All these approaches are
capable of obtaining extensive degradation information and accurate SOH estimation
outcomes straightforwardly. However, they require high-precision measurements, multiple
operations, and may permanently degrade the lifespan of the battery. Hence, experimental
methods are more suitable in specialized laboratories while practical applications are
somewhat restricted [5].

Model-based methods generally estimate SOH by identifying the parameters of an
electrochemical model or an equivalent circuit model [11]. Based on the chemical reactions
and transport mechanisms occurring inside lithium-ion batteries, the electrochemical model
establishes partial differential equations to describe the battery’s properties [12]. It has
a distinct physical meaning and offers exceptional precision, yet it demands specialized
knowledge of electrochemical theory and its partial differential equations are challenging
to solve [13]. Magri et al. even couple the thermal behavior of the battery with the
electrochemical model, which can indeed provide a more accurate simulation of battery
behavior, but this makes practical application more challenging [14]. The equivalent circuit
model represents the battery as a circuit composed of resistors and capacitors[15]. Resistors
characterize internal resistance and polarization internal resistance of the battery, while
capacitors simulate the dynamic process of polarization phenomena. SOH estimation
can be achieved by identifying the circuit component parameters combined with various
Kalman filtering algorithms [16,17]. However, the parameter identification error tends to
increase as the battery ages, causing the inaccuracy in SOH estimation.

Unlike model-based methods that require specialized expertise, data-driven ap-
proaches tend to establish the connection between collected operating data and SOH
straightforwardly, which encompass traditional machine learning and deep learning tech-
niques. Over the last decade, numerous machine learning algorithms have been ap-
plied to estimate SOH, ranging from k-nearest neighbor regression [18], random forest
regression [19], linear regression analysis [20], and support vector machines [21] to Gaus-
sian process regression [22] and extreme learning machine [23]. All these traditional
machine learning models are able to extract complex connections between features and
SOH as well as battery degradation patterns, but their accuracy and effectiveness highly
depend on meticulous feature engineering.

Conversely, deep learning markedly diminishes reliance on manually engineered
features, instead autonomously deriving abstract representations from raw data through
multi-layered networks. This inherent capability confers a considerable advantage in the
processing of complex, high-dimensional, and nonlinear data; thus, increasing attention
has been directed toward exploring the employment of deep learning approaches for SOH
estimation and battery prognosis [24–26]. Through leveraging deep neural networks, re-
searchers are able to automatically extract valuable features from battery historical data,
leading to more accurate and reliable SOH estimation. Convolutional neural networks
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(CNNs) are proficient in gathering local variables hierarchically through their convolu-
tional operations and preserve all local cues as feature maps [5]. For example, Yang et al.
employed a CNN to extract indicators for estimating SOH [27]. Given that SOH estimation
algorithms are handling sequential data to derive the final result, SOH estimation can
be characterized as a time-series problem. Furthermore, recurrent neural networks like
long short-term memory (LSTM) neural networks and gated recurrent unit (GRU) neural
networks, are well-suited for modeling such sequences owing to their capability to capture
temporal dependencies. For instance, Ma et al. applied LSTM with a differential evolution
gray wolf optimizer to learn the temporal relationships for SOH estimation by using its in-
ternal memory [10]. Xu et al. leveraged the advantages of both CNN and LSTM to improve
the SOH estimation accuracy [28], yielding remarkable outcomes. To further improve the
monitoring of SOH, a study introduced a model that integrates CNN and bidirectional
gated recurrent unit (BiGRU) networks for SOH estimation [29], which highlights that GRU
offers a more streamlined architecture and better computational efficiency compared to
the LSTM.

It is worth noting that whether using CNN, LSTM, or GRU, these models can only
capture local or short-term features. For batteries, the entire charge-discharge process at
various stages affects their health state and degradation. The Transformer model, with
its multi-head self-attention mechanism, excels at global feature extraction [30]. However,
it often overlooks local feature details, which can be crucial for accurate analysis. To
address this constraint, the hybrid CNN-Transformer model proposed by Gu et al. com-
bines the CNN’s hierarchical local feature extraction with Transformer’s global property
aggregation [5], ensuring the precise estimations of battery SOH. In order to conserve the
computational resources associated with attention mechanisms and optimize the efficiency
of SOH estimation, Zhao et al. utilized a multi-head sparse self-attention mechanism,
which proved impressive effectiveness in achieving accurate estimations and facilitating
rapid training [31].

With the continuous exploration of deep learning in the field of battery SOH estimation,
the CNN-Transformer hybrid model has shown excellent performance after being improved
by researchers, achieving accurate SOH estimation. However, in practical applications,
there are still several aspects that warrant further investigation. Firstly, the CNN used in
the aforementioned models to extract local features are mostly based on the time-series
property, which may not fully account for the internal connections among multiple physics
measurement signals. Secondly, the Transformer attention architecture, while aggregating
local features to capture global features, still faces issues like quadratic time complexity
and heavy memory consumption [31]. This might impact its efficiency in certain cases. To
conquer these problems, this study proposes the dimension-wise convolutions-global filter
networks (DimConv-GFNet), a hybrid architecture that effectively captures both local and
global dependencies across various physics measurement signals, while maintaining better
computational efficiency than Transformer attention architecture.

The core innovations of DimConv-GFNet lie in two aspects as follows:
Firstly, by utilizing dimension-wise convolutions (DimConv) applied to different

dimensions, the proposed model can capture inter-signal relationships at multiple scales.
This allows DimConv-GFNet to handle various physical measurements (voltage, current,
temperature, and time) across both temporal and spatial dimensions. By considering these
signals at varying scales, the model can better represent the underlying physical behavior
of the battery. This multi-scale approach improves our understanding of complex signal
interactions, leading to better performance for SOH estimation in real-world applications.

Secondly, this paper employs global filter networks (GFNets) that can be regarded as
a replacement for the conventional Transformer attention architectures. A GFNet operates
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in the Fourier frequency domain by applying the element-wise multiplication of the input
spectrum with a learnable global filter. Such an operation significantly reduces compu-
tational complexity while effectively capturing global dependencies. Notably, it takes
advantage of the conjugate symmetric property of the spectrum, allowing it to process only
half of the spectral values. This approach not only simplifies computations but also substan-
tially decreases overall computational costs. The lightweight global filter network enhances
model efficiency, capturing long-range dependencies while remaining resource-efficient.
This change is especially beneficial for real-world applications in the resource-constrained
conditions, since it significantly lowers computational requirements with only a slight
compromise in performance.

These advancements permit DimConv-GFNet to achieve accurate SOH estimation
efficiently, making it highly suitable for battery management systems. The rest of this paper
is organized as follows. Section 2 presents the architecture and design of the DimConv-
GFNet model. Section 3 introduces datasets and data processing and then outlines the
experimental setup. Section 4 show the experimental results and provides a discussion.
Section 5 concludes the paper and discusses potential future directions.

2. Methodology

2.1. DimConv

Two-dimensional convolution can efficiently capture the local potential relationships
within the input data. The two-dimensional data are processed by moving a convolutional
kernel to extract the spatial latent features. Essentially, this process is a weighted summation
of the data within the input region, followed by the addition of a bias term, which can be
defined as follows:

yij = PReLU

(
3

∑
m=1

3

∑
n=1

ωmnxi+m−2,j+n−2 + β

)
(1)

where the kernel size is 3 × 3. Therefore, in this paper, two-dimensional convolution is
used to handle the mapping association between the voltage, current, temperature, time,
and SOH.

DimConv (Figure 1) initially executes two-dimensional convolutions across various di-
mensions. Subsequently, the respective features are uniformly shuffled and fused through
a further layer that computes a linear combination of the output via 1 × 1 convolution [32].
Specifically, there are different convolutional kernels sliding along the planes perpendic-
ular to the depth, height, and width dimensions. Specifically, as the convolution kernel
moves along the plane perpendicular to the depth (depth-wise convolution), it captures the
features among voltage, current, temperature, and time at a smaller temporal scale, while
the convolution kernel moving along the plane perpendicular to the height (height-wise
convolution) learns features over a larger temporal scale. Furthermore, the convolution
kernel moving along the plane perpendicular to the width dimension (width-wise convolu-
tion)extracts features representing the individual spatial characteristics of voltage, current,
temperature, and time at another time scale. Then, the output of various dimensions are
uniformly shuffled. A 1 × 1 convolution, with input channels that are three times that of the
output channels, is ultimately used to fuse the features derived from the three dimensions
with the PReLU activation function, achieving the integration of two temporal scales and
the enhancement of an individual feature in this process. This results in the retrieval of
multi-scale local fusion features (N, H, W), where (H, W) is the size of each patch and N is
the number of patches, which also serves as the effective input sequence length for global
filter network.
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Figure 1. Dimension-wise convolutions.

2.2. GFNet

Since the input data for the global filter must be two-dimensional, a patch embedding
layer is introduced to bridge the DimConv and the global filter layer. This layer flattens the
local features of each patch from (H, W) to (H × W) and maps them to D dimensions using
a trainable linear projection [33], finally reshaping them into (D, N).

As a fundamental technique in digital signal processing, the Fourier transform shifts
signals from the time domain to the frequency domain [34]. Consequently, the global
filter network is designed to facilitate global information exchange among patches in the
Fourier frequency domain. This network comprises a stack of Ndepth identical layers, each
containing two sublayers. The first sublayer is a global filter layer, while the second is a
feed-forward layer. Each sublayer is preceded by layer normalization to enhance model
stability and mitigate issues such as gradient vanishing and explosion. Additionally, we
employ a residual connection around each layer to improve gradient flow within the
network [35].

2.2.1. Discrete Fourier Transform

In fact, actual data are typically discrete, thus we employ the two-dimensional discrete
Fourier transform (2D DFT) to convert the local features from the temporal and spatial
domain to the Fourier frequency domain. Given the 2D matrix x[d, n], 0 ≤ d ≤ D − 1,
0 ≤ n ≤ N − 1, the frequency domain representation of x[d, n] is given by the following:

X[u, v] =
D−1

∑
d=0

N−1

∑
n=0

x[d, n]e−j2π( ud
D + vn

N ) (2)
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where u, v represent the frequency domain coordinates, 0 ≤ d ≤ D − 1, 0 ≤ n ≤ N − 1. It
is worth noting that X[u, v] are conjugate symmetric, which can be proved as follows:

X[D − u, N − v] =
D−1

∑
d=0

N−1

∑
n=0

x[d, n]e−j2π
[
(D−u)d

D + (N−v)n
N

]

=
D−1

∑
d=0

N−1

∑
n=0

x[d, n]ej2π( ud
D + vn

N )

= X∗[u, v]

(3)

where X[D − u, N − v] is the complex conjugate of X[u, v].
Leveraging the conjugate symmetric property, only half of the values in X need to

be fed into the global filter encoder, while the full information is preserved at the same
time [36]. Finally, given the 2D DFT X[u, v], we can recover the original matrix x[d, n] by
the inverse DFT (IDFT) as follows:

x[d, n] =
1

DN

D−1

∑
u=0

N−1

∑
v=0

X[u, v]ej 2π( ud
D + vn

N ) (4)

2.2.2. Global Filter Design

As the core component of the global filter networks, the global filter needs to capture
the global features among patches, whose input data must be two-dimensional. Following
the flattening, mapping, and reshaping processes of the patch embedding layer, all the
features are converted to the Fourier frequency domain, which can be represented by the
following equation:

X f = F [x] ∈ C
D×N (5)

where F [·] denotes the 2D DFT. Note that X f is a complex tensor and represents the
spectrum of x. Since x is a real tensor and the corresponding spectrum X f is conjugate
symmetric, only half of the X f is needed for further processing as follows [37]:

Xr = X f

[
:, 0 :

⌈N
2

⌉]
∈ C

D×� N
2 � (6)

where �N
2 � is the least integer that is at least N

2 . According to the spectral convolution
theorem in Fourier theory, a single value modification in the spectral domain produces a
global effect on the entire original data [38], providing insights into design operations with
the non-local receptive field. In other words, the Fourier transform amalgamates the entire
information into distinct elements of the spectrum. Consequently, we can represent the
global context through a rudimentary element-wise multiplication between the spectrum
Xr and a learnable global filter K as follows:

X̃r = K � Xr (7)

where � is the Hadamard product, K ∈ CD×� N
2 �, weighting the features of each patch in

the Fourier frequency domain. Ultimately, the inverse DFT (IDFT) is adopted to transform
the modulated spectrum X̃r back, as follows:

X ← F−1
r

[
X̃r

]
(8)

Subsequent to the global filter layer, a Feed Forward Network (FFN) is utilized. The
FFN, via linear transformations and nonlinear activation of neural units, substantially
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bolsters the feature extraction proficiency of the global filter network. FFN operations are
as follows.

FFN(x) = GELU(xW1 + b1)W2 + b2 (9)

2.3. Overview of DimConv-GFNet

Figure 2 shows the complete DimConv-GFNet-based SOH estimation framework. The
model primarily consists of four parts, dimension-wise fusion convolutions, the global
filter layer, the average pooling layer, and the multi-layer perceptron. The sensor signals of
the battery (voltage, current, temperature, and time of a single cycle) are first uniformly
interpolated and resampled to the required number of sample points for the model. Then,
the data are divided into different patches and reshaped into a three-dimensional tensor.
DimConv is applied to extract multi-scale fused local features, followed by the use of GFNet
to exchange and mix information between patches to capture global features. The global
features are then subjected to an average pooling layer and passed through a multi-layer
perceptron to output the estimated SOH. The model workflow is summarized in Table 1.

Figure 2. Framework of the proposed DimConv-GFNet for SOH estimation.
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Table 1. Model workflow.

Work Step Details

Input source data Voltage, current, temperature, time
Data processing Resample 480 sampling points and normalize to [−1, 1]
DimConv Multi-scale fused local features
GFNet Global weighted features
Average pooling Compressed features
Mlp output SOH

3. Experiment

3.1. Datasets Description

Datasets containing fast charging cycling data are originally provided by Severson et al. [39]
and Attia et al. [40]. They involve a total of 169 commercial lithium ion phosphate
(LFP)/graphite cells manufactured by A123 System (APR18650M1A), each with a nom-
inal capacity of 1.1 Ah. All cells were cycled until they reached end-of-life (defined as
80% of their nominal capacity). The cell charging conditions consist of different types of
multi-stage constant current (CC) charging, employing one-step, two-step, or four-step
fast-charging strategies up to 80% state-of-charge (SOC) (Figure 3), mostly ranging from
3C to 8C [41]. Subsequently, the batteries were charged at 1C using a uniform constant
current-constant voltage (CC-CV) protocol to a cutoff voltage of 3.6 V and a cutoff current of
0.02C. Finally, all batteries were discharged at a rate of 4C to a cutoff voltage of 2.0 V [39,40].
Voltage, current, and temperature directly from sensors were recorded during aging cycles.
The discharge profiles exhibited differences across individual batteries, with most having a
cycle life ranging from 500 to 1100 cycles. From Figure 3, it can be seen that the datasets
provide rich voltage, current, and temperature information, which can be used by our
model to further capture the underlying physical behaviors of the battery. Note that two of
the 169 cells are excluded due to abnormal recorded data.

The SOH of battery is defined as the ratio of the current capacity to its nominal capacity
as follows:

SOH =
Qcurrent

Qnominal
× 100% (10)

(a) (b) (c) (d)

Figure 3. Two-step fast-charging battery example b3c25. (a) Voltage, (b) current, (c) temperature, and
(d) SOH.

3.2. Data Processing

Different batteries have different sampling point counts for each cycle due to their
different charging policies and varying aging degrees. As shown in Figure 3, different
SOH values are associated with distinct sets of voltage, current, and temperature profiles.
In other words, the voltage, current, and temperature are all time-varying series that
correspond to a specific SOH [42]. Nevertheless, to meet the requirement of the model,

165



Batteries 2025, 11, 174

the number of sampling points must be consistent and fixed. Therefore, using time as
the reference, the voltage, current and temperature data are uniformly interpolated to a
fixed length of 480. To accelerate the algorithm’s convergence and improve the estimation
accuracy of the model, the resampled data are min–max-normalized to standardize the
data scale within the range of [−1, 1] [31], which is expressed as follows:

xnorm = 2 · x0 − xmin

xmax − xmin
− 1 (11)

3.3. Experimental Settings

Previous studies have demonstrated that generic CNNs and GRU/LSTM models
underperform individually compared to their hybrid models [5,29]. Consequently, we did
not include them in the comparison with our proposed model. Instead, we compared our
SOH estimation framework DimConv-GFNet with four additional models. These models
included the CNN-LSTM, CNN-GRU, CNN-Transformer, and DimConv-Transformer. All
the CNN components in these models consist of two layers of stacked convolutional,
activation and pooling operations, while both LSTM and GRU are implemented with
two layers as well. Note that the Transformer attention architecture also has a depth of
two layers. Furthermore, Table 2 shows the main hyperparameters of our proposed model.

Table 2. Model hyperparameters.

Optimizer Adam
Learning rate 0.00097
Epoch 130
Batch size 32
Dropout rate 0.119
Depth 2
Embedding dim 236
Feed forward network dim 2.5 × 236
Mlp hidden size 190

Model validation was performed on a server equipped with an AMD EPYC 7542
CPU operating at 2.9 GHz, along with an NVIDIA GeForce GTX 4090 graphics card. The
proposed SOH estimation framework and the comparison methods were implemented
using Python 3.8, utilizing the ‘Torch’ package.

4. Result and Discussion

4.1. Evaluation Criteria

In order to assess the performance of the SOH estimation methods, several evaluation
metrics are utilized. These metrics include mean absolute error (MAE), mean absolute
percentage error (MAPE), and root mean squared error (RMSE). RMSE quantifies the
deviation between the estimated and reference values, providing an indication of the
estimation accuracy. MAE reflects the average magnitude of the errors generated by the
proposed method. MAPE measures the relative percentage error between the predicted
and true values [43]. Formulas for the RMSE, MAE, and MAPE are provided below.

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (12)

MAE =
1
n

n

∑
i=1

∣∣yi − ŷi
∣∣ (13)
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MAPE =
1
n

n

∑
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣ (14)

4.2. Experimental Results and Discussion

Since the batteries in the two datasets are identical, except for the charging and
discharging conditions, we randomly shuffled the 167 batteries from both datasets. Then,
we chose 117 batteries (70%) for training the model, and the remaining 50 batteries (30%)
were used to evaluate the performance of the proposed method.

Figure 4 and Table 3 illustrate the overall test results. The CNN-Transformer, DimConv-
Transformer, and DimConv-GFNet models demonstrate superior SOH estimation accuracy
compared to the CNN-GRU and CNN-LSTM frameworks, which focus solely on time-series
characteristics. The RMSE, MAE, and MAPE for the former models are all lower than those
of the latter. According to Table 3, DimConv-Transformer achieved a RMSE of 0.227%, MAE
of 0.146%, and MAPE of 0.144%, compared to CNN-Transformer’s 0.365% RMSE, 0.242%
MAE, and 0.240% MAPE. This demonstrates that dimension-wise convolutions contribute
to improved SOH estimation accuracy. In Figure 4, the box plot for DimConv-Transformer
shows a significantly reduced height, narrower spread, and a more concentrated error
range, further indicating that by adequately learning the underlying relationships among
battery operating signals, we can ensure the stability of SOH estimation accuracy to a
certain extent.

Table 3. Comparison of estimation results.

Model RMSE (%) MAE (%) MAPE (%)

CNN-GRU 0.632 0.479 0.472
CNN-LSTM 0.612 0.462 0.454
CNN-Transformer 0.365 0.242 0.240
DimConv-Transformer 0.227 0.146 0.144
DimConv-GFNet (ours) 0.335 0.233 0.230

To evaluate the complexity and efficiency of our deep learning model for SOH estima-
tion, we consider the following two key metrics: Floating Point Operations (FLOPs) and
Parameters (Params). FLOPs quantify the sum number of floating-point operations required
for a single forward pass of the model. Generally speaking, a higher FLOP counts typically
suggests a more complicated model that takes more processing resources [44]. Furthermore,
Params represent the number of trainable parameters within the model, directly impacting
the model’s storage needs and training complexity. Although DimConv-GFNet exhibits a
RMSE of 0.335%, MAE of 0.233%, and MAPE of 0.230%, which are slightly inferior in accu-
racy compared to DimConv-Transformer, Table 4 indicates that the FLOPs and parameters
of DimConv-GFNet are less than one-third of those of DimConv-Transformer, with both
models having the same depth of two layers. The FLOPs and Params of DimConv-GFNet
are less than one-third of those of DimConv-Transformer, demonstrating that the GFNet in
this paper maintains the ability to learn global information while also being efficient and
having lower computational complexity than the Transformer.

Table 4. Comparison of model complexity.

Model FLOPs Params

DimConv-Transformer 208703559 2093737
DimConv-GFNet (ours) 54141494 656048
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(a) (b)

(c) (d)

(e) (f)

Figure 4. Comparison of different models for all test batteries. (a,b) RMSE, (c,d) MAE, and (e,f) MAPE.

Figure 5 shows some SOH estimation results for batteries from four batches. It can
be observed that the estimation results of DimConv-GFNet are not only closer to the true
values in terms of overall trends but also more accurate at points of capacity fluctuation.
The absolute error plots on the right side of Figure 5 clearly demonstrate that the DimConv-
GFNet model (red line) consistently exhibits the lower estimation errors across all battery
cycles. In contrast, other models experience significant error increases, particularly in the
later stages. This indicates that the DimConv-GFNet model offers considerable efficiency
and accuracy in SOH estimation tasks.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 5. (a,b) b1c9 results (c,d) b2c37 results (e,f) b3c17 results (g,h) b4c23 results.
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5. Conclusions

An innovative hybrid DimConv-GFNet model for SOH estimation is proposed in
this paper, which is formed using a combination of dimension-wise convolutions and
a global filter net. By exploring the relationships among voltage, current, temperature,
and time, DimConv successfully extracts multi-scale local features. The following GFNet
further captures global long-range dependencies in the Fourier frequency domain efficiently.
Compared to traditional Transformer attention architectures, the GFNet shows improved
performance regarding complexity and computational efficiency, achieving precise and
efficient SOH estimation.

Although this study demonstrates superior accuracy and computational efficiency
with DimConv-GFNet, there still remain some limitations. For example, the model requires
fixed-length data for the entire cycle, which is a problem to be improved for some special
battery operational conditions in the real word. Compared to traditional machine learning
methods, DimConv-GFNet still needs to be further simplified. In addition, the selection of
sampling points and the division of patches require further exploration. Future research
will aim to improve the aforementioned limitations, thereby strengthening its applicability
to real-world operating batteries.

To conclude, the introduced DimConv-GFNet model represents an important step
forward in the field of battery SOH estimation, offering a novel perspective for deep
learning-based battery state estimation algorithms. Ongoing refinements and optimizations
in the future may facilitate its application in engineering practice.
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