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Abstract
The rapid market adoption of electric vehicles (EVs) has been greatly driven by
advances in lithium-ion batteries over the past years. As batteries are used under
various load profiles in EVs, their capacity will decrease over time due to complex in-
teractions of multiple degradation mechanisms. This necessitates advanced battery
state-of-health (SOH) estimation and prediction. Existing methods rely on peri-
odically sampled data for battery SOH estimation and prediction. However, with
the ever-increasing measurements of battery data and complexity of algorithms, the
limited hardware resources in the onboard battery management system (BMS) are
strained. This makes the deployment of existing methods based on periodically
sampled data challenging. More so, the research on the topic is limited and few
sampling methods have been investigated, only validated on battery ageing datasets
under static protocol cycling.

The purpose of this thesis work is to develop data-efficient sampling methods for
battery SOH estimation and prediction. The performance of two sampling methods
has been evaluated on an open-source dataset for realistic EV driving profiles, and
benchmarked to the periodic sampling method. Battery SOH estimations and pre-
dictions were produced using a Gaussian Process regression (GPR) as it provides a
principled approach to handling uncertainties. To optimize the model, 29 features
were manually extracted and 4 different feature sets were created based on the fea-
ture’s correlation with capacity.

The experimental results showed that by using a 3-feature set with a hybrid of an
event-based and periodic sampling method, a more accurate SOH prediction could
be achieved while using significantly less data. Specifically, the proposed sampling
method and feature set reduced RMSE by 45.28% and the required data used for
inferring the model by 99.4%. To achieve even better results, improved features for
the machine learning model should be investigated. The results of the work show
that the method seems promising to alleviate the limited hardware resources of the
BMS.

Keywords: Lithium-ion batteries, Machine learning, State of health, battery health
prediction, Sampling methods, Event-based sampling, Electric vehicles, Energy stor-
age system.
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Below is the list of terms that have been used throughout this thesis listed in alpha-
betical order:

Acronyms

BESS Battery Energy Storage System
BMS Battery Management System
CC Constant Current
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EOL End Of Life
EV Electric Vehicle
FFT Fast Fourier Transform
GP Gaussian Process
GPR Gaussian Process Regression
ICA Incremental Capacity Analysis
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ML Machine Learning
NMC Nickel-Manganese Cobalt
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RUL Remaining Useful Life
SOC State Of Charge
SOH State Of Health
UDDS Urban Dynamometer Driving Schedule
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Nomenclature

Below is the nomenclature of parameters, and variables that have been used through-
out this thesis.

E Expected value
f Feature
FX Feature X
i Current
k Covariance function
m Mean
P Probability
Q Capacity
R Resistance
t Time
v Voltage
∆ Difference
µ Vector of means
Σ Covariance matrix
σ Standard deviation
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1
Introduction

With the escalating concerns regarding climate change; energy efficiency and sus-
tainability have become more relevant than ever before. This can certainly be seen
in electrical vehicles (EVs), which have seen a remarkable growth [1],[2]. Given that
climate change is an ongoing issue, and that the need for vehicles is expected to keep
increasing during the upcoming years [3], the number of EVs will likely continue to
grow rapidly. To ensure a sustainable future, it is therefore essential to further de-
velop electrical propulsion systems and energy storages.

Lithium-ion batteries (LIBs) have emerged as the primary choice for energy storage
solutions across a wide range of applications, such as EVs and stationary energy
storage systems [4],[5]. However, as a result of the complex interplay of different
physical and electrochemical mechanisms, the performance of LIBs degrades over
time [6]. To ensure safe and optimal usage of LIBs determining State-of-Health
(SOH) is an essential state in a health-aware battery management system (BMS).

While LIBs are one of the best options for chemically storing electric energy they are
also known for being sensitive to their operational conditions and environment, such
as temperature. This is why a BMS is needed to help protect the cell, while also
monitoring their health and operation. The BMS gathers data using a multitude
of sensors that are used to, for example, protect against overcharging, overuse, and
short-circuiting [7]. Most importantly, these sensors can also be used to determine
the battery’s present and future health. The problem is that predicting battery
health accurately with limited degradation data is challenging because of the LIB
degradation being nonlinear and in a very complex way influenced by operating
conditions and manufacturing variations [8].

While a lot of work has been put into creating comprehensive models for predicting
the SOH [9],[10], recent research has focused more on using machine learning tech-
niques [11], [12]. However, far more limited research has been put towards how to
sample the batteries’ metrics effectively. Sampling of the data is an essential step
as it determines what data is available to infer the battery’s health. While this
step is essential, sophisticated methods are yet to be developed for Battery Energy
Storage Systems (BESSs). This thesis work investigates how the capacity loss can
be predicted with more efficiently sampled battery data while retaining the battery
health estimation and prediction accuracy.
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1. Introduction

1.1 Previous Work
BMS has become a hot topic of research but that has only partially extended towards
the gathering of the data from the batteries. One relevant study by Yan et al. [13]
uses a form of event-based sampling, which they refer to as Lebesgue sampling, to
diagnose and prognose LIBs. They show that the traditional periodic sampling can
be swapped for an event-based approach, "execution only when necessary" to keep
performance while lowering the computational needs of the BMS. Their Lebesgue
sampling monitors the capacity and when a certain threshold has been reached a
new sample is taken, e.g. when the capacity has fallen 0.1 Ah since the previous
measurement. On the other hand, their approach requires separate models for di-
agnosis and prognosis, requiring additional development resources to implement.

The work done by Yan et al. was followed up in 2022 when Niu et al. [14] imple-
mented a Lebesgue-based strategy for sampling but to further improve the efficiency
and accuracy they used a deep belief network together with a sequential Monte Carlo
method. This shows that ML models are apt for use in health prediction applica-
tions.

1.2 Research Objective
To summarize, the main question this thesis addresses is the following:

How can battery management system’s energy efficiency be improved
by using more efficient sampling methods for health estimation in

electric vehicles?

To reach the main goal of the thesis, the following subquestions had to be answered:

• How can a baseline ML model be created using periodic sampling?

• How can new sampling methods be developed that lower the computational
complexity and data amount needed?

• How can the sampling methods and the ML model be optimized by using
aging-relevant features as inputs?

1.3 Limitations

To limit the scope of the thesis an open-source dataset was used [15] and no new
data was collected. The cells in the dataset are cylindrical lithium batteries with a
positive electrode of Nickel Manganese Cobalt (NMC) and a negative electrode of
Silicon-Graphite [16]. The temperature for all tests was reported to be a constant
ambient temperature of 23 °C.

2



1. Introduction

The project was limited to using one model for the predictions and time was not
spent comparing with other potential models. As the same model was used for all
sampling methods, comparisons could directly be made between the different sam-
pling methods.

The goal was to develop and validate new techniques for sampling battery data. The
proposed techniques will therefore only be implemented in software and, specifically,
the results are gathered using Python.

The work was limited to looking at batteries on cell level, where more details are
available and cells act independently from each other. Batteries on a pack level will
therefore not be included.

In battery literature, the conventional definition for end of life (EOL) of a battery is
80% of the initial nominal capacity or 200% of the initial nominal internal resistance
[12], [17]. The battery is then assumed to be unqualified for further use and has
therefore reached its EOL. Because of this, the focus is on only the batteries before
their EOL.

Another factor for BESS is the power output of the batteries. While this is highly
relevant for EVs, and we encourage future work to be put into this, it is not some-
thing that was explored.

1.4 Ethical Aspects of Consideration
With the research objectives in mind, it is always relevant to showcase what aspects
may be beneficial and/or detrimental to society and the environment. A more ef-
ficient way of predicting the SOH of the battery opens up the possibility to better
control its working conditions which extends the battery’s lifetime. There may also
be some negative ethical and environmental aspects as a result of this work. An
example of a negative consequence is that faults in the program can lead to unnec-
essary degradation of the battery which, in contrast to previous arguments, would
lead to faster reaching EOL.

An economic aspect relevant to the thesis and the relatively nascent market of EVs
is that prices for EVs are currently high meaning that the market is primarily acces-
sible for wealthier people and organisations. This implies that this work will mainly
benefit these individuals and institutions. On the other hand, it is anticipated that,
in the long term, it could contribute to reduced prices for EVs and other BESSs
applications fostering accessibility across a broader spectrum of society.

For the work, a constant ambient temperature and pressure will be assumed. This
can be seen as an ethical discussion since it means that the results of the work may
not be fully accurate to every location depending on the environmental conditions.
For example, the requirements to make an optimal method in the context of Sweden
and its cold climate may differ from another country with a warmer environment.

3



1. Introduction

Lastly, to limit the project within reasonable bounds, aspects regarding the manufac-
turing of the battery were outside this work’s scope. However, there are well-known
problematic aspects, such as human rights abuse, related to the extraction of the
materials used in battery production, such as cobalt, that should be mentioned when
working with related subjects [18].

1.5 Structure of the Paper
The rest of this paper is structured as follows: Section 2 introduces the background
of the project and clarifies some theory needed to understand the methodology.
Section 3 describes the process of the work; what and how it was done. Section 4
presents and discusses the results of the features and the prediction model. Section 5
summarizes and concludes the work and ends by bringing forth potential future
work.

4



2
Background

2.1 Lithium-ion batteries
LIBs are rechargeable batteries that can take on many shapes and materials. They
are commonly used in a large range of different applications such as portable elec-
tronics, power tools, and are the primary choice for energy storage in electric ve-
hicles because of their relatively high energy density, fast charging and their low
self-discharge rate [4], [19].

A battery is built up of three main parts: a negative electrode, a positive electrode
and an electrolyte. A separator is placed between the electrodes to avoid contact
that would cause a short circuit in the battery. Some common materials of LIBs
are Nickel-Manganese Cobalt (NMC), Lithium Iron Phosphate (LFP), graphite and
Lithium-Titanate Oxide (LTO). The materials used make for different behaviours,
advantages and disadvantages.

The anode and cathode store lithium and lithium ions are transported between them
through the electrolyte during charge or discharge. When the battery is being dis-
charged, the lithium-ion particles move from the negative to the positive electrode.
Electrochemical oxidation and reduction reactions take place at the electrodes, redox
reactions. On the negative electrode oxidation take place, releasing an electron that
moves thought the external circuit to the positive electrode where reduction take
place. When the battery is being charged, the lithium ions and the electrons are
moving in the opposite direction, which charges the battery. The maximum capacity
of the battery depends on the amount of active electrode material and its potential
to store lithium. Different materials have different electrochemical potentials. The
cell voltage is the difference between the two electrode materials electrochemical
potentials and will therefore depend on the battery chemistry [20].

The rest of the section will talk about the most important aspects of LIBs for this
work, which are the capacity, how it is determined, and the SOH; what it is and
how it is defined.

2.1.1 Battery Capacity
The battery capacity is the main metric required for estimating the health of a
battery. Capacity is a metric that specifies the amount of energy, or specifically,

5



2. Background

the amount of electric charge stored in a battery. To accurately establish its value
is therefore a top priority when creating a model to determine the SOH. Coulomb
counting is a common way to determine a battery’s capacity. It is a method that
works by integrating the current supplied to the battery during charging. A battery’s
capacity can therefore be explained by

Qbat =
∫ T

0
i(t) dt, (2.1)

where Qbat denotes the battery capacity, i is the charging current, and T is the time
required for the battery to be charged from 0% to 100% [19].

2.1.2 State of Health
Since batteries undergo degradation during their lifetime, both due to calendar-
ageing and usage, the prediction of their health is necessary to make sure to use the
battery properly. An accurate SOH prediction opens up the possibility of ensuring
safe operation, extending the lifetime and minimizing costs of maintenance for the
battery [21].

There is no standardised way of estimating the SOH for a LIB, different organi-
sations use different methods to define the current state of the battery [11]. The
general purpose of defining and estimateing the SOH of the battery is to better con-
trol it and predict the RUL until it reaches its EOL. The definition of EOL for a LIB
may differ for different applications. The broad way to define it for EV applications
is when it can no longer reach the requirements for typical usage. This is usually
calculated using the capacity and internal resistance as key parameters, where EOL
is reached if either the capacity has dropped below 80% of its initial capacity or the
internal resistance has reached a value twice its initial value [12].

The reason for the degradation in the battery and why these key parameters are
affected depends on several factors such as temperature, intensity of usage, and
variability during manufacturing, which makes the predictions hard to perform [17].
The degradation can be defined using the following equations:

SOH = REOL − Rpresent

REOL − Rinitial

(2.2)

SOH = Qmax

Qinitial

· 100 (2.3)

where REOL, Rpresent and Rinitial is the internal resistance of the battery at EOL,
now and at the initial state respectively [12]. Qmax is the maximum capacity at the
current cycle and Qinitial is the initial capacity of the battery.
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2. Background

2.2 Prediction model
When predicting the SOH for a battery, there are several approaches to make the
estimation. The three general approaches used are analytical model-based methods,
empirical ageing maps, and data-driven models [17], [22].

The analytical model-based method is built up by a "physics-based" battery model
usually using the equivalent circuit model to predict the deviation. Other analytical
model-based methods are using a electrochemical models or continuum approaches
using porous-electrode theory. The model uses parameters such as voltage, current,
and temperature to simulate battery behaviour under various operating conditions.
By comparing these simulations with actual battery performance data, deviations
can be analyzed and used to estimate the battery’s SOH [17], [22].

The idea of empirical ageing maps is to model the capacity fade as a function of
time. The method then uses an ageing function or a look-up table of previous pa-
rameter relations for a certain operating condition to predict the future or present
capacity. Recent research has divided it into two functions, one for calendar ageing
and one for cycle aging, to model each component more accurately [17].

To predict capacity using data-driven approaches means making a model directly
from the data instead of trying to physically derive the behavior of batteries. This
model can either use raw data or features as input. Extracting features requires an
additional step in pre-processing where relevant parameters are extracted from the
data. The advantage of using a feature-based data-driven approach is that the model
can be less complex and require less training data [17]. ML models are a commonly
used data-driven approach based on a program performing specific tasks without
being specifically programmed to do so. Using this, a model can be created that
predicts the battery’s capacity without using knowledge about the internal chemical
reactions or behavior of the battery.

There are numerous models and architectures that exist in the field of ML depending
on what the model should be used for. A Gaussian Process Regression (GPR) has
been shown to be a suitable ML model for predicting capacity. It offers flexibility
in its use cases and is commonly used for regression [23]. GPR is a supervised, non-
parametric ML model that in contrast to simple regression methods, such as linear
regression, outputs probabilistic functions to give a more accurate representation of
the prediction and its’ uncertainty.

2.2.1 Gaussian Processes
The details of a Gaussian Process (GP) can further be explained by its’ underlying
math. The output for any finite input points X = x1, x2, .., xN is a Gaussian prob-
ability distribution Pf = p(f(x1), f(x2), .., f(xn)) with a mean m(x) and covariance
function k(x, x′) that determine its confidence interval. Therefore, the GP itself is
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a collection of random variables with a joint Gaussian distribution as described by

f(x) ∼ GP(m(x), k(x, x′)), (2.4)
where x is the input vector, m(x) is the mean of the input, k(x, x′) is a covariance
function between the input vector and the previous vector and GP refer to it being
a Gaussian Process [23],[21].

The mean and covariance function, respectively, are denoted by

m(x) = E[f(x)] (2.5)
and

k(x, x′) = E[(f(x) − m(x))(f(x′) − m(x′))T ], (2.6)
where E is the expected value and f(x) is a sample from the GP for inputs x. This
is the definition for a single vector but to fully explain the probability distribution
of all points X, the following equation is used:

Pf (X) = N




m(x1)
m(x2)

:
m(xn)

 ,


k(x1, x1) k(x1, x2) .. k(x1, xn)
k(x2, x1) k(x2, x2) .. k(x2, xn)

: : : :
k(xn, x1) k(xn, x2) .. k(xn, xn)


 , (2.7)

where the collection of mean values m(x1), m(x2), .., m(xn) can be denoted as µ
and the matrix of covariance functions k(xi, xj) as Σ, henceforth refereed to as the
covariance matrix, such that

Pf (X) = N
(
µ, Σ

)
, (2.8)

which is a more concise definition.

The covariance matrix, Σ, defines both the shape of the distribution as well as
the characteristics of what is being predicted. Setting it up correctly is therefore
paramount for GPs to behave similarly to what they are trying to model. By defin-
ing the covariance matrix in specific ways it becomes possible to model scenarios
including complex nonlinear systems such as LIBs [23].

Designing the covariance matrix is done by using kernels of the GP. Here, kernel
is simply a different word used for covariance function, and its general purpose is
to return a similarity measure between function values at two inputs x and x’, i.e.,
cov(f(x), f(x′)) = k(x, x′). There are a number of different kernels commonly used,
three of which will be highlighted here.

The Radial Basis Function (RBF) is the most standard kernel currently used and is
also known as the Squared Exponential (SE) kernel. The kernel function is defined
as:

kRBF (x − x′) = exp
(

−|x − x′|2

2l2

)
, (2.9)
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where the parameter l is the lengthscale which defines how the function changes
along the horizontal axis. A small value of l means that the function oscillate faster
and more dramatically. An underlying assumption for RBF is that the function
it models is smooth and infinitely differentiable, something limiting its’ use case
in real-world processes. The output from a GP is built up by an infinite number
of samples and produces a Gaussian distribution at each point x. A handful of
samples from an RBF kernel along with its corresponding distribution are shown in
Figure 2.1. The visualisations are made with an online tool found at [24].

Figure 2.1: Visualisation of an RBF kernel’s prior distribution used for GP re-
gression, with four coloured sample functions. The dotted line represents the mean,
with its’ first and second standard deviation being coloured dark and light teal re-
spectively.

Another commonly used kernel is the Matérn kernel which is a class of functions
that are defined as

kMatérn(x − x′) = 21−ν

Γ(ν)

(√
2ν(x − x′)

l

)ν

Kν

(√
2ν(x − x′)

l

)
, (2.10)

where ν is the smoothness factor, l is again the lengthscale, Γ is the gamma function
and Kν is a modified Bessel function. It is k times differentiable, where k < ν. The
kernel is usually used with ν = p + 1/2, p being a natural number, making it
significantly simpler. For ML two commonly used values are ν = 3/2 & ν = 5/2,
i.e.

kMatérnν=3/2 =
(

1 +
√

3(x − x′)
l

)
exp

(
−

√
3(x − x′)

l

)
(2.11)

kMatérnν=5/2 =
(

1 +
√

5(x − x′)
l

+ 5(x − x′)2

3l2

)
exp

(
−

√
5(x − x′)

l

)
(2.12)

Contrary to the RBF, the Matérn kernel has a varying amount of smoothness al-
lowing it to better model a larger variety of scenarios. Note that when ν → ∞ the
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Matérn kernel becomes identical to the RBF kernel. A handful of samples from a
Matérn kernel along with its corresponding distribution are shown in Figure 2.2.

Figure 2.2: Visualisation of a Matérn kernel’s prior distribution, used for GP
regression, with v = 3/2 and four coloured sample functions. The dotted line
represents the mean, with its’ first and second standard deviation being coloured
dark and light teal respectively.

The last kernel to mention is the Linear kernel. It is in practice equivalent to the
classic Bayesian linear regression and is given by

kLin(x − x′) = σ2
b + (x − c)(x′ − c) (2.13)

where c is the offset that determines at what x-coordinate the posterior lines will go
through, and σ2

b determine where the function will cross the x-axis. An example of
how a linear kernel distribution can look like can be seen in Figure 2.3.

Figure 2.3: Visualisation of a Linear kernel’s prior distribution used for GP regres-
sion, with three coloured sample functions and parameter σ2

b = 2. The dotted line
represents the mean, with its’ first and second standard deviation being coloured
dark and light teal respectively.

10



2. Background

The kernels can be used stand-alone or be combined to create a composite kernel
that best fits the situation where the GP will be implemented. When trained, the
hyperparameters of this composite kernel are optimized to the training data. The
next step is to let the trained model observe the test data. With a data point, the
probability collapses into a known value as seen in the example of Figure 2.4.

Figure 2.4: Visualisation of the posterior distribution of the RBF kernel with two
data points being observed. The dotted line represents the mean, with its’ first and
second standard deviation being coloured dark and light teal respectively.

These two parts: optimizing a kernel and having observed data points to collapse
the distribution, make it possible to train a model capable of approximating the
behaviour of LIBs.

2.3 Sampling methods for battery health estima-
tion and prediction

Different sampling methods can be used for collecting information from batteries.
Two that offer distinct strengths and advantages are Periodic and Event-based. Pe-
riodic sampling is the more straightforward and traditional approach where data is
collected with a predetermined period [13]. As shown by Gu et al. [25], a higher sam-
pling frequency for this method results in better health diagnosis at the cost of more
data to handle. Event-based sampling, also known as Lebesgue-based, is the other
alternative and has been shown to have high potential, first by its pioneers Åström
and Bernhardsson [26] and recently by Yan et al. [13] and Niu et al. [14]. It is an
approach that can be described as a reactive way of collecting data, only doing so
when the measurement has changed enough to justify it. This ensures that sampling
is only done when the data has been changed and is relevant for new processing [13].

Three different sampling methods, one periodic and two different event-based sam-
pling methods were explored and are explained in this section.
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2.3.1 Periodic sampling method

The periodic sampling method is based on data being extracted with periodic time
intervals regardless of any events that may happen within the cell. The intervals at
which the data is sampled are kept constant throughout the whole life of the cell as
illustrated in Figure 2.5.

Figure 2.5: Visual representation of a periodic sampling with a period of 1.6 weeks
and samples represented by the red dots.

2.3.2 Event-based sampling method 1

For the first event-based sampling method, data will be sampled as the capacity of
the cell has fallen by a certain amount, ∆Q, as illustrated in Figure 2.6. The value
of ∆Q can be decided depending on the purpose and can either be a fixed absolute
value or a percentage of the initial capacity value. By choosing it to be a fixed value,
∆Q would take on the same value for all cells. If ∆Q is set to a percentage of the
initial value, ∆Q is kept constant throughout the whole life of the cell but would
vary between different cells, because of variations in their initial capacity. Using the
second defined ∆Q, the number of samples taken from the data during a cell’s life
can be fixed since the EOL per definition will occur at 80% of the initial capacity.

12



2. Background

Figure 2.6: Visual representation of the first event-based sampling method with a
∆Q of 0.05 Ah and red dots representing the samples.

2.3.3 Event-based sampling method 2
The other event-based method is sampling the data when the capacity is degrading
faster than a certain threshold value. Fixed time intervals are derived from the
capacity curve. Within each time interval, the capacity fade is determined and if
the decrease is larger than the threshold value, the sampling is triggered. This means
that the time intervals, ∆T, will be kept constant for the whole life of the cell while
∆Q is a parameter calculated from the capacity and will therefore vary within each
time interval. This sampling method is illustrated in Figure 2.7, showing the fixed
time intervals and the different ∆Q. Using this sampling method, data is collected
when the degradation of the capacity is quick and when important events may occur.
The number of samples cannot be decided for this method since it is dependent on
the behavior of the capacity fade of the specific cell.

Figure 2.7: Visual representation of the second event-based sampling method with
a period of 4 weeks and the red dots representing the samples where ∆Qi has reached
the threshold.
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2.4 Dataset
The dataset used in this work was generated by Pozzato et al. [15] at Stanford En-
ergy Control Laboratory, Stanford University. The dataset consists of experimental
cycling and diagnostic data for ten NMC cells, LG Chem’s INR21700-M50T [16],
that were tested over 28 months in a temperature-controlled environment of 23°C.
It was chosen because it uniquely replicates a typical EV discharge profile by fol-
lowing the Urban Dynamometer Driving Schedule (UDDS), making the dataset a
more realistic representation of how batteries would be aged in a real-life scenario.

The data is divided into 14 phases, with a reference performance test (RPT) con-
ducted at the end of each phase. Before ageing begun, a starting RPT was performed
to characterize the battery’s initial condition. The RPT includes tests to determine
the following: capacity through a capacity test, high frequency resistance through
a hybrid pulse power characterization test, and impedance through electrochemical
impedance spectroscopy testing.

The load cycles consists of 6 steps. The first 4 steps are for charging up to 100%
State Of Charge (SOC), where step 1 and 3 are constant current charging and step
2 and 4 are constant voltage charging as seen in Figure 2.8. The last 2 steps are
for discharging, where step 6 follows the UDDS protocol and shows the dynamic
nature of discharge that UDDS entails. Discharging is finished when SOC reaches
20%. The data for current, time during phase, charge capacity, discharge capac-
ity, step_index and open circuit voltage calculated from SOC was collected with a
frequency hovering around 10 Hz.

Figure 2.8: The 6 steps of an arbitrary cycle for current (black) and voltage (blue)
from the ageing battery data set. Note the location of 0 A on the right y-axis.
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The cells were charged with different C-rates during the second step of each cycle.
The C-rates for each cell are represented in Table 2.1 together with the names of
the ten cells. All other steps were cycled identically between the cells.

Table 2.1: Names and C-rates for the cells

Cell name W3 W4 W5 W7 W8 W9 W10 G1 V4 V5
C-rate for step 2 3C C/4 C/2 C/4 C/2 1C 3C 3C C/4 1C
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3
Methodology

The work is divided into two main phases, first establishing a baseline using periodic
sampling, and secondly testing the proposed sampling methods. A visualisation of
the ML pipeline can be seen in Figure 3.1. By implementing new sampling methods
the data available for the system changes, which requires the features to be adapted
appropriately. By also designing the features correctly, the model can operate more
efficiently making the features important for the system.

Figure 3.1: Flowchart of the proposed ML pipeline for capacity prediction.
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3.1 Experimental design and pre-processing
The experimental results are gathered on a system running an Intel Core i7-11850H
with Windows Version 10.0.19045 and Python 3.11.7. The libraries used in Python
can be found in Table 3.1.

Table 3.1: Python libraries used for implementation.

Library Version
Numpy 1.26.3
Pandas 2.2.0
SciKit-learn 1.4.0
MatPlotLib 3.8.2
SciPy 1.12.0
Seaborn 0.13.2

To make the ML models as efficient as possible, a preprocessing phase to shape the
data with the right parameters was added. The preprocessing was initially planned
to include filtering of the data and regression to reduce the dependency of its sam-
pling frequency.

For filtering, mainly two different methods were investigated to make it as suitable
as possible, window-based filtering and local outlier factor (LOF). When running
those filters on the data a couple of issues were detected. Using the window-based
filtering, some of the periodic peaks in the data were removed which would change
the characteristics of the data. For the LOF, one could also see that useful data were
removed while the noise remained. Since none of the methods resulted in a fully suit-
able solution and the data seemed to not include much noise or outliers, the decision
was made not to filter the data in the preprocessing. This way the ML model had to
handle all the data and filter these things out based on the overall shape of the data.

After filtering, we aimed to perform regression analysis on the raw data to repli-
cate the behaviour. The regression would give a function of time for the different
parameters that would not be dependent on the sampling frequency of the measure-
ments of the raw data. To make the regression, a couple of different methods were
investigated including simple moving average, spline regression, gaussian process re-
gression, random forest, and Fast Fourier transform (FFT). None of the mentioned
methods were able to provide a good-looking regression of the large data set used,
except FFT. The regression resulted in a function describing the behaviour of the
different parameters. However, because of the complex shape of the data, the func-
tion contained a large amount of components which caused problems in handling it
for further computation. Because of the computation problems, the regression was
not used further in the project.
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As a result, the final preprocessing for the data was a removal of duplicate values
and re-structuring the file format. When structuring the data, it was converted from
separate MATLAB files for each phase into csv files, one for each cell including all
phases with a downsampling factor of 50. While current, voltage, and step index
could be directly extracted, time needed to be converted into absolute time. This
is because after each RPT is completed the time measurements are reset, meaning
that each phase counts time from 0. To convert to absolute time, the last time value
of each phase is stored away to be used as the starting time of the following phase.
Additionally, two new variables were introduced to simplify future calculations. The
first variable introduced was the start time for the current cycle which could be used
as a cycle count. The second variable introduced was capacity. The most reliable
data points available for the capacity were obtained from the RPTs at the start
and end of each phase. To get values during the phases, the capacity was linearly
interpolated between the RPTs. The interpolated capacity curves for the cells can
be seen in Figure 3.2.

Figure 3.2: Absolute interpolated capacity for all cells from the ageing battery
dataset.

When using a data-driven model, one crucial design decision is how to split the data
into test data and training data. A label was added to each data point called ’cell
marker’ to identify which cell a certain data point was taken from. This marker
allows the data to be split by cell, enabling training and testing by specific cells
for the ML. When looking at the interpolated capacity for all cells (see Figure 3.2),
it can be seen that not all cells go through all 14 phases. It can also be seen that
capacity starts to diverge after 16 weeks. Because of its overall predictable behaviour
and that it went through all phases, cell W8 was chosen to be the designated test
cell. The model and pipeline are designed to work for any cell but the results for
this work are based on this cell.
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3.2 Sampling methods for battery health estima-
tion and prediction

The project will compare capacity predictions using different sampling methods.
In this section the implementation of the three sampling methods that were used
are explained, with the first being the periodic sampling used as the baseline. The
sampling is performed only on the test data since training the ML model is done
using data from all cycles.

3.2.1 Periodic sampling method
Periodic sampling was implemented to establish a baseline for the different sampling
methods. The main idea behind implementing the periodic sampling is a simulation
of reading measurements from a vehicle’s sensors by downsampling the dataset’s
measurements. As the dataset has a measurement frequency of 10 Hz a downsam-
pling by e.g. 600, results in a simulated sampling frequency of 1/60 Hz = 1 min.
Therefore setting the downsampling factor of the data directly amounts to setting
the time period of the sampling.

Downsampling is not only done to act as periodic sampling, but it is also necessary
to reduce the size of the dataset due to computational limitations. Depending on
the features used for the prediction model, the downsampling factor needed to be
adjusted according to the size of those features. For example, using all the time
data from the time series takes more memory and storage than a narrow feature
that is more directly correlated with capacity. The downsampling factor was there-
fore set as low as possible while still being able to fit the data in memory when
training the model. To accomplish this the downsampling factor was incrementally
increased until the data could be successfully allocated. For the periodic sampling,
the smallest downsampling found was a factor of 5000 which corresponds to a simu-
lated sampling frequency of 8.3 min and was used for the baseline results. By using
the established time period, the measurements from current, voltage, step index,
and time were extracted for each phase.

3.2.2 Event-based sampling method 1
For the first event-based sampling method, data were extracted each time the cell
capacity from an RPT decreased by 0.6% from its previous capacity. The method is
illustrated in Figure 2.6 (note that the value of ∆Q in the figure is an example and
does not represent 0.6% of the initial capacity). To accomplish the sampling for this
criteria, the capacity curve was investigated. Whenever a decrease of Qinit · 0.006 · x
Ah was observed, the time for the event was saved into an array. x was specified to
be an integer > 0 and the criteria could only be triggered once for each value of x
for one cell.
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For each time the sampling was triggered, the cycle for this event was identified.
The data for the whole cycle was then extracted and considered the event-based
sampled data. To obtain information on the cell’s initial state, the second cycle was
also extracted regardless of any capacity fade. The number of events triggering a
sample for each cell is specified in Table 3.2.

Table 3.2: Number of samples for each cell using the first event-based sampling
method

Cell name W3 W4 W5 W7 W8 W9 W10 G1 V4 V5
Number of samples 3 9 13 4 14 13 13 9 9 3

3.2.3 Event-based sampling method 2 / Hybrid
Besides the first event-based sampling method previously described, a second event-
based sampling method was investigated. This method was based on the change in
capacity within fixed time intervals for the cell. The basic idea of the method builds
on an interpolation of the capacity values from the RPTs of the cells. Using the
interpolated graph of the capacity over time the capacity change was investigated
for fixed time intervals by calculating the percentage difference within each specific
interval, as illustrated in Figure 2.7. The number of samples for different values of
the time intervals (∆T) and the capacity change (∆Q) were tested and are presented
in Figure 3.3.

The first time interval investigated was ∆T = 13.1h which corresponds to the aver-
age time of one cycle based on all cells. The spread of samples for different values
of ∆Q using this time interval is illustrated in Figure 3.3a. As can be seen, the
cells had widely different values of ∆Q to reach the same number of samples. The
∆Q that triggers the samples is measured in percentage. The only clustering of the
number of samples can be seen with ∆Q around 0.040% - 0.0415% where 5 cells
gather with about 20 samples each. For the rest of ∆Q the cells are more spread
out. This spread of values complicated the choice of ∆Q since no value would give
a reasonable number of samples for all cells.

To solve this problem, samples were also investigated for ∆T = 18.3h, corresponding
to the average time for one cycle based on the cells going through all 15 RPTs. The
number of samples for different ∆Q using ∆T = 18.3h is illustrated in Figure 3.3b.
As can be seen in the figure, this value of ∆T resulted in a slightly more compact
clustering than ∆T = 13.1h with 6 cells but still with a quite high number of sam-
ples around 17.

Finally, the number of samples was also investigated for ∆T = 24h, representing
one day. This distribution is illustrated in Figure 3.3c. As can be seen in the figure,
the clustering for this ∆T appears at a lower number of samples, around 12.
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Figure 3.3: a. Number of samples for different ∆Q using ∆T=13.1h b. Number
of samples for different ∆Q using ∆T = 18.3h c. Number of samples for different
∆Q using ∆T = 24h.

Based on these results, the fixed time intervals were chosen to ∆T = 24h together
with a capacity change threshold value of 0.0762 %. These parameters result in the
number of samples for each cell that is shown in Table 3.3.

Table 3.3: Number of samples using the chosen fixed time interval and capacity
change threshold, only using the second event-based sampling method

Cell name W3 W4 W5 W7 W8 W9 W10 G1 V4 V5
Number of samples 11 12 0 11 9 3 0 11 0 5
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As can be seen in Table 3.3, some cells were never triggered. This means that the
data of these cells wouldn’t be used for validation of the sampling method and that
an estimation of the capacity degradation of these cells wouldn’t be possible. Be-
cause of this, the sampling method was made hybrid by adding a sparse periodic
sampling to ensure data for all cells were captured.

Turning the sampling method hybrid would also be positive since it makes it useful
for a wider range of behaviors of the batteries. If the threshold of the event-based
sampling were to never be met, battery degradation could continue until EOL with-
out any samples being triggered. Adding a sparse periodic sampling ensures that the
sampling was triggered at some point even if the event-based threshold was never
met.

If a trigger by the capacity degradation didn’t occur, the degradation of the battery
was slow which meant that the periodic sampling could be sparse without losing any
critical data. Different values for the periodic sampling of each cell were investigated
and can be seen in Figure 3.4. As can be seen in the figure, there is no obvious
clustering where the cells have a similar number of samples for the same value of T .
Because of this, an arbitrary value of T was selected where all cells had a reasonable
number of samples. The interval of the periodic sampling was set to T = 3.5 · 106s
or T = 5.5 weeks. If the sampling was triggered by capacity degradation, the
countdown for the periodic part was reset, meaning that it wasn’t executed if not
needed. In addition to the cycles extracted based on the sampling criteria, the
second cycle of the cell was extracted to get information on the cell’s initial state.
The new number of samples using the hybrid sampling method is shown in Table 3.4.

Figure 3.4: Number of samples for different periodic sampling times using T =
24h
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Table 3.4: Number of samples for each cell using the hybrid sampling method

Cell name W3 W4 W5 W7 W8 W9 W10 G1 V4 V5
Number of samples 11 16 8 12 15 9 7 13 2 5

From now on this sampling method will be called the hybrid sampling method and
the purely event-based method in Section 3.2.2 is now referred to as the event-
based method.

3.3 Feature engineering
To train a GPR model with accurate SOH prediction, appropriate features need to
be extracted and selected as inputs. A feature is a measurable property showing a
correlation to the model’s output and depend on the measurements available in the
dataset. In this case, features were chosen to show a strong correlation to the ca-
pacity of the battery. Since the hybrid and event-based sampling methods extracted
full cycles when triggered, the features was chosen to only depend on one cycle to
be applicable to all three sampling methods.

To find appropriate features that would give the model a clear indication of the
capacity degradation of the battery, several features were extracted and investigated.
Since not all features would contribute to efficient training and testing of the model,
a feature selection was executed which will be explained further in Section 3.3.6. A
brief introduction to each feature investigated will follow as well as how that feature
was implemented.

3.3.1 Characteristics of voltage curve during charging mode
Four features from the voltage curve were extracted during charging. The voltage
curve together with its’ corresponding step index for one whole cycle is illustrated in
Figure 3.5. The features selected from the data had step indices 9 and 10 to match
the desired durations of the cycles, constant current (CC) charging and constant
voltage (CV) charging mode. These features have been previously implemented
with a GPR for SOH estimation by Yang et al. [27] using a dynamic drive cycle and
are proven to give high accuracy and robustness to the model . As the battery ages,
the characteristics of the charging curves will change, making them useful indicators
of the SOH. The details of the four features extracted from the charging curves
are explained below and illustrated in Figure 3.6. For information about how the
voltage curves behave over time for all cells, see Appendix A.

• Feature 1 (F1): Time of CC mode. As the number of cycles increases, the
charging time in CC mode is expected to decrease because of a decreased ca-
pacity and increased impedance. The increased impedance gives rise to higher
polarisation and can be observed in Figure 3.6 where one can see a shorter CC
mode duration the later the phases are. This phenomenon is significant for
this specific cell but has varying significance for the different cells in the data
set. Because of this, the time of CC mode is extracted as a feature.
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• Feature 2 (F2): Time of CV mode. As time spent in CC mode decreases, the
corresponding time in CV will increase to fully charge the battery. The time
for the battery to be fully charged in CV mode is a result of the ageing of the
battery and can be seen as an inverse indicator of the battery’s SOH. Because
of this, the time of CV mode is extracted as a feature.

• Feature 3 (F3): The slope of the voltage curve at the end of CC charging
mode. As can be seen in Figure 3.6, the end slope of the CC charging mode
seems to be stable for each individual phase. This means the slope can be
extracted through F3 = dV

dt
≈ ∆V

∆t
. For a fixed sample interval, this means

that F3 will be directly proportional to ∆V and, being extracted from the CC
mode, also directly proportional to ∆V

∆t
. This way F3 can be an indicator of

the internal resistance, which is closely associated with the SOH. The slope is
based on the 5 last data points for the CC charging mode. Because of this,
the end slope of CC mode is extracted as a feature.

• Feature 4 (F4): The vertical slope at the corner of the CC charging curve.
Figure 3.6 shows how the voltage increases fast at the beginning of the CC
charging phase to at a certain point start increasing slower. The shape of this
corner changes as the battery ages. For later cycles, the curve tangent slope
seems to increase, which means the perpendicular slope will have a decreasing
trend related to the battery aging which can be used as an SOH indicator
in the model. Because of this, the perpendicular slope at the corner of the
voltage curve is extracted as a feature.

Figure 3.5: Voltage curve (orange) and step index(blue) for one cycle of cell W9
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Figure 3.6: Ageing voltage curve for CC and CV mode of cell W9 with features
F1-F4 illustrated

3.3.2 Depth of discharge
To quantize the charge level in a battery one can express it with the SOC level,
meaning that the SOC level is 100% when the battery is fully charged. The charge
level can also be explained using the term depth of discharge (DoD). The DoD is
the opposite of the SOC meaning that the cell has 100% DoD if fully discharged.
According to [28], the definition of the DoD is

DoD = Qcurrent

Qinit

· 100% (3.1)

where Qcurrent is the current capacity and Qinit is the inital capacity of that cycle
calculated using equation 2.1.

The relation between DoD and the health of a LIB has been investigated by Khizbullin
et al. [29]. They conlcluded that DoD has a strong relation to the degradation of
the battery since it indicates capacity depletion in relation to the nominal capacity.
They show in their work that going from 100% to 50% DoD during usage, the num-
ber of cycles performed before EOL is reached could increase by 220% which shows
a strong relation between the SOH and DoD of the battery.

During usage of the battery, it will undergo degradation and the internal structure
will start to change. According to Chang et al. [30] the degradation is caused by
factors such as the thickening of the solid electrolyte interface layer, lithium plating
and dendrite growth on the anode surface. Varying the DoD can accelerate these
factors, causing the battery to reach EOL at an earlier stage.
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The maximum DoD of a cycle will be considered a feature for the ML model and
will be referred to as Feature 5 (F5). The initial capacity was approximated to the
nominal capacity value of 4.85 Ah [16]. Further, the battery was assumed to be fully
charged for all cycles and no faults were taken into consideration.

3.3.3 Time

Another feature extracted from the dataset, further referred to as Feature 6 (F6),
was time. During the time the cells undergoes the cycling and RPT’s, their capacity
degrades. Since the batteries in the dataset was constantly cycled, the time in this
case will be strongly correlated to the energy throughput. Because of this, the rela-
tion between time and capacity was investigated in the same way as the previously
described features, namely one value was extracted for each cycle performed. The
value chosen to be extracted was the starting time for the cycle.

3.3.4 Histogram-based voltage and current windows

According to Greenbank and Howey [31], using histogram-based features indicating
the time spent within certain voltage- and current intervals shows good results when
estimating the SOH for a LIB using a GPR. Because of this, these features were
investigated in this work.

The different voltage- and current windows chosen to be investigated were span-
ning between different thresholds represented by percentiles of the voltage. The
thresholds were chosen using Figure 3.7 and are shown in Table 3.5. The voltage
and current for the whole cycles during the test were taken into consideration when
extracting the features meaning that data were extracted from both the charging
and the discharging phase.

Figure 3.7: a. Probability distribution of time spent within voltage windows for
all cells b. Probability distribution of time spent within current windows for all
cells
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Table 3.5: Voltage- and current limits for the used percentiles

Percentile Voltage [V] Current [A]
1st 3.20 −2.62
5th 3.51 −1.66
30th 3.91 0.00
90th 4.00 0.89
99th 4.20 2.51

All combinations of these thresholds were investigated where the value of the features
was represented by the time spent within the specified range. The features extracted
are given in Table 3.6 and 3.7.

Table 3.6: Features extracted from Voltage ranges

Feature Name Percentile limits Voltage Range [V]
F7 1st to 5th 3.20 < V < 3.51
F8 1st to 30th 3.20 < V < 3.91
F9 1st to 90th 3.20 < V < 4.00
F10 1st to 99th 3.20 < V < 4.20
F11 5st to 30th 3.51 < V < 3.91
F12 5st to 90th 3.51 < V < 4.00
F13 5st to 99th 3.51 < V < 4.20
F14 30st to 90th 3.91 < V < 4.00
F15 30st to 99th 3.91 < V < 4.20
F16 90st to 99th 4.00 < V < 4.20

Table 3.7: Features extracted from Current ranges

Feature Name Percentile limits Current Range [A]
F17 1st to 5th −2.62 < A < −1.66
F18 1st to 30th −2.62 < A < 0.00
F19 1st to 90th −2.62 < A < 0.89
F20 1st to 99th −2.62 < A < 2.51
F21 5st to 30th −1.66 < A < 0.00
F22 5st to 90th −1.66 < A < 0.89
F23 5st to 99th −1.66 < A < 2.51
F24 30st to 90th 0.00 < A < 0.89
F25 30st to 99th 0.00 < A < 2.51
F26 90st to 99th 0.89 < A < 2.51
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3.3.5 Incremental Capacity Analysis
Incremental Capacity Analysis (ICA) is a technique that can be used to evaluate
a battery’s characteristics and has shown to be a promising feature that captures
a battery’s capacity loss [11],[32]. An incremental capacity curve is calculated per
cycle by,

IC = dQ

dV
, (3.2)

where Q is the capacity and V is the voltage. ICA requires a constant current,
which limits the curve to either be derived from step 1 or step 3 of the cycle (as
seen in Figure 2.8). Step 3 was chosen due to having the same c-rate between cells,
compared to step 1 where the rate varies between C/4 and 3C depending on the cell.
During this chosen step, the voltage goes from 4 V to 4.2 V at a constant current
of C/4 which limits the ICA to this voltage range and one peak. Using ICA on the
RPTs, which enables analysis for the entire operational voltage range of the cell,
more peaks were detected. From this, it was concluded that the peak in the range
of 4-4.2V was the most significant. Due to the nature of ICA’s definition it will
enhance the noise in the collected data. To reduce the noise and make sure that the
features could be extracted a Savitzky–Golay filter was implemented before features
were extracted [33]. In the ICA in the range of 4 - 4.2V (step 3), three features were
extracted: peak height (F27), peak position (F28), and peak area (F29), and are
illustrated in 3.8. The peak area was chosen to include the 30% highest values.

Figure 3.8: IC curve from cell W9 after being filtered with features F27-F29
illustrated
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3.3.6 Feature selection
In order to make the model efficient, all features may not be necessary for an ac-
curate prediction. A model based on less features will have better computational
efficiency than one with many features. Hence, a selection of the extracted features
was performed.

There are many options when analyzing the correlation of two features. In this case,
it was done using the absolute value of Pearson’s correlation coefficient

Si,j(fi, fj) =
∥∥∥∥∥ cov(fi, fj)

σ(fi)σ(fj)

∥∥∥∥∥ (3.3)

where fi and fj represent the features and σ is the standard deviation [31]. The
correlations of the features were then visualized in correlation matrices.

When the correlations between the different features were visualized, the selection
could be executed. The feature having the strongest correlation to the capacity were
identified and marked as a strong feature. The other features having a stronger cor-
relation than 0.85 to this feature were then removed in order to make sure not to
feed the model with redundant data. After the removal, the feature having the sec-
ond strongest correlation to the capacity was identified and the same procedure was
performed on this one. This was done until no features had a correlation stronger
than 0.85 to any other and all remaining features were numbered according to their
correlation to the capacity.

Since there initially was a large number of features, the features were divided into
different matrices where the histogram-based voltage and current windows features
were compared separately to each other. After making a selection of these features,
they were integrated into a single matrix including all remaining features. Based on
this matrix a final selection was done.

For future reference, a summary of all extracted features is documented in Table 3.8
together with their notation.
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Table 3.8: Names of features extracted for future reference

Feature Feature name
Time of CC mode F1
Time of CV mode F2
slope of voltage curve at the end of CC mode F3
Perpendicular slope at the corner
of voltage curve (CC mode) F4
DoD F5
Time of cycle start F6
Histogram-based voltage windows F7-F16
Histogram-based current windows F17-F26
Peak from ICA F27
Position from ICA F28
Area from ICA F29

3.4 ML Model
The ML model chosen for this project was a GP model. It is commonly used for
supervised learning tasks such as regression and gives a clear confidence score that
makes the output more representative of the real world. Examples of its use are
Richardson et al. [21] to accurately predict long-term capacity fade for LIBs and
Yang et al. [27] that successfully used a GPR for SOH estimation with a battery
under dynamic load.

Before the now extracted features could be used for ML they needed to be further
preprocessed. Firstly the capacity was normalised to each cell’s initial value so that
all cells started at 100%. The next step was normalising the features of the model
using Min-max normalisation to cover the range of 0-1. The last step was to sort
the data according to time. With the data prepared it was divided into a test set
containing the data for one cell, W8 in our case, and a training set containing the
remaining cells. Lastly, both of the sets were divided into inputs, X, and the corre-
sponding output, y.

Next, the GPR model needed to be set up. The kernel chosen was a Matérn kernel
combined with a white noise kernel to account for small inaccuracies in the data set.
This was chosen to get the general downward trend together with the less smoothed-
out results compared to the commonly used RBF kernel. The hyperparameter for
the Matérn kernel was set to 1 for l with bounds of 0.01 and 100 and ν was set to 2.5
to still have some smoothness. Finally, the GP was configured to not normalize the
output as this was done manually to get the final results in percentages of capacity
fade.
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With everything set up, the next step was to run through all the cases. Firstly,
the model was trained once with time and then once for each feature set using
the training data. This was to get one model per feature set that understood the
relation between the feature set and the capacity. The cases tested are shown in
Table 3.9 and the features included in each feture set is presented in Table 4.1
in Chapter 4. By only changing one parameter at a time, each change could be
validated by the new prediction. The next step was using the trained model with
the test data for each sampling method to gather all the prediction results. As a
GPR outputs a normalized value, the predictions had their normalizations reversed
to get the percentage capacity fade from the initial value. Finally, each scenario had
its RMSE and coverage probability calculated, i.e. how many of the test point lie
withing the 95% confidence interval.

Table 3.9: The cases’ combinations of features set and methods

Case Sampling method Feature set
1 / Baseline Periodic Time
2 Periodic 1
3 Periodic 2
4 Periodic 3
5 Periodic 4
6 Event-based Time
7 Event-based 1
8 Event-based 2
9 Event-based 3
10 Event-based 4
11 Hybrid Time
12 Hybrid 1
13 Hybrid 2
14 Hybrid 3
15 Hybrid 4
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Results

Using the methodology described in detail in Section 3, the feature selection and
prediction outputs will be detailed here. They will be analyzed and discussed in-
dividually, where the most notable and/or best results are highlighted. Due to a
lot of the results not being directly relevant to the overall conclusion, they will be
documented in appendices.

4.1 Feature selection
For the feature selection, the features were selected in different steps because of the
large amount of features in the initial set. For the first step, only the correlation
between the capacity and the histogram-based features was investigated. These cor-
relation matrices can be found in Appendix B (Figure B.1 and B.2). A large amount
of these features were strongly correlated to each other resulting in some of them
being removed in the feature selection process, as described in Section 3.3. After
this removal of strongly correlated features, the remaining features were included
in a correlation matrix with all other features to compare their correlation to the
capacity. This correlation matrix can also be found in Appendix B (Figure B.3).
From the matrix, the features were numbered based on their correlation to the
capacity. These features together with their correlations are shown in Figure 4.1.
The features showing the strongest correlation were selected for the feature sets used
to train the ML model as shown in Table 4.1.
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Figure 4.1: Correlation matrix for the strongest correlated features using the
training data. Values created the basis for feature selection.

Table 4.1: Feature sets used to train the ML model

Feature set Features
1 F6, F7, F5
2 F6, F7, F5, F2, F8, F20
3 F6, F7, F5, F2, F8, F20, F9, F19
4 1 F6

To validate the selected features for the training data, the correlation to the capacity
was also visualized for the test data using the periodic sampling method. This is
shown in Figure 4.2.

1Because the other feature sets showed unexpected results when running the model, a fourth
feature set was added. Feature set 4 was only based on the most correlated feature, F6
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Figure 4.2: Correlation matrix for the strongest correlated features using the test
data.

4.2 Prediction
In the following section, the performance of the model using the different sampling
methods will be showcased. The plotted predictions of the best-performing case for
each sampling method will be shown together with some notable results. For plots
of all cases defined in Table 3.9, see Appendix C.

4.2.1 Periodic sampling method
When running the developed model for the different cases using the periodic sam-
pling method, it resulted in the amount of data and validation metrics shown in
Table 4.2. The first setup investigated was the baseline, based on the periodic sam-
pling using all time-data to train and test the model. The plotted baseline prediction
can be seen in Figure 4.3. Comparing the performance of the cases using different
feature sets with the baseline, Case 5 was considered the best-performing setup of
the model using the periodic sampling method. The plotted prediction of Case 5
can be seen in Figure 4.4. As seen in Table 4.2, the amount of data used for training
and testing the model is significantly reduced for Case 5 compared to the baseline.
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Table 4.2: Result metrics of the periodic cases

Case Train [kB] Test [kB] RMSE (%) Coverage Probability (%)
1 / Baseline 21639.9 203.93 0.54057 98.50
2 121.599 24.152 0.49568 49.70
3 216.963 43.051 0.55419 68.64
4 281.397 55.760 0.68103 60.36
5 73.725 14.670 0.27326 97.04

Figure 4.3: Prediction of capacity loss from initial capacity for the baseline case.

Figure 4.4: Prediction of capacity loss from initial capacity for Case 5.

The periodic sampling method has the advantage of a higher resolution for all the
feature sets compared to the event-based and hybrid sampling methods since all cy-
cles are included. The higher resolution increases the probability of a clearer trend
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of the feature’s behaviour but doesn’t necessarily mean a more accurate or reliable
result. A significant drop compared to the baseline was observed when looking at
coverage probability for Cases 2-4 that uses Feature sets 1-3. The most significant
case was for Case 2 with a coverage probability of only 49.70% compared to the
98.50% for the baseline. Only Case 5 stands out with a coverage probability equiv-
alent to the baselines.

Looking at the RMSE of the cases presented in Table 4.2, Cases 2-4 have an RMSE
comparable to the baseline while Case 5 has an RMSE 49.45% lower than the base-
line. Case 5 also has a large reduction of the data, which would make it the best
option for the periodic sampling method. Case 4 is an outlier in that it resulted in
an increase in RMSE of 25.98%, showing that this feature set isn’t suitable for the
periodic sampling method.

4.2.2 Event-based sampling method
For the Event-based sampling method, cases using equivalent features as in the
periodic case were tested. The results are shown in Table 4.3. For this sampling
method, Case 10 was considered the best-performing setup, and the prediction of
this case can be seen in Figure 4.5. Also in this case a remarkable reduction of the
train and test data can be seen compared to the baseline presented in Section 4.2.1.

Table 4.3: Result metrics of the event-based cases

Case Train [kB] Test [kB] RMSE (%) Coverage Probability (%)
6 21639.9 122.3 0.45789 99.04
7 121.599 1.177 0.59783 66.67
8 216.963 2.009 0.73423 86.67
9 281.397 2.640 0.75245 86.67
10 73.725 0.739 0.39294 93.33

Figure 4.5: Prediction of capacity loss from initial capacity for Case 10.
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Looking at these results, a large variation in the RMSE can be noted for the dif-
ferent feature sets. For Case 6, using time as input for the ML model, an RMSE
decrease of 15.29% compared to the baseline was noted. This result validates the use
of the sampling method, showing that the sampling method itself gives as accurate
estimations of the SOH as the method used today. This is without using features
to improve the model.

The RMSE for Cases 8 and 9 had a sharp increase of 35.0% and 36.6% respectively,
which shows the weakness of the features used. An increase, although not as sharp,
is also noted for Case 7 of 10.6% relative to the baseline. The last case, Case 10, was
the only case using features that resulted in a better RMSE value than the baseline,
with a decrease of 27.3%. Because of this, Case 10 can be considered the best result
using the event-based sampling method.

For Case 9, the confidence interval of the prediction took on a shape deviating from
the shape of the previously investigated cases. The prediction plot of Case 9 is
therefore shown in Figure 4.6. Notably, Case 8 had a result similar to the result of
Case 9. These cases had a large coverage probability and a high RMSE compared
to the other cases observed. This can partly be explained by the fact that the cycles
during the middle of the dataset are significantly more drawn out than those at the
start and the end, something that remains unresolved. Detailed information about
the dataset isn’t yet available and our analysis of the data yielded no explanation
for the behaviour. On the other hand, this increase in uncertainty should then also
be noticeable when using Feature set 4 such as Case 10 in Figure 4.5 but is nowhere
to be found. It is therefore not certain that this drawn-out middle section is the
reason behind the large uncertainty. The large RMSE values for these cases hint
that Feature sets 2 and 3 don’t give as good performance as their correlations would
suggest, at least not for the event-based method.

Figure 4.6: Prediction of capacity loss from initial capacity for Case 9.
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4.2.3 Hybrid sampling method
The results for the cases using the hybrid sampling method are presented in Ta-
ble 4.4. Considering the values of the RMSEs, Cases 12 and 15 were considered the
best-performing setups for this sampling method. The predictions of these cases are
shown in Figure 4.7 and Figure 4.8 respectively.

Table 4.4: Result metrics of the hybrid cases

Case Train [kB] Test [kB] RMSE (%) Coverage Probability (%)
11 21639.9 256.8 0.55915 100.0
12 121.599 1.245 0.29580 62.50
13 216.963 2.117 0.72997 93.75
14 281.397 2.775 0.73859 93.75
15 73.725 0.779 0.31855 93.75

Figure 4.7: Prediction of capacity loss from initial capacity for Case 12.
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Figure 4.8: Prediction of capacity loss from initial capacity for Case 15.

This sampling method’s results show promise but can be challenging to interpret
since the metrics point towards different conclusions. For Case 11, only using time
as input, the RMSE shows a result slightly higher than that of the baseline. This
means that the hybrid sampling method would need features to improve the perfor-
mance of the ML model to achieve the same accuracy as the baseline.

Similarly to Case 9 previously shown, Case 14 showed a confidence interval of the
prediction that took on a shape deviating from the ones previously seen together
with a high RMSE. The prediction plot of Case 14 is shown in Figure 4.9. Notably,
Case 13 had a result similar to the result of Case 14. The reasoning for these
deviating results would be the same as for Case 9 and 8, and a conclusion could be
drawn that feature sets 2 and 3 do not give as good performance as their correlations
would suggest also for the hybrid sampling method.

Figure 4.9: Prediction of capacity loss from initial capacity for Case 14.
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Some of the other results from the hybrid sampling showed more promise. For Case
15, a high coverage probability was noted but with an RMSE showing a decrease of
41.07% compared to the baseline. Another case having significantly better RMSE is
Case 12. This is the case with the lowest RMSE using a new sampling method with
a decrease of 45.28% compared to the baseline. It is also the second best RMSE out
of all cases investigated, after Case 5 using the periodic sampling method. However,
the coverage probability for Case 12 is notable with a low value of 62.50%. The low
coverage probability doesn’t change the fact that this case is the one with the lowest
error but indicates that the ML model is overconfident when predicting the interval
of the prediction. Considering these three cases, Case 5, 12, and 15, one can argue
that Case 12 would be the most sufficient option because of the previous discussion
about only using time as in Feature set 4. Cases 15 and 5 are only based on F6,
meaning that the prediction is only based on time. By using more features, as in
Case 12, the ML model will get information on events happening during usage that
may affect capacity degradation. This is probably why we see a better RMSE for
Case 12 and would mean that Case 12 would be a more reliable prediction in actual
usage. Therefore this case is considered the best result out of all the cases.

4.3 Discussion of related matters
Relevant factors that might affect the results and/or conclusion of the paper are
discussed below. First is analysing the features and their implementation, then
talking about the general data reduction and lastly how the chosen dataset has
limited the model and work.

4.3.1 Features
As can be seen in Figure 4.1 showing the correlation matrix for the features used
in the feature sets, the chosen features seem to have quite high correlation to the
capacity. This indicates that the features would give a good result when training
the model to predict capacity degradation. Surprisingly, the results in Section 4.2.1
show that the majority of the features show a worse result for the prediction than
when running the model only using time as the input. This shows that the features
may need some improvement to give good results but can also indicate that the data
in some cases may have some faults. For example, it was noted that for some cells,
there were periods where the cycles were prolonged compared to the average cycle
which may affect some of the time-dependent features negatively.

To verify the features chosen, a correlation matrix of the features and capacity using
the test data was extracted and shown in Figure 4.2. As can be seen in the figure,
the features had a high correlation to the capacity also for the test data which would
strengthen the argument of the features, making them useful also for testing of the
model. For the feature selection, features having a correlation to each other stronger
than 0.85 were removed to avoid training the model with redundant data. As can be
seen in Figure 4.2, the removal of strongly correlated features didn’t count for the
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test data in this specific case, leading to strong correlations between features. This
does not deteriorate the results but may cause usage of redundant data that will not
increase the accuracy of the model and thereby unnecessarily increase the data usage.

When extracting features F1-F4, only the durations of step indices 9 and 10 were
taken into consideration. As previously described, each cycle included two CC charg-
ing durations and two CV charging durations. For the first CC duration, the cells
had varying C-rates. To make sure the features were comparable, the duration in-
stead chosen was the second CC duration where all cells were charged under the
same conditions. As a consequence of only the second CC duration being used to
extract F1, only the second CV mode was used for extraction of F2 due to the
relationships between them. With that said, the first CC and CV durations might
have similar trends and could be investigated as features for future work despite the
varying conditions between the cells.

Other than the selection of duration for the extraction of F1-F4, F3 and F4 have
other factors affecting their correlation to the capacity. Since these features are
represented by slopes at specific locations on the voltage curve, the resolution of
the data is crucial to get a value representing the shape correctly. Since the data is
down-sampled in the preprocessing for the event-based and hybrid sampling meth-
ods and even further in the periodic sampling method, the accuracy of the slope
may be affected. This means a smaller downsampling factor in the preprocessing or
periodic sampling could increase the capacity correlation of these features. On the
other hand, a smaller down-sampling factor would increase the amount of data used
and therefore require more computational resources.

From Figure 4.1 it can be deduced that F6 is the feature showing the strongest cor-
relation to the capacity. One can also conclude from Section 4.2 that Feature set 4,
only including F6, shows the best result for both the periodic and event-based
sampling method. From these results, one can argue that F6 is the best feature
extracted. The drawback of using F6 as the only feature, Feature set 4, is that it
only contains information about time. This means that it does not give the ML
model any information of the actual behaviour of the cell and deviating events are
not detected or taken into consideration when predicting the capacity degradation.
Considering this drawback of F6 it can be concluded that it is a good feature show-
ing a strong correlation to the capacity but that it should preferably be used in
combination with another feature able to detect unexpected events during usage.

When analyzing the capacity correlations of the window-based features F7-F26, we
can see that F7 has the highest correlation. F8, F9, F19 and F20 were also in-
cluded in the feature sets but showed a notably lower correlation to the capacity
than F7. The remaining window-based features were either too correlated to one
of the selected features or had too low correlation to the capacity to be chosen for
one of the feature sets. In an attempt to increase the number of useful features, one
could adjust the thresholds of the windows. This way the correlations between the
features may decrease or the correlation to the capacity may increase, leading to
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more useful features.

Figure 4.1 indicates that the ICA-based features F27, F28 and F29 show a low
correlation to the capacity. This is an unexpected result since other works state a
strong indication of the capacity degradation of these features. The reason for the
weak results using these features may be because of noise in the data or a fault
in its implementation. To improve these features, more or other filters could be
investigated together with an even higher resolution of the data to clarify the trend
of the features related to the capacity fade. Another possible reason for this unex-
pected result may be the high C-rates used in the dataset. Other works using this
method to extract features use lower C-rates for the data which may cause clearer
indications of the capacity degradation.

4.3.2 Decrease of data
In Section 4.2 it was noted that by using the proposed sampling methods and fea-
ture sets, the sizes of the train data and test data were significantly reduced. The
reduction of both these data sets is beneficial since they affect the usage of our pro-
posed system. However, when comparing the different cases, the reduction of the
test data was considered the most important factor. This is because the train data
only has to be used once to train the model, while the test data is needed every
time inference with the model occurs. Therefore, the size of the test data is the data
required to run the model. If put in a real-life scenario, this means that the training
is done once when developing the system into a product and might then be used
many times. We therefore prioritize the test data over the training data in this thesis.

When analyzing the data needed for the different cases it was noted that using any
feature set reduces the test data size by at least 72% and on average achieves a re-
duction of 93.80%. The decrease is inversely proportional to the number of features
in each set. It follows that Feature set 4 causes the larges reduction with only one
feature and while Feature set 3 causes a large reduction, it is still the smallest one
with 8 features.

4.3.3 The Dataset
Some limitations of the dataset affect the results through the training and results
of our model. While the resolution of the data is great and allows for advanced
features such as ICA (F27-29) and end slope of the voltage curve at CC (F3), the
number of cells in it limits the scenarios on which the model can be trained. With
only 10 cells, out of which one is dedicated to testing, the model’s flexibility becomes
constrained by only having seen a handful of possibilities. This is noticeable in the
second half of the data as only five cells remain, as can be seen in Figure 3.2, and
towards the end only three cells remain. This problem is compounded further as
one of these three cells is used for testing pushing it down to a count of only two
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remaining cells. This means that the model doesn’t have sufficient data in the end,
making the model overtrained and unreliable for prediction. This lack of multiple
cells may for example cause the spike seen at week 40 in Figure 4.6 as the training
data jumps up to a single value of the lone cell left.

The cell being used for testing, cell W8, directly affects the results and has some
notable behaviours. As mentioned, it is one of the only cells that go through the
entire time range which is why it was chosen. It also behaved somewhat as expected
and had a C-rate beneath 1C. With that being said, it has one section at ∼ week
18 where the capacity unexpectedly drops. This doesn’t affect the model itself but
instead causes a deviation between the mean prediction and the test data, clearly
seen in the baseline. This heavily impacts the baseline RMSE value as it pushes
the otherwise aligned lines apart. This remains true when time is the only feature,
but when using the other features that take voltage and current into consideration,
such as those in Feature set 1, this drop is detected and followed in the prediction.
Removing the time feature from Feature set 1 leaves, by process of elimination, at
least one of the remaining two features, F6 and F7, as being able to characterize
this drop. Either way, it strengthens the argument that more features than only
time are necessary to describe the behaviour of LIBs accurately.
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Conclusion

This work has investigated new sampling methods for LIBs that can be used to make
accurate predictions of the SOH while lowering the computational cost for the BMS.
For this work, SOH has been defined as the capacity loss from a LIB cell’s initial
capacity. An open-source battery aging dataset under dynamic driving profiles with
10 LIB cells over 28 months was used to train and evaluate a GP regression model
that predicted the capacity loss. To make the GP regression model smaller and more
efficient, 29 features were extracted and 8 of the ones most correlated with capacity
were selected.

The sampling methods developed were designed with an event-based approach, im-
proving efficiency by only acting when necessary and when new information is avail-
able. In total three methods were made, two different event-based methods, referred
to as event-based and hybrid, and one periodic to act as a baseline.

The results show that both new sampling methods show promise with predictions
equivalent to the baseline but with significantly less data. Out of the two proposed
methods, hybrid using the three best features shows the greatest potential with an
RMSE decrease of up to 45.28% and a data reduction of 99.4% compared to the
baseline. With the improved sampling method and use of features, the computa-
tional resources of the BMS can be used more efficiently.

5.1 Future work
Features are a huge area with a lot of development all the time, and while significant
time was spent on this, more focus can be allocated to investigating them in-depth.
It will be of great importance for future work since good features can significantly
increase the accuracy of the ML model while reducing its size. To enhance the
value of the features, the previously discussed adjustments of the extracted features
could be investigated as well as new features that haven’t been included in the work.

The extracted features were based on voltage, current, time and capacity measure-
ments but more sources can be used. As mentioned in Section 2.1.2, the internal
resistance is a commonly used indicator for the SOH which would make it an in-
teresting feature to train the model with. Using the resistance as a feature could
give the model additional insights into the behaviour of the battery which could
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5. Conclusion

improve the accuracy of the estimation. Other than the resistance, temperature is a
commonly used feature when predicting SOH. While the data set used in this work
didn’t include it, it would be an interesting feature to investigate for future work
with a data set that includes information about it.

As mentioned in the discussion about the dataset, the number of cells used to train
the model is very limited and doesn’t cover a large time span. It would be intriguing
to investigate using a dataset with more cells to cover the downfalls of the current
one. With a larger set of data, the already limited computational resources would
be spread even thinner necessitating better usage of those resources. One way to
do this, which we briefly validated, was the use of a GPU to train and inference the
model. This is something that we recommend to test further in a potential follow-up
work.
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Appendices

I





A
Voltage curves

Voltage curves during the second CV and CC steps extracted from the data set.
Used to extract features F1-F4 in Section 3.3.

Figure A.1: Comparison of the voltage in constant current and constant voltage
charging modes for every 5th cycle of cell W3 and W4

Figure A.2: Comparison of the voltage in constant current and constant voltage
charging modes for every 5th cycle of cell W5 and W7

III



A. Voltage curves

Figure A.3: Comparison of the voltage in constant current and constant voltage
charging modes for every 5th cycle of cell W8 and W9

Figure A.4: Comparison of the voltage in constant current and constant voltage
charging modes for every 5th cycle of cell W10 and G1

Figure A.5: Comparison of the voltage in constant current and constant voltage
charging modes for every 5th cycle of cell V4 and V5
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B
Correlation matrices

For the first part of the feature selection, the window-based features were compared
separately. These correlation matrices are shown in Figures B.1 and B.2. The
combined matrix made from these can be found in Section 4.1.

Figure B.1: Correlation matrix of capacity and histogram-based voltage features
for the training data
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B. Correlation matrices

Figure B.2: Correlation matrix of capacity and histogram-based current features
for the training data

After removing some of the window-based features, the remaining were integrated
into a correlation matrix together with the rest of the features. This correlation
matrix is shown in Figure B.3.
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B. Correlation matrices

Figure B.3: Correlation matrix for features after removing strongly correlated
features in the histogram-based feature set using the training data
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B. Correlation matrices
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C
Predictions

The plots from all cases tested in Section 4.2 are presented in this chapter. For
setup of each case see Table 3.9.

Periodic

Figure C.1: Prediction of capacity loss from the initial capacity for the baseline
case

Figure C.2: Prediction of capacity loss from the initial capacity for Case 2
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C. Predictions

Figure C.3: Prediction of capacity loss from the initial capacity for Case 3

Figure C.4: Prediction of capacity loss from the initial capacity for Case 4

Figure C.5: Prediction of capacity loss from the initial capacity for Case 5
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C. Predictions

Event-based

Figure C.6: Prediction of capacity loss from the initial capacity for Case 6

Figure C.7: Prediction of capacity loss from the initial capacity for Case 7
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C. Predictions

Figure C.8: Prediction of capacity loss from the initial capacity for Case 8

Figure C.9: Prediction of capacity loss from the initial capacity for Case 9

Figure C.10: Prediction of capacity loss from the initial capacity for Case 10
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C. Predictions

Hybrid

Figure C.11: Prediction of capacity loss from the initial capacity for Case 11

Figure C.12: Prediction of capacity loss from the initial capacity for Case 12
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C. Predictions

Figure C.13: Prediction of capacity loss from the initial capacity for Case 13

Figure C.14: Prediction of capacity loss from the initial capacity for Case 14

Figure C.15: Prediction of capacity loss from the initial capacity for Case 15
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