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Abstract

The increasing adoption of electric vehicles (EVs) in recent years has put an in-
creasing focus on an essential component in these vehicles: lithium-ion batteries.
Accurately predicting the End-of-Life (EoL) of batteries is crucial for automotive

manufacturers, such as Volvo Cars, to ensure performance and operational safety of
their fleet of EVs.

Numerous methods exist today to predict EoLL on EVs based on data from either a
fleet of EVs or laboratory experiments. Predictions of EoL pose several challenges as
empirical observations of EoL from EVs are limited, while the experiments in labo-
ratory settings cannot fully replicate the operating conditions in a real-world setting.

This thesis explores a framework for predicting the EoL of a fleet of EVs by com-
bining lab and fleet observation data using a network-based transfer learning model.
The framework’s purpose is to transfer degradation information from the lab data to
real-world fleet data to predict EoL more accurately. As part of the framework, an
ANN is first pre-trained on a dataset from one battery system and then fine-tuned
on a dataset from another battery system.

To evaluate the framework’s effectiveness, a two-part experimental study is con-
ducted using lab datasets with degradation paths to EoL. The first part evaluates
how the fine-tuning affects predictive performance, and the second part investigates
the knowledge transfer between the pre-trained and fine-tuned model.

The experimental results demonstrate that the predictive performance improves with
an adequate amount of fine-tuning data. Furthermore, fine-tuning the model also
shifts the predicted degradation path closer to the ground truth, indicating that
knowledge has successfully been transferred during the fine-tuning process. Fur-
thermore, applying the framework with fine-tuning on a fleet of EVs, the model
demonstrates reasonable degradation paths down to the EoL for the fleet, highlight-
ing its ability to capture complex degradation mechanisms of batteries.

Keywords: end-of-life, electric vehicles, state-of-health, battery aging, battery degra-
dation, machine learning, neural networks, transfer learning, fine-tuning, pre-training
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1

Introduction

The transportation industry’s reliance on fossil fuels causes significant carbon diox-
ide emissions [1]. To reduce carbon dioxide emissions, the EU has banned the sale
of new petrol and diesel cars from 2035 [2]. One of the most promising approaches
to reducing transportation emissions is the electrification of vehicles [3]. For au-
tomotive manufacturers, there has been a trend toward setting ambitious goals for
selling Electric Vehicles (EVs). For example, the Swedish premium car manufacturer
Volvo Cars, which this thesis is done in collaboration with, plans to sell only Battery
Electric Vehicles (BEVs) cars from 2030 and onward [4]. As a result of this push
towards EVs, the number of vehicles on the road powered by batteries is projected
to increase significantly in the large automotive markets of China, the European
Union, and the United States [5].

1.1 Background

The expected rise of EV adoption puts a focus on the battery, where the lithium-
ion battery is a popular choice due to its high energy density and long lifespan [6].
Several important factors influencing consumer preferences for buying an electric
vehicle, such as range and second-hand value, are related to the battery. Further-
more, batteries are costly to acquire and account for a significant part of an EVs
total cost [7]. Therefore, understanding the battery’s lifetime is of great interest
from financial and environmental aspects for automotive manufacturers.

For the automotive industry, there are several benefits to having an accurate End of
Life (EoL) estimation of batteries. Estimates of EoL are important for calculating
warranty policies and insurance coverages. Predictions about future degradation
of the battery can also be valuable when planning preventative maintenance. In
addition, better estimations of a battery’s health condition can be helpful when cal-
culating the value on the second-hand market and when re-purposed for second-life
applications, such as energy storage systems [8]. Increased knowledge of the battery
aging mechanisms can also benefit the research of new batteries [9].

Various approaches to predicting EoLL have been proposed, including empirical ag-
ing models, data-driven models, and physics-based models [10]. Each approach has
limitations and challenges regarding development, implementation, and applicabil-
ity. For instance, physics-based models require a resource-intensive modeling stage
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involving battery cell disassembly and are bound by strict assumptions made of the
battery system. On the other hand, data-driven approaches, like machine learning,
are flexible and adaptable. They use large datasets to identify battery usage pat-
terns without requiring extensive battery domain knowledge.

The surge in data collection for EVs has enabled the application of data-driven mod-
els [11]. This advancement has especially made machine learning models a research
hotspot due to their flexibility and accurate Eols predictions [12]. However, the ef-
ficacy of these methods relies on the quality and quantity of collected battery data.
A substantial amount of aging data is required to ensure accurate Eol. predictions
using data-driven models.

Field data, which refers to data collected from cars in the fleet, poses several chal-
lenges for developing accurate battery aging models using a data-driven approach.
Limited labels of EoL due to the relatively short time that many EVs have been on
the road makes it difficult to validate EoL predictions [9]. Additionally, field data
introduces complexities related to sensor issues, data collection limitations, and un-
controlled operating conditions inherent in real-world usage. These complexities
can result in noise, inconsistencies, and missing data, making developing accurate
data-driven models using field data challenging.

To overcome the challenge of insufficient labeled data, researchers have explored the
potential of transfer learning, a branch of machine learning that leverages data from
other sources to compensate for the limited labeled data [13]. Transfer learning aims
to enhance model performance on a specific task by leveraging knowledge acquired
from related tasks. While transfer learning has shown promise in tasks like image
and text classification, its application for time-series predictions, particularly in the
domain of battery aging, is still relatively limited [14]. Nonetheless, the transfer
learning framework offers a promising approach to mitigate the challenges of field
data for modeling battery aging.

1.2 Previous work

A wide range of literature on EoL prediction for lithium-ion batteries uses data-
driven approaches, primarily employing traditional machine learning techniques on
datasets derived from laboratory tests [15]. For instance, Patil et al. [16] applied
support vector regression to predict EoL using statistical features, including max,
min, skewness, and kurtosis extracted from voltage, current and temperature curves
obtained from lab data. While their approach showed promising results in terms of
EoL prediction accuracy, it is worth noting that its applicability to a fleet of EVs
may be limited due to solely utilizing data obtained in controlled laboratory settings.

However, in contrast to the many studies based on lab data, research on field data
for battery lifetime prediction remains limited [9]. The scarcity can be attributed
to the limited availability of publicly accessible datasets with real-world operating
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conditions due to trade secrecy and industry competition concerns. Consequently,
developing data-driven battery aging models and evaluating their performance en-
counter significant limitations when dealing with field data.

Transfer learning has been employed in modeling battery aging and has shown im-
provement in EoL predictions when there are limited EoL labels. This approach
enables the transfer of knowledge between battery systems exhibiting similar degra-
dation paths. For example, Che et al. [17] proposed a transfer learning framework
that utilized a Gated Recurrent Neural Network to transfer relevant information
between lithium-ion batteries with similar degradation paths. The model was ini-
tially trained on a dataset of batteries with EoL labels and then fine-tuned using
only early degradation paths from a test battery. Using two data sources, instead
of a single one, resulted in more accurate EoL predictions for the test battery. An-
other study conducted by Chehade and Hussein [18] employed a Gaussian Process
Regression model, also leveraging transfer learning to enhance EoL predictions for
battery cells with only early degradation data. The proposed method exhibited high
prediction accuracy and robustness. Both these approaches showed improvements
in EoLL prediction compared to traditional machine learning models trained on a
single data source, underscoring the potential of transfer learning.

Although the mentioned studies have made progress in modeling battery aging using
transfer learning, there are still gaps and limitations that need to be addressed. A
recent study by Liu et al. [14] emphasized the significance of tackling these gaps.
Firstly, further exploration is needed to unlock the potential of transfer learning
between batteries with different chemistries and degradation mechanisms. Secondly,
there is a need to investigate the integration of laboratory and field data to develop
more accurate Eoli prediction models that account for real-world usage conditions.
Lastly, it is essential to examine potential limitations and challenges associated with
transfer learning, such as the impact of data quality and domain adaptation.

1.3 Project scope

In this thesis we have investigated the potential of using a transfer learning frame-
work to generate EolL predictions within the domain of batteries for EVs. Expanding
beyond the scope of most existing studies that solely focus on laboratory data, our
project seeks to study a combination of field and laboratory data. The project scope
includes three research questions that are explored using transfer learning models
applied to lab and field datasets.

The three research questions are:
1. How much field data is needed for a transfer learning-based approach to im-
prove predictive performance over traditional machine learning?
2. Are there any patterns of knowledge transfer between battery datasets during
transfer learning?
3. How well does transfer learning perform when applied to a fleet of cars?
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These research questions are explored by comparing a model trained on a single data
source with a model trained on two data sources. The ideal comparison is between
the lab and field datasets. However, due to limited degradation paths in the field
dataset, EoL predictions are evaluated using two subsets of lab data.

The primary focus of this project is to investigate the performance of transfer learn-
ing over traditional machine learning rather than striving for optimal predictive
performance. For this reason, a traditional machine learning model trained on a
single data source is used as a baseline. The transfer learning model is based on
and built upon this traditional machine learning model using an additional data
source. Given this scope, activities focused on finding the best-performing model,
such as exploring designs of model architectures and hyperparameter tuning, are
not explored exhaustively.

The project scope includes a fleet dataset of BEVs and lab datasets provided inter-
nally by Volvo Cars. Detailed datasets of real operating conditions for a fleet of EVs
are hard to find publicly available, and using this internal dataset from Volvo Cars
enables the exploration of the research questions. One limitation is that the data is
internal, and therefore figures derived from the data are shown in ratios or as nor-
malized values for confidential reasons. The laboratory data has information about
battery degradation to the Eol. and is suitable for evaluating the effectiveness of
transfer learning. The result from the evaluation of laboratory data helps assessing
the usefulness of transfer learning to a fleet of cars.

1.4 Thesis outline

Chapter 2 introduces the theoretical concepts needed to understand the remaining
chapters of this thesis. Chapter 3 outlines the different datasets used, and Chapter
4 describes the methodology used to perform the experiments. Results from the
experiments are given in Chapter 5, and the discussion section follows in Chapter
6. Finally, Chapter 7 presents a summary and ideas for future work.
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Theory

In this chapter, the theoretical concepts necessary to be able to follow the rest of
the report are presented. In Section 2.1, a background into batteries and their aging
process is provided. In Section 2.2, a general description of machine learning followed
by the specific method of neural networks is presented. Finally, in Section 2.3, the
concept of transfer learning is introduced, and its areas of applications are covered.

2.1 Batteries

This section describes batteries, both in terms of their properties and the aging
process.

2.1.1 Battery structure

The dominating battery type for EVs is lithium-ion batteries [19]. A battery cell in a
lithium-ion battery consists of a set of principal components; positive electrode, neg-
ative electrode, separator, electrolyte, and current collectors. The separator divides
the cell between the negative and positive electrode sides. It allows lithium-ions to
migrate between the different electrodes while preventing the trespass of electrons,
thus avoiding internal short circuit. The electrolyte is an ionic conductor and serves
as the medium in which the ions travel between the electrodes. The current collec-
tors” purpose is to enable the electrons to travel between the different sides of the
cell via an external circuit [20].

A battery’s cell chemistry commonly refers to the combination and ratio of materials
used. This composition impacts the battery’s properties, including its degradation
rate under specific operating conditions. For example, certain cell chemistries may
be more suitable for specific environments, such as high temperatures, while others
may be preferable in colder climates [21].

During the discharge of the cell, lithium ions move from the negative electrode to
the positive electrode through the separator, while electrons move as current via
the current collectors and the electric circuit. The flow of electrons in the circuit
connected between the two current collectors is the current. During the charging
phase, the process is reversed, with lithium-ions and electrons moving in the oppo-
site direction [22]. An illustration of the discharging cycle is shown in Figure 2.1.
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Figure 2.1: Overview of a lithium-ion battery during discharing.

Batteries for automotive applications are set up using many individual battery cells
to achieve the necessary capacity and voltage for an electric vehicle. The battery
cells are configured via serial or parallel connections to form a battery module, and
connecting multiple battery modules form a battery pack. Cell configurations using
parallel connections enable higher Ah capacity while connections in series provide
the possibility for a higher supplied power [23].

2.1.2 Battery aging

Various degradation mechanisms impact a lithium-ion battery during charging and
discharging as well as when the battery is at rest. Degradation mechanisms can
have a mechanical or chemical origin and reduce the lifetime of the battery [24].
The State of Health (SoH) is used as an indicator to estimate the battery’s overall
condition. One way to assess the battery’s SoH is by measuring the capacity at full
charge. The SoH is then defined by

t

SoH () = 55 x 100 % (2.1)

where the Q! is the nominal capacity at time t and Q° is the initial nominal capacity.

For industrial applications, it is common to set a threshold of the SoH level that
indicates when the battery has reached its EoL. In automotive applications, the
threshold is commonly defined as a specific SoH value between 70 and 80%, indicat-
ing that the battery has significantly degraded and is no longer suited for its original
application [25]. However, it might be used for other applications as the battery still
has capacity.
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There are many different degradation mechanisms that causes the decline of SoH,
and two examples of mechanisms that have been the focus of intensive research are
the solid electrolyte interface (SEI) growth and lithium plating [26]. SEI is a thin
layer formed on the electrodes during the initial charge. While a thin layer has
several beneficial purposes, such as protecting the electrode from the electrolyte,
increasing the thickness of the SEI layer causes a loss of the lithium inventory and
increased resistance. Lithium plating occurs with the formation of metallic lithium
on the negative electrode during charging, which can result in loss of lithium inven-
tory and active anode material. Both the loss of lithium inventory and active anode
material degrades the capacity of the battery [27].

In a study by Yang et al. [26], the SEI growth was the dominant aging mechanism
in the early stage, while in the later stage lithium plating became a more impor-
tant mechanism. The study indicates that non-linear degradation can occur as a
result of these degradation mechanisms and that they are influenced by other fac-
tors, such as temperature. For example, historical information about the storage
temperature of the battery could be valuable to estimate its future degradation path.

The degradation mechanisms are complex, and one way to model the degradation
process is to divide it into two parts based on if the aging is related to usage or
time. Cycling aging is the part when degradation occurs as a result of charging and
discharging the battery while calendar aging refers to the degradation as a result of
time.

For the calendar aging, Barré et al. [24] describes two important conditions to at-
tribute the rate of degradation caused by this aging process. The storage temper-
ature is considered the primary condition, and extreme high and low temperatures
can adversely affect the battery [24, 28]. The second condition of interest is the
State of Charge (SoC) which refers to the amount of energy stored in the battery at
a given time. These two conditions, temperature and SoC, are commonly explored
together in a combination as their impacts on the degradation are not independent
of each other [24].

Cycling aging are affected by the same conditions as the calendar aging as well as the
battery’s utilization mode. Two important characteristics of the utilization mode
are the depth of discharge, indicating how much energy has been discharged, and
the charging type. High levels of depth of discharge and fast charging are increasing
the rate of degradation [24].
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2.2 Machine Learning

Machine learning is a field where a program can perform a task using a model that
learns from examples rather than explicitly instructing how the program should solve
the task. Machine learning systems are sorted into different categories depending on
the type of examples provided to the model. Supervised learning is a category where
each example contains information about the desired output of the model, which is
also known as the target or label. Machine learning systems are further classified
based on the format for the desired output. Tasks that require a real-valued output
to each example are known as regression tasks [29, Sec. 1].

In a supervised regression problem, each example 7 consists of an input vector x; €
R"™ and a target vector y; € R, where n is the number of input features. The model
is a function f : R — R that generates a prediction g; based on the input z;.
The goal is to generate a prediction that is as close to the target as possible. A
performance measure is an indicator of how good a prediction is with respect to
the target [30, Sec. 5.1]. For regression tasks, there are numerous metrics to use,
but two of the most common ones are Root Mean Square Error (RMSE) and Mean
Absolute Percentage Error (MAPE) [31]. The RMSE is defined as

RMSE(y,9) = J llc > (i — 0i)? (2.2)

=1

where y; is the desired target output, ¢; is the model prediction and k£ is the number
of examples provided to the model. The MAPE is defined as

/\

1 k
MAPE(y, ) = S 1LY 100%, (2.3)

=1

Yi
with the variables being the same as in Equation 2.2 [31].

For supervised learning, the model learns the function f that converts the input
vector x to the target vector y during the training phase, where the dataset used
in this phase is called the training set. In the training phase, the model aims to
find the parameters of the function f that minimizes the error on the training set
[29, Sec. 1]. The goal with supervised learning is generally not to find the model
that achieves the best predictive performance on the training data but to find a
model that can predict well on data it has not seen before. The idea is that the
model learns patterns between the input vector x and target vector y and that these
patterns also exist in data that is not part of the training data. One risk during
the training phase is that the model detects and adjusts its parameters to specific
patterns that only exist in the training data, which is known as overfitting. There-
fore, the dataset is split into a training and test set to measure the model’s ability
to generalize to data unseen during the training phase. The training phase uses the
training set, and the model is afterward evaluated on the test set, data that has not
been seen before.
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Allocating the examples in the data to either the training or the test set can be done
randomly or systematically. The allocation method depends on whether the exam-
ples are independent or not. A case of a machine learning task where all examples
are independent of each other is the classification of pictures [32, Sec. 14], such as
classifying a picture as either having a cat or a dog. The examples do not depend
on each other, so the dataset can be randomly split into a training and test set.
One case of a machine learning task where the examples depend on each other is in
time-series forecasting [32, Sec. 15], such as predicting future stock-market prices.
The examples in this task can be the price of a stock in a day, where the opening
price in one day is related to the closing price in the previous day. In this case, the
allocation of examples is done systematically, setting up a specific date for the split
and assigning days before this date into the training set and days after to the test set.

For many machine learning algorithms, additional settings allow for the improve-
ment of learning during the training phase. These settings are known as algorithmic
hyperparameters and are not part of the actual model parameters but control the
learning behavior during the training phase. Finding the optimal hyperparameters
can be computationally costly. Hence, a common approach is to define a range
of potential values for each hyperparameter and randomly explore combinations of
hyperparameter values in a grid search [30, Sec. 11.4]. The selection of hyperparam-
eters can be evaluated by allocating data into an additional validation set, where
predictions from different settings can be evaluated [29, Sec. 1].

2.2.1 Neural network

Neural networks are a category of machine learning models that have become popular
for many applications, such as image recognition and natural language processing,
due to their ability to detect complex and non-linear patterns in the data [32, Sec.
10]. A neural network consists of layers, each with a set of neurons. The layers
are categorized into the input layer, which receives the input vector z, the output
layer, which produces the output ¢, and the hidden layer(s), which are the layers
between the input and output layer [32, Sec. 10]. An example of an Artificial Neural
Network (ANN) is shown in Figure 2.2.

The value of a neuron, z;, at position ¢ in a hidden layer is defined as

L

a; =y (wi; - z) (2.4)

zi = h(a;) (2.5)

where a; is the activation of the neuron, h is the activation function, L is the number
of neurons in the previous layer, w; ; is the weight coefficient between neuron ¢ in the
current layer and neuron j in the previous layer and z; is the value of the neuron j
in the previous layer. The coefficient w; is called the bias term as the zy is set to 1
for all 4, where the other coefficients are known as the weights of the model [29, Sec.
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5.1]. The purpose of the activation function is to introduce non-linearity between
the layers to capture complex patterns. Some common activation functions are the
sigmoid and tanh functions [29, Sec. 5.1].

Input layer Hidden layer Output layer

Figure 2.2: The layout of an Artificial Neural Network with an input vector of x,
a resulting output vector of y and one hidden layer.

During the training phase, the inputs z; are first passed through the network from
the input layer via the hidden layers until the output layer generates a prediction
y;- The loss for a single example, [;, is calculated as

li = L(yi, 9i) (2.6)

where L is a loss function and y; is the target vector. The loss function is only used
during the training phase of the model and can be different from the performance
measure used when evaluating the model on the test set. After the loss is calcu-
lated, a step called backpropagation is performed, where the weights and biases of
the neural network are updated based on the loss [30, Sec. 6.5].

Many settings must be explored during the training phase to find the optimal pre-
dictive performance. The model hyperparameters, such as the number of layers
and neurons in each layer, are one of those settings. In addition, an extensive set
of algorithmic hyperparameters can be explored, such as the learning rate, which
influences how much the weights and biases are updated at each backpropagation.
The training phase poses several challenges, such as tuning a large set of hyperpa-
rameters, high computational cost, and risk of overfitting [32, Sec. 11].

There are different types of techniques to reduce the risk of overfitting during the
training phase. One set of techniques focuses on adding particular types of layers
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to the model. Two examples of such layers are the dropout and batch normalization
layers. The dropout layer randomly drops out a fraction of the neurons in each layer,
except for the output layer, which remains the same. This method prevents the net-
work from becoming too reliant on any individual neuron since if a neuron that the
network relies heavily on is dropped, the model will make a poor prediction, result-
ing in a large loss. This results in the model learning a more robust representation
that can perform well even if a few nodes are dropped out. The batch normalization
layer normalizes the output from a layer for the batch in the training phase. One
benefit of this approach is that it introduces noise during the training phase, which
requires the model to learn more robust representations capable of handling noise
[32, Sec. 11].
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2.3 Transfer learning

Transfer learning is a concept that can be illustrated through a relatable example.
Imagine two individuals learning to play different musical instruments [33]. One
person has never played any instrument before, while the other has extensive expe-
rience playing the guitar. Now, suppose the person with guitar experience decides
to learn the piano. In that case, they can transfer their knowledge of music theory,
rhythm, and finger coordination from playing the guitar to quickly adapt to the
piano. This ability to transfer knowledge and skills from one domain to another is
the essence of transfer learning, and it has become a popular and promising area in
machine learning.

In traditional machine learning, the data-driven algorithms rely on large amounts
of labeled training data that closely resemble the target task or problem. However,
obtaining such extensive labeled data in real-world scenarios can be challenging,
time-consuming, and expensive [33]. This limitation poses a significant hurdle for
applying traditional machine learning techniques effectively to many real-world prob-
lems.

To overcome this challenge, transfer learning provides a framework that enables the
implementation of a data-driven approach even with insufficient labeled data for a
given task. The idea is to leverage knowledge acquired from other related tasks or
domains with sufficient labeled data. That is, by utilizing the information learned
from a different but related problem, the performance of the machine learning models
in real-world applications can be improved. A schematic diagram of the difference
between the application of traditional machine learning and transfer learning is
shown in Figure 2.3.

Traditional Machine Learning Vs Transfer Learning
T Learning System T sl s s
Dataset 1: Tack 1 Dataset 1: Tack 1
Sufficient label Sufficent label
L data L data J
Knowledge
R Learning System R Learning System
D_at_aset 2: Task 2 _Da_taset 2: Task 2
Sufficient label Limited label
data data

Figure 2.3: Schematic diagram illustrating the difference between traditional ma-
chine learning and transfer learning.
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To illustrate how transfer learning works for a regression problem, consider the sce-
nario to predict the human life expectancy for a generation born in the year 2000.
Imagine there is data with three input values of each individual: the number of
calories, alcohol, and sleep that the person is having, and one output value of the
yearly health status of this person. The data is split into two datasets: source and
target.

The source dataset contains information about people born in the year 1000. No one
is alive anymore in this dataset, so perfect labels exist for all persons’ lifespans. The
target dataset contains information about people born in the year 2000. Everyone is
alive in this data source, so no labels exist on any person’s lifespan. One difference
exists between the source and target datasets. In the year 1000, there was a problem
with starvation, so eating more calories resulted in better health status. In the year
2000, there was instead a problem with obesity, so eating more calories resulted in
worse health status.

Training a prediction model on just one of these datasets, either source or target,
would be problematic for predicting the life expectancy of the generation born in
the year 2000. Using only the source dataset for model training leads to learning
the incorrect pattern that more calories are associated with positive health status.
On the other hand, using only the target datasets is challenging since there are no
labels about the potential lifespan of individuals.

Transfer learning could enable learning valuable patterns from both datasets. For
example, a pre-trained model can be built from the source datasets to incorporate
information about individuals’ entire life span. A fine-tuned model could be trained
on the target domain to, for example, learn the new pattern of calories being a
negative indicator of health. This example is illustrated in Figure 2.4.

Old generation New Generation
(Source) (Target)

Health dereee Health N
Calories Calories —

Alcohol — O Alcohol —

Time

Calories —

Alcohol —

Figure 2.4: An example of transfer learning applied to a regression problem.
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2.3.1 Definition

Transfer learning revolves around two key concepts: domain and task [34]. The
domain refers to a source from which data is collected or generated. It comprises
the input data and corresponding labels for training the pre-trained model. The
domain is represented as D = {x, P(X)}, where y is the feature space and P(X)
denotes the marginal probability distribution where X = {z,...,z,} € x.

On the other hand, the task refers to a particular learning objective or problem. It
represents the target of the learning process. A task is denoted as T' = {Y, f(-)}
and consists of two components: the label space Y = {1, ...,y } and the objective
predictive function f(-), which is to be learned from the pairs {z;, y;}.

Within transfer learning, a source domain denoted as Ds = {(Zs,, s, ) s - -5 (Ts,5 Ysn ) }s
where z,, € x, and y,, € Y, represent the source instance and its corresponding
class label. Additionally, Dy = {(z¢,,¥s,),---, (%, ys,)} represents the target do-
main, where x;, € x; is the target instance, and y;, € Y; is its associated class label.

Transfer learning utilizes a source domain D, and its learning task T, for a learning
task T; with a target domain D,. The primary goal of transfer learning is to enhance
the learning process of the target predictive function f;(-) in D;. This is achieved
by leveraging the knowledge and information obtained from the source domain Dy
and its learning task 7.

2.3.2 Negative transfer learning

Negative transfer learning occurs when knowledge gained from a source task has an
adverse effect on the performance of a target task [33]. If the source task is not
relevant or similar enough to the target task, it can result in a negative transfer.
For instance, if the features or patterns learned from the source task are not ap-
plicable to the target task, noise might get introduced during training, leading to
worse performance.

Several factors can contribute to negative transfer learning. One of the factors is
the difference in the data distribution between the source and target tasks. If the
data distributions are significantly dissimilar, the transferred knowledge may not
generalize well to the target task. Another factor is the difference in representations
learned by the models in the source and target tasks. Negative transfer can also
occur if the source task has learned representations that are irrelevant to the target
task.
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2.3.3 Network-based transfer learning

Network-based transfer learning refers to reusing the partial or entire neural network
that has been pre-trained in the source domain and transferring it to be part of a
neural network used in the target domain [34]. Components that could be reused
are the network structure, such as the layers and its corresponding parameters. A
schematic diagram of network-based transfer learning is illustrated in Figure 2.5

A neural network is characterized by its multiple hidden layers, as mentioned in
Section 2.2.1, which can capture intricate non-linear representations of data. The
neural network can therefore be viewed as an abstraction process where the ini-
tial layers can be treated as a feature extractor. The extracted high-level features
in the initial layers can then be reused on a different target task by freezing the
initial layers and fine-tuning the parameters on the final layers. This enables the
network model to leverage the knowledge captured from a related task or domain,
leading to better performance, especially when the target task has limited label data.
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Network-Based Transfer Learning

Pre-training

Pre-trained
model

J’F \'\

T Source
Source labels
| domain |

o -

Pre-trained model

Fine-tuning Fine-tuned
model

—_— Target
Target labels
domain |

o ey

N,

Freeze layers Fine-tune

Figure 2.5: Schematic diagram illustrating an example of the pre-training and
fine-tuning process in network-based transfer learning. In the pre-training stage,
a neural network is used to train on the source domain. In the fine-tuning stage,
the entire network from the pre-trained model is used, with its parameters frozen.
Furthermore, an additional output layer is added on top of the network, which is
then fine-tuned specifically for the target task.
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Datasets

The datasets have their origin in collections of sensor values from either a laboratory
setting or from EVs in a fleet. Two types of laboratory data, one with raw data and
the other with a processed version of the raw data, are presented separately in the
two first sections. The data collected from EVs in a fleet is subsequently described
in Section 3.3.

3.1 Raw lab data

Volvo Cars conducts laboratory tests on battery cells with different cell chemistries
operating under controlled conditions. These tests can be categorized into cycling
tests and calendar aging tests. In cycling tests, cells undergo continuous charge and
discharge cycles according to predefined schedules. The cycling schedule may involve
different SoC windows, such as charging/discharging between 25% and 65% or 6%
and 96%, utilizing either fast charging or other charging methods. These tests are
conducted in a setting with a constant temperature (e.g., 10°C, 20°C, 30°C). Cal-
endar aging tests, on the other hand, involve storing the cells at a fixed SoC level
(e.g., 40%, 70%, or 96%) at a constant temperature without performing any cycling.

Measurements for both calendar and cycling tests are obtained from Reference Per-
formance Tests (RPTs) conducted during a testing phase to assess the performance
and characteristics of the cells. During RPTs, various parameters are recorded, in-
cluding the cells’ capacity and resistance. The frequency of RPTs varies depending
on the specific test.

A limitation of the raw data when constructing a data-driven model is that most
tests are either cycling aging or calendar aging tests. There are few tests where bat-
tery cells undergo a schedule with cycling and extended storage periods, reflecting
the degradation in real operating conditions. Furthermore, the number of conducted
tests is limited due to time and resource constraints. The combined effect of cal-
endar and cycling aging needs to be considered for the data-driven model to learn
the patterns in real-world operating conditions. Nevertheless, these tests provide
valuable insights into how batteries age under specific operating conditions. Fur-
thermore, the measurements from the RPTs can be processed into full degradation
paths to EoL for different simulated driving behaviors using a battery aging model.
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3.2 Processed lab data

The processed lab data comprises a dataset containing battery degradation paths
for a range of simulated customer profiles. Each simulated customer is character-
ized by four key parameters that reflect a simplified representation of their driving
behavior. The parameters are average SoC level, usage of fast charging, average
driving temperature, and annual mileage (see Table 3.1). The four parameters for
a particular customer are assumed to be constant throughout the lifespan of the
customer’s battery. That is, the data does not account for the changes in driving
behavior observed in real-world scenarios. For instance, Customer 1 will drive 10,000
km annually, never utilize fast charging, experience an average car temperature of
-9 degrees Celsius, and maintain an average SoC level of 30%.

Table 3.1: Five customers and their driving parameters.

Fast charging

Customer km/year Temp (°C) SoC Level (%)

ratio (%)
Customer 1 10000 0 -9 30
Customer 2 118000 0 30 30
Customer 3 20000 10 20 30
Customer 4 2000 25 -9 30
Customer 5 29000 25 30 30

For each of these four parameters, a discrete set of values has been selected, resulting
in a total of 1,440 unique customer profiles (see Appendix A.1). For every unique
customer, an SoH degradation path has been estimated from 100% to 70% using a
model developed by Volvo Cars. This model has been constructed by using differ-
ent tests in the raw lab data. By utilizing observations from calendar and cycling
aging tests, the model combines aging factors to create a representation resembling
real-world driving behavior. The degradation path to EoL for different customers is
shown in Figure 3.1.

The processed lab data can be divided into six different datasets, each consisting
of degradation paths for the 1440 customers for a certain cell chemistry. Two of
the six cell chemistries are selected based on the occurrence of the most common
cell chemistries in batteries for the fleet of cars. The cell chemistries are referred to
as lab data A and lab data B. Comparison of the estimated EoL values of all 1440
customers for the two different cell chemistries is shown in Figure 3.2. Observe that
cell chemistry A has a shorter average EoL than cell chemistry B.
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Figure 3.1: Degradation paths of five different customers for chemistry A and B.

Comparison of Cell Chemistry EoL Estimations
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Figure 3.2: Histogram of the EoLL estimation of all the customers for chemistry A
and B.

There are limitations of the processed dataset as it has been generated using a Volvo

Cars internal model. This processing of data can introduce biases and errors, which
could propagate into subsequent models.

Nevertheless, the dataset provides full
degradation paths and EoL labels, which could be used to pre-train a data-driven

model to learn the relationships between controlled driving patterns and battery
degradation to EoL.
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3.3 Field data

The field dataset consists of data collected from BEVs in Volvo Cars’ customer fleet.
This fleet contains cars from various parts of the world, resulting in a dataset con-
taining information about battery degradation from a wide variety of environments.
The cars are continuously collecting sensor values when in use. Storing raw sen-
sor values in a car is problematic due to concerns about storage limits and the car
owner’s privacy protection. It is, therefore, common to transform raw sensor values,
such as mapping raw values into a histogram with pre-defined bins, to avoid storing
the raw values. For this reason, many of the signals extracted from the vehicle dur-
ing a readout are not as the raw signals but in a transformed version, for example,
as a histogram.

Readouts of the collected data are performed when the vehicle visits the workshops,
typically for the yearly inspection, but other reasons might lead to more frequent
visits for some vehicles. The signals extracted during a readout that is part of the
field dataset are described in Table 3.2.

Table 3.2: The format of signals in the field dataset.

Signal Format
Production date Timestamp
Readout time Timestamp
State of Health ~ Numerical
Fast Charge Numerical
Odometer Numerical
Temperature Histogram

State of Charge Histogram

An example of the variety of values within a signal is shown in Figure 3.3 with the
temperature signal. A wide range of temperatures is observed in the dataset, result-
ing from a large fleet of cars in different regions and the collection of sensor values
throughout all seasons. Between the lowest observed temperature, T,,,, and the
highest observed temperature, T},.x, most of the values in the interval are observed.
This dataset, therefore, provides information about how batteries perform in many
different types of temperatures.

The collection of the lowest SoH value reached by each car in the fleet is shown in
Figure 3.4. The lowest SoH value observed by any car in the fleet is .S,,;,, with
only a small amount of cars having values close to S,,;,. Volvo Cars are using the
common practice in the automotive industry to define an SoH value of 70% as the
EoL threshold. The value of Sy, is higher than 70%, which means that no cars in
the dataset have reached the EoL, and consequently, there are no labels for EoL.
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Figure 3.3: Histogram of the temperature values observed in the fleet normalized
between the lowest T,;, and the highest T,,,, observed values.
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Figure 3.4: Histogram of the lowest SoH values observed per customer. Values are
normalized between the highest SoH value S,,,, and the lowest S,,:,.
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The SoH signal is one of the cases where the value is not taken from a raw sensor
value but is the result of computations in the vehicle. The computation of the SoH
is based upon other types of raw sensor values, and the quality of the estimation is
based on specific criteria on these raw sensor values. As a result, the SoH value in
the field dataset is an estimation.

One challenge with the field dataset is that since many cars in the fleet only visit
the workshop once a year, there are many cars with a limited amount of readouts.
This leads to a sparse dataset, especially for signals such as the SoH, which are not
stored in a histogram but only exist as a single numeric value during the readout.
Another challenge is that storing signals in a histogram strips the information about
the collection order for each value, which means that time-dependent information
can only be seen between readouts but not within an individual readout.
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Methods

In this section, the methods used in the project are described. First, the steps in
the data pre-processing for the lab and field datasets are explained are explained in
Section 4.1. In Section 4.2 the transfer learning framework for Eol. predictions is
presented followed by the implementation details outlined in Section 4.3. Finally, in
Section 4.4 the setup of the experiments are detailed.

4.1 Data pre-processing

The processed lab data described in Section 3.2 will hereby be referred to as lab
data.

4.1.1 Lab data

A set of pre-processing steps are applied to the lab data to ensure the data’s quality
and quantity are sufficient for performing experiments on it. The pre-processing
steps are outlined in Table 4.1.

Table 4.1: List of pre-processing steps for lab data.

Step Description

Clean data from outliers
Extend the degradation path
Generate training data

Add additional features

Split data used for pre-training
Split data used for fine-tuning

SOl W N~

The dataset undergoes an initial cleaning process to remove outliers in the form of
simulated customers with extremely high EoL. values, which are considered unlikely
to occur in real-world data.

In the original dataset, the degradation path for each simulated customer ends at
the SoH value of 70. Because of this, a model trained on this data would never
observe the possibility that the degradation path can drop below 70. Never observ-
ing the possibility that the degradation path can drop below an SoH value of 70
can be problematic for models not well-suited for extrapolation. Ensuring that the
model learns the possibility that the degradation path can drop below 70 is done by
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extending the degradation path down to 65. A function developed by Volvo Cars
was employed to fit a curve to the original data. This enabled the generation of
data points down to 65.

Each simulated customer has a degradation path containing information about the
battery’s age when each SoH value is reached, resulting in one row of information
for each SoH value observed. However, no explicit feature describes the differences
between the placement of the points on the degradation path. The points’ placement
can be in terms of time and usage, such as an odometer value. This is important
as the model needs examples in the training data that contain explicit information
about the interval to future target point to facilitate the training phase.

A pre-processing step is done to compute the differences in placement between a
point and all its subsequent points on the degradation path. This process is shown
in Figure 4.1 with an example of four points.

Original dataset Dataset with distance to subsequent points
SoH Age Odometer Start Target Difference Difference
SoH SoH Age Odometer
51 T, O,
T-Ty 0,04
S T, O,
s L o o o0
T3_T2 03_02
T4_T2 04_02
Ty Ty 0405

Figure 4.1: An example of four points illustrating the pre-processing step to com-
pute the differences in placement to subsequent points.

The pre-processing step results in each pair of start and target points being one row
of information, increasing the number of examples in the training data. The row of
information contains the differences between the start and target points in age and
odometer values.

The complete set of features for the input vector to the model is described in Ta-
ble 4.2. All the original features describe the current state of the battery. However,
the model also needs information about the difference in points placement to the tar-
get points on the degradation path. For this reason, the differences in age, measured
in days, and odometer, measured in kilometers, are added as additional features to
provide this information.
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Table 4.2: Features in lab data.

Type Signal

Original SoH

Original Fast Charge
Original Odometer

Original Temperature
Original State of Charge
Original Age

Created Days to Target
Created Odometer to Target

The final pre-processing step is splitting the data into subsets for use during the
training and testing phase. The splitting process for a dataset differs depending on
whether its part of the pre-training or fine-tuning process. The pre-training process
uses lab data A, and the fine-tuning process uses lab data B.

As the dataset for the pre-training, lab data A is randomly split on simulated cus-
tomers into three subsets; training, validation, and test dataset. The process is seen
in Figure 4.2.

SoH

\ 4

Training

Validation >—< Randomly split on Customers >

Test

A\ 4

Figure 4.2: Splitting process for the dataset used in the pre-training phase.

The split of the dataset used for the fine-tuning processes requires defining two SoH
limits, SoH fine-tune amount and SoH starting point. SoH fine-tune amount deter-
mines the length of the degradation path utilized during the training phase of the
fine-tuning process. SoH starting point specifies the point on the degradation path
from which EoLL predictions are made in the testing phase.

Lab data B, serving as the dataset for fine-tuning, is first split randomly on sim-
ulated customers into two subsets, one for the training and testing phases. The
subset for the training phase is systematically split on SoH according to the value of
the SoH fine-tune amount. The subset for the testing phase is systematically split
on SoH according to the value of the SoH starting point.

The values of SoH fine-tune amount and SoH starting point varies depending on
the experiment settings, while the split on the customers is the same across the
experiments. This process is seen in Figure 4.3.
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Figure 4.3: Splitting process for the dataset used in the fine-tuning phase.

4.1.2 Field data

To ensure the quality and suitability of the field data for a data-driven model, a
series of cleaning and pre-processing steps are undertaken (see Table 4.3).

Table 4.3: Pre-processing steps for field data.

Step Description

Remove outliers outside thresholds

Remove cars with only a single SoH measurement
Remove cars with increasing SoH trend

Calculate km/year for each car

Fill missing odometer values

Histogram feature aggregation

Generate training data

Split data for pre-training

Split data for fine-tuning

© 00 O U= Wi

To identify outliers in the dataset, two thresholds are established. The first thresh-
old is based on the observations from a calendar aging test, representing the slowest
observed degradation scenario. SoH values above this threshold are considered im-
plausible. The second threshold represents a simulated customer with an extremely
fast degradation. SoH values below this threshold are regarded as unlikely. Ad-
ditionally, cars exhibiting an increasing trend in battery health are removed from
the dataset, as an increasing SoH contradicts the natural degradation pattern since
batteries cannot regenerate SoH.
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Missing or incomplete odometer readings are addressed by fitting a straight line
from origo to its current odometer and age data. This fitted line has a slope value
that represents the car’s annual mileage and the value allows for filling the gaps.
The process of filling the odometer feature is shown in Figure 4.4.

Original dataset Dataset with filled odometer
SoH Age Odometer SoH Age Odometer km/year
S, T, NaN 5, T K*T, K
S, T, O, S, T, O, K
S, T, NaN S s K*T, K
S, T, o, S, T, O, K

Figure 4.4: An example showing how the missing odometer values are filled.

Each histogram feature is aggregated to a weighted average value, transforming the
histogram into a scalar representation. For instance, for the histogram temperature
feature, the aggregated scalar value represents the average temperature experienced
by the car.

The data preprocessing steps are implemented to address data inconsistencies, elim-
inate outliers, and fill in missing values, ensuring that the field data reflects battery
aging caused by degradation mechanisms rather than sensor fault or estimation
erTors.

4.2 Transfer learning framework

The transfer learning framework is applied to improve Eol. prediction by harness-
ing insights and data from similar or related battery systems. The implementation
consists of two main steps followed by each other: pre-training on the dataset with
entire degradation paths and then fine-tuning the pre-trained model on a dataset
with only early degradation paths. A schematic diagram of the transfer learning
framework for EoL: prediction is shown in Figure 4.5.

For the pre-training phase, the source dataset utilized contains the entire degrada-
tion for different customers. An ANN, further detailed in Section 4.3, is trained
using this dataset. The model gets initialized with random weights, which are then
adjusted in the training phase. A random grid search, described in Section 4.3.3,
is used to find the model and algorithmic hyperparameters that yields the lowest
RMSE score. The pre-training process enables the model to capture general degra-
dation patterns and characteristic features specific to the source dataset.

Following the pre-training phase comes the fine-tuning step, where the pre-trained
model is adapted to a target dataset comprising early degradation path for differ-
ent customers. During fine-tuning, all model hyperparameters from the pre-trained
model are reused except for the hyperparameter controlling which layers are frozen.
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By selectively freezing specific layers and leaving others unfrozen, it enables the
fine-tuned model to retain its ability to capture the essential degradation patterns
learned during pre-training while still being able to adjust its representation to align
with the degradation characteristics specific to the target dataset.

These two steps allow for transferring knowledge between two data sources from
different domains. The transfer could, for example, be performed between lab and
field or between batteries with two different cell chemistries. This transfer learning
framework addresses the challenge of a battery target domain where there are only
early degradation paths and no EoL labels by utilizing a source domain where full
degradation paths to EoL exist.

Transfer Learning Framework
for End-of-Life Prediction

Pre-training
Pre-trained
model

Labels

. -

Battery Full degradation
| system 1 | path

Pre-trained model

Fine-tuning
Fine-tuned
model

Labels

Early degradation

[ Battery
| system 2

Fine-tune Freeze layers

Figure 4.5: Schematic diagram illustrating the pre-training and fine-tuning process
for EoLL prediction of batteries. In the pre-training phase an ANN model is trained
on a dataset with full degradation paths. In the fine-tuning stage, the entire network
from the pre-trained model is used on a dataset with early degradation paths, where
all layers except the first are frozen.
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4.3 Implementation details

The model used in the transfer learning framework is an ANN consisting of fully
connected layers. The input layer of the model has a size of eight that receives
the input vector. The output layer of the model has a size of one, representing the
predicted future SoH Value. The choice of specific properties of the hidden layers,
such as the number of layers and neurons per layer, is described in Section 4.3.3
about hyperparameter selection. A visualization of the model layout is shown in
Figure 4.6.

Input features
Fast Charge
State of Charge
Odometer

Output value

Temperature — -

Age () SoHy1a
SoH;

Days to target (d)

Odometer to target

Input layer Hidden layer Output layer

Figure 4.6: Layout of how the model converts the input vector into output value.
SoHy is the current SoH at age t and SoH4q is the predicted SoH at d days after t.

4.3.1 Prediction methodology

There are two prediction methods for the model, depending on whether the objec-
tive is to predict the EoL or, in the case of no labels, to predict a future SoH value.

The EoL value is measured as the age of the battery when it reaches the SoH thresh-
old of 70, so predictions of EoLL must be in the same age unit. Since the model’s
current output is an SoH value, the prediction method must be adjusted to facilitate

predictions in an age unit. The variables required for the algorithm are described
in Table 4.4.

The algorithm iterates over a loop to predict SoH over future points and returns an
output of the age where SoH is predicted to be below 70%, which is described in
detail below.
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Table 4.4: Variables required for the Eol. prediction algorithm.

Variable Description

t Age at the starting point

d Days to target

o Odometer to target

A Size of timestep increment

X The input vector with the format: x = [z, x9, 3, T4, x5, T, d', 0]

where the input features of x;..xg remains fixed in the algorithm.

Algorithm to generate EoL prediction

g < 100 (arbitrary starting point > 70)

d <+ 0

while y > 70 do
d+d+A
o =g(x,d) > Odometer to target calculated from new value of d’
X = w1, X2, T3, T4, X5, T6,d', 0] > Input vector is assigned values of d’ and o
7= f(x) > Calculate new EoL prediction for input vector

if g < 70 then
Return: t + d’ > Return the date predicted that EoL. will be reached
end if
end while

The function g(x,d’) estimates the odometer difference to the next point based on
its current input vector and the days to target.

4.3.2 Model evaluation

A key objective in the aging of EVs domain is to estimate when the EoL is reached.
The model’s performance metric aims to assess how effectively the model achieves the
objective. For evaluation, two types of errors can be computed, an EoL prediction
error, egqr,, and an SoH prediction error, €4, defined by Equations 4.1 and 4.2

€BoL, = YEol, — UFoL (4.1)

€t4d = Yord — Pord (4-2)
where gy, refers to the EoL error in an age unit and €4 refers to SoH error when

predicting a point d days into the future from age t. Figure 4.7 shows the difference
between these errors.

30



4. Methods
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Figure 4.7: The model evaluation errors €g,;, and ¢4 are shown for an example
degradation path.

In the case of lab data, the label yg,; is known. By applying the algorithm to
generate EoL prediction described in Section 4.3.1, §g.z, can be computed, allowing
for the calculation of the error €g,;,. This error measures the ability to predict EolL,
which is the primary objective, and therefore it is used to evaluate the model’s per-
formance using the metrics RMSE and MAPE.

However, for field data, where yg,r, is unknown, eg.r, cannot be computed. Since the
field data still has a few observations of SoH per customer, the prediction method
of estimating e.,q for points further down the degradation path is used. While
this evaluation does not directly measure the primary objective of predicting EoL,
it serves as a valuable sanity check. Poorly predicting the SoH of future points,
measured as €;,4, can indicate that the model has problems predicting EoL, as the
calculation is based upon future SoH predictions.

4.3.3 Hyperparameter selection

In order to effectively train models like ANN, it is important to optimize the hyper-
parameters, which are parameters configured prior to the learning process. These
hyperparameters can influence the behavior and performance of the model. The
hyperparameters used are detailed in Table 4.5.

The model hyperparameters used for the ANN are the number and size of layers
within the network architecture, the dropout probability for the dropout layers, and
the selection of the layers that should be frozen during training. Additionally, the
algorithmic hyperparameters utilized are the batch size, the learning rate of the
optimization algorithm, and the number of epochs.
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Table 4.5: Model and algorithmic hyperparameters used in models.

Type Hyperparameter

Model Number of layers

Model Number of hidden neurons
Model Dropout probability
Model Type of layer frozen

Algorithmic Learning rate
Algorithmic Batch size
Algorithmic Number of epochs

The selection and combination of these hyperparameters significantly impact the
model’s overall performance. A hyperparameter random grid search is conducted
on a pre-defined set of hyperparameter values to identify the optimal configuration.
The models generated from different hyperparameter combinations are evaluated
based on their RMSE scores on the validation set, and the model that achieves the
lowest RMSE score is selected as the best-performing model.

4.4 Experiments

Three experiments that answers the research questions are described in this section.

4.4.1 The impact of fine-tuning on performance

This experiment evaluates how the amount of data provided during the fine-tuning
phase affects the predictive performance for Eol. estimation. To facilitate this, a
pre-trained model is trained on lab data A and acts as the benchmark model. Sev-
eral fine-tuned models are built based on the pre-trained model by fine-tuning on
lab data B according to Section 4.2 for different amounts of SoH fine-tune amount.

The experiments utilize the SoH fine-tune amount values of {94, 90, 85, 80, 75, 70}.
A visualization of how the value of SoH fine-tune amount affects the available data
during the training phase is shown with three examples values in Figure 4.8

For the SoH starting point, the values selected are {94,92,90,88,86,84,82,80,78,75}.
The selections omit values close to the curve’s start or end and take every second
value within the interval. How predictions in the testing phase are impacted by the
SoH starting point are shown with three examples of starting points in Figure 4.9.

The experiment is performed in the following steps: First, the SoH fine-tune amount
is selected, and the training subset of lab data B is systematically split based on
this value. Next, the pre-trained model is fine-tuned based on this data subset. The
resulting fine-tuned model generates predictions for each different SoH starting point
in the test set and corresponding €g,;, is computed. Finally, the EoL predictions are
evaluated using the RMSE and MAPE performance metrics.
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SoH A
90 SoH fine-tune amount
80%
80

A
»

Age
Figure 4.8: Example of the impact SoH fine-tune amount has on the available
data of degradation paths for the training phase. A lower value on the SoH fine-

tune amount indicates that a larger portion of the degradation path is included in
the training phase, increasing the amount of data for the model to train on.

SoH starting point

90% — { >||

SoH A

Test data

80% —

>
Age

Figure 4.9: Example of the impact SoH Starting point has on the size of the degra-
dation paths for the test data. A lower value on the SoH Starting point indicates
that a smaller portion of the degradation path is unknown to the model during the
testing phase.
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4.4.2 Patterns of knowledge transfers between domains

This experiment aims to investigate the impact of fine-tuning further, focusing on
analyzing if there are any patterns in the knowledge transfer between lab data A
and lab data B. Patterns in this context refer to whether a model that is fine-tuned
on lab data B makes predictions that form a trend of either over or underestimates
of the ground truth.

Patterns are explored by comparing the predicted degradation paths of the fine-
tuned and pre-trained model against two known degradation paths, the actual
ground truth and a reference path. The ground truth path represents the actual
degradation path for a simulated customer in lab data B. As described in Section
3.2, an identical configuration of driving behavior exists for simulated customers in
lab data A and B. The reference path refers to the degradation path of the customer
with identical driving behavior from lab data A.

A few specific simulated customers are selected to facilitate the visualizations of
the degradation paths. To determine which simulated customer to choose, a selec-
tion criterion is established to enable prioritization of the customers. The selection
criterion, ¢, is described in equation 4.3

_FT-PT
- PT
where the F'T' is the fine-tuned and P7T' is the pre-trained model’s EoL predictions.
Extreme values of || indicate a significant relative difference in the prediction of the
fine-tuned and pre-trained models, which is an interesting starting point to explore
potential patterns.

5 (4.3)

Two types of patterns are examined in cases where |0| is large. Firstly, an analysis
is done on how the degradation paths of the fine-tuned and pre-trained predictions
are positioned with respect to the actual ground truth path. Secondly, analysis is
performed on how the fine-tuned and pre-trained predictions are positioned with
respect to the reference path. A detailed list of experiment steps is described in
Table 4.6.

Table 4.6: List of steps for selecting examples to visualize.

Step Description

1 Remove customers with unusually high or low values of EoL

2 Compute the selection criterion ¢ with Equation 4.3

3 Extract the customers with the three highest and lowest values of §
4 Extract the ground truth and reference degradation paths

4.4.3 Fine-tuning on a fleet of cars

The transfer learning framework for Eol. prediction on the fleet of cars is imple-
mented by first pre-training on lab data B. The reason for choosing this dataset for
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the pre-trained model is that many of the batteries use this cell chemistry in the
fleet of cars. The pre-trained model is then fine-tuned on the field data to learn
the specific degradation of the fleet of cars. The hyperparameters used for training
are described in Appendix A.2. To predict EoL for a real customer in the fleet, the
algorithm described in Section 4.3 is used with the customers’ last measurements as
input to the model.

Since the field data is incomplete and does not consist of entire degradation paths
down to EoL it is not possible to evaluate the accuracy of EoL predictions on field
data using the standard metric RMSE or MAPE. Nonetheless, other strategies can
be employed to assess the performance and effectiveness of the transfer learning ap-
proach on the field data. Two analyses are performed to evaluate the performance:
a visual analysis of EoL predictions for individual customers, and a comparative
analysis on the available SOH data in the field.

To evaluate the effectiveness of transfer learning and the performance of the fine-
tune model, a comparative analysis is done between the pre-trained and fine-tuned
models using the available field data. This comparison assesses the relative improve-
ment achieved through transfer learning. For the comparative analysis, both models
are evaluated using the standard performance metric RMSE on test data that have
not been used for training the model. The data split is performed as shown in Figure
4.2 where 80% of the customers is used for training and 20% is used for evaluation.

The visual analysis is performed to assess the behavior of the fine-tuned model under
varying scenarios and data conditions. The model’s validity is explored by visualiz-
ing different customers’ predicted SoH values until EoLL.. This analysis could indicate
whether the model has learned how different driving behavior affects battery degra-
dation.
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Results

In this chapter, the results of the three experiments are presented. In Section 5.1, the
results of different fine-tuning amount on performance is presented. In Section 5.2,
results from the patterns of knowledge transfer experiment are provided. Lastly,

in Section 5.2, the findings from applying the framework to the fleet of cars are
unveiled.

5.1 The impact of fine-tuning amount on perfor-
mance

The result of the predictive performance for different values of SoH fine-tune amount
is shown in Figure 5.1, where the calculations of €g,r, is from predictions made at a
SoH starting point of 94. The models’ performance for the first set of values of SoH
fine-tune amount remains close to the pre-trained model. However, when the model
is fine-tuned on a sufficient amount of data, the model improves significantly in the
prediction performance.

EolL errors for different settings of SoH fine-tune amount

1.0 A ~——— pre-trained model

mm fine-tuned model
0.8 1
0.6 7
0.4 1
0.2 1
0.0~
a4 90 85 80 75 70

SoH fine-tune amount (%)

Mormalized EolL errors (RMSE)

Figure 5.1: EoL errors for different settings of SoH fine-tune amount with an
SoH starting point of 94.
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The result for the predictive performance across different settings of SoH starting
point is shown in Figure 5.2. Each model’s accuracy for all SoH starting point is
shown in Figure 5.3, and the best accuracy for each SoH starting point amongst
all models is selected as the best fine-tuned model. The predictive performance
improves for the pre-trained and the best fine-tuned model as the SoH starting
point is set further down the degradation path. The error ratio between the best
fine-tuned and pre-trained models falls within a range of 60-75%.

EoL errors for different settings of SoH starting peint

100%  best fine-tuned model
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0.2 4 - 20%

0.0 - - (0%

94 92 90 88 86 84 82 80 78 75

SoH starting point (%)

Figure 5.2: EoL errors for different settings of SoH starting point for the pre-
trained model and the best fine-tuned model at each starting point. The error ratio
between these models is shown as a line chart.

Results from all combinations of the SoH fine-tune amount and SoH starting point
settings is visualized with RMSE error in Figure 5.3 and MAPE error in Figure 5.4.
The results indicate a similar trend when measuring the errors in RMSE and MAPE.
There is not one single fine-tuned model that stands out significantly superior to
all others. Instead, different models, all having a SoH fine-tune amount between 70
and 80%, achieve the best results for various starting points.
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Figure 5.3: Heatmap of normalized RMSE scores for EolL prediction errors across
all settings of SoH fine-tune amount and SoH starting point.
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Figure 5.4: Heatmap of normalized MAPE scores for EoL prediction errors across
all settings of SoH fine-tune amount and SoH starting point.
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The EoL predictions at the SoH starting point of 94 from all the models are displayed
in Figure 5.5. The result indicates that the models trained on larger amounts of
fine-tuning data predict higher median EoL predictions. While the median EoL
prediction is higher for these models, they seem less likely to make extreme Eol

predictions, as there are fewer predictions above the normalized value of 0.8.

EoL predictions for SoH fine-tune amount
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Figure 5.5: Histogram of Eol predictions for different settings of SoH fine-

tune amount with an SoH starting point of 94%.
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The eg,r, from SoH starting point 94% across all the models are displayed in Fig-
ure 5.6. For all of the models, there are more underestimations, meaning that the
model estimates an EoL lower than the ground-truth value, than overestimations.
The amount of overestimations decreases as the model is fine-tuned on more data.
The error distribution is also narrower for models with high amount of fine-tuning.
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Figure 5.6: Histogram of EoL errors for different settings of SoH fine-tune amount
with a fixed value of 94% on SoH starting point. The amount of errors below -0.05
and above 0.2 have been aggregated into one single bar each to improve visualization.

41



5. Results

5.2 Patterns of knowledge transfer between do-
mains

The three degradation paths belonging to the simulated customers with the highest
0 are shown in Figure 5.7. The visualization contains predicted degradation paths
from the pre-trained model and a fine-tuned model with SoH fine-tune amount of
80%, as well as the ground truth degradation paths from the simulated customer in
lab data B and a reference degradation path from lab data A. The ground truth and
reference degradation paths being different is a result of the different cell chemistry
in lab data A compared to lab data B. The SoH starting point is set at 94%, and
the entire ground truth degradation paths are displayed. The result shows that the
fine-tuned model’s predictions are closer to the ground truth prediction path com-
pared to the predictions from the pre-trained model. Furthermore, the degradation
path of the fine-tuned model is never below the pre-trained model’s, even in the
earlier phases of the degradation.
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Figure 5.7: Degradation paths for the three customers with highest ¢ with model
predictions from SoH starting point at 94%.

The degradation paths of the three simulated customers with the largest negative
value of § are shown in Figure 5.8. The fine-tuned model is significantly closer to
the ground truth model for the two first customers, but for the third customer they
are at a similar distance. In this case, the fine-tuned model is never above the pre-
trained for any part of the degradation path.
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Degradation paths for the three customers with largest negative 6
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Figure 5.8: Degradation paths for the three customers with largest negative § with
model predictions from SoH starting point at 94%.

5.3 Fine-tuning on a fleet of cars

The comparative analysis on the test data for the pre-trained and fine-tuned model
is shown in Table 5.1. The fine-tuned model attains a better performance compared
to the pre-trained model. This indicates that the fine-tuning process on the field
data can improve predictive performance.

Table 5.1: Comparison of RMSE loss on normalized test data between pre-trained
and fine-tuned model.

Model Pre-trained | Fine-tuned
Test RMSE | 0.0030 0.0010

5.3.1 Predictions for individual customers

The driving behavior of three customers from the fleet is shown in Table 5.2. Notice
the high annual mileage and usage of fast charging for Customer 3 compared to
the other customers. Customers 1 and 2 have approximately equal annual mileage,
however, Customer 1 operates at a higher temperature.
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Table 5.2: Driving behavior of three different customers from the fleet. The cus-
tomers’ true value are hidden. Customer 1’s values are set to variables and the
relative proportion is calculated for customer 2 and 3.

Fast charging

Customer km/year Temp (°C) SoC Level (%)

ratio (%)
Customer 1 k1 fi t1 S1
Customer 2 0.89k; 0.1f1 0.26t; 1.5
Customer 3 16.35k; 1211 0.87ty 1.25s;

The predicted degradation paths to EoL for the three customers are depicted in
Figure 5.9. The predicted degradation paths for customers 1, 2 and 3 fall within the
moderate, slow, and fast regions, respectively. Customer 3, who has significantly
higher annual mileage and employs frequent fast charging compared to the other
customers, is expected to experience more rapid battery degradation. On the other
hand, customers 1 and 2, with similar annual mileage, have their predicted EoL fall
into different regions. This significant difference in EoL prediction is correlated to
the differences in fast charging frequency and average car temperature.

Customer 1 operates at a higher average temperature, likely contributing to its
accelerated degradation.

Customer Degradation Paths
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Figure 5.9: Predicted degradation path to EoL for three different customers from
the fleet using the fine-tuned model. The battery age is divided into three sections:
fast, moderate and slow as displayed on the x-axis. The region where a customer’s
predicted degradation path ends at the EoL classifies the rate at which the battery’s
health has degraded over its lifespan.

44



5. Results

The driving behavior of two customers with relatively high annual mileage is shown
in Table 5.3. Customer 5 drives one-third more kilometers per year than Customer
4, although it uses around a quarter as much fast charging and is located in a lower
average temperature.

Table 5.3: Driving behavior of two different customers. Customer 4’s values are
set to variables and the relative proportion is calculated for Customer 5.

Fast charging

Customer km/year Temp (°C) SoC Level (%)

ratio (%)
Customer 4 ]{54 f4 14 S4
Customer 5 1.32ky 0.19f4 0.65%4 S4

The predicted degradation paths for the two customers are illustrated in Figure
5.10. Initially, both customers exhibit a similar degradation pattern in their pre-
dicted paths until about an SoH of 85%. However, beyond this point, Customer 4’s
predicted degradation path has a faster rate of degradation compared to Customer
5. This is likely due to the significantly higher frequency of fast charging and the
operation of the vehicle at a higher average temperature.
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Figure 5.10: Predicted degradation path to EoL for two different customers using
the fine-tuned model.
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5.3.2 Prediction for the fleet of cars

The EoL predictions for the fleet of cars are displayed in Figure 5.11. The distri-
bution of EoL predictions exhibits a bell-shaped curve where most customers have
an EoL in the moderate region. Additionally, a noticeable number of customers are
predicted to fall within the fast degradation region, while very few are predicted to
have a slow degradation.

EoL Predictions: Fleet of Cars
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Figure 5.11: EoL predictions for the fleet of cars using the fine-tuned model.
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Discussion

In this chapter, the methodology and results are discussed. In Section 6.1, the
limitations of the processed lab and field data are discussed. In Section 6.2 the
results of the three experiments are discussed.

6.1 Discussion of data

The discussion first focuses on uncertainties in the data, followed by discussing pre-
processing of histogram features.

6.1.1 Uncertainties in the data

In this domain of batteries for EVs, there are several sources of uncertainties from
both the field and lab datasets. One source of uncertainty is that the laboratory
collection methods in Section 3.1 for the raw lab data do not fully reflect the cir-
cumstances in which data from EVs in the fleet are collected. For example, cycle
tests are obtained by performing charges and discharges of the battery at an accel-
erated rate compared to normal usage in an EV. Another difference is that since
testing is performed on only a few cells, it does not fully replicate the setup in EVs
with battery packs. In an EV, there might also be external factors such as vibration.

The processed lab data covered in Section 3.2 adds additional assumptions in or-
der to obtain the simulated customers. Combining degradation information from
calendar and cycle aging requires an assumption about potential path dependency
between these two aging processes. Creating simulated customers requires assump-
tions about relevant driving parameters and the possibility of interpolating between
these. For the field data presented in Section 3.3 there are uncertainties arising from
the collection of sensor values in a vehicle on the road. As the calculation of SoH
is based upon other sensor values, there could be discrepancies between the SoH in
the field dataset and the actual condition of the battery in the vehicle.

These uncertainties lead to both the input and output vectors not fully reflecting
the actual status of the battery’s degradation. This is important to remember when
interpreting the results; having access to estimations of these uncertainties could
help build confidence intervals around the results.
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6.1.2 Pre-processing histogram features

The data collected on temperature and SoC levels for customers in the fleet captures
the amount of time spent by a car within a specific temperature or SoC window.
However, by calculating the weighted average time spent in each bin, and using that
as input to the model, valuable information of battery degradation may have been
lost. As mentioned in Section 2.1.2, extreme temperatures can significantly impact
battery degradation. Furthermore, the depth of discharge is an important factor to
consider for cycling aging. Information about critical edge cases might not be kept
after taking the aggregated mean of these histograms. To address this issue, a dif-
ferent fine-tuning approach could be employed by incorporating an adaptation layer
that considers the time spent by the car within specific temperatures or SoC bins.
This adjustment would make it possible for the model to learn the extreme temper-
atures and depth of discharge in real operating conditions, which could improve the
accuracy of Eol. predictions.

6.2 Discussion of results

The discussion of results is connected to the research questions. Section 6.2.1 discuss
the question regarding fine-tuning amounts’ impact on performance. Section 6.2.2
covers the results regarding knowledge transfer between domains. Finally, Sec-
tion 6.2.3 presents and addresses the results for the predictions on the fleet of cars.

6.2.1 The impact of fine-tuning amount on performance

The potential of using transfer learning for EolL predictions depends on the value
of SoH fine-tune amount, in other words, how much of the degradation path that is
known in the target domain. For the extreme case where no part of the degradation
path is known in the target domain, transfer learning is not possible since there is
no data for the fine-tuning process. On the other hand, consider the opposite ex-
treme case where the target domain contains a large set of customers with their full
degradation path known. In this case, fully supervised learning directly on the tar-
get domain is a viable option instead of transfer learning. In the domain of battery
aging in a fleet of EVs, neither of these extremes exist today, but rather the domain
contains EVs where a part of the degradation path is known. Within this context,
observing that fine-tuning on a partial degradation path can yield better predictive
performance than the pre-trained model shows the potential of using transfer learn-
ing for EolL predictions.

The experiments conducted with different SoH fine-tune amount amounts reveal
some interesting findings. It is observed that for fine-tuning amount at 94%, the im-
provement in RMSE score is relatively small. However, an unexpected observation
is made when the SoH fine-tune amount is set to 90%; it results in a higher RMSE
score than the pre-trained model. This increase in RMSE score seems to contradict
the results obtained by a study also exploring different fine-tuning amounts when
applying a transfer learning framework to predict EoL of batteries [17]. In the study,
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the fine-tuning amounts {90, 80, 50,30, 10} were investigated, and the results from
an average error of multiple experimental runs showed a monotonic decrease in error
with more data to fine-tune on. That is, the RMSE score for fine-tuning amount at
90% could be due to inherent randomness in the training of the models. Training
a model with a fine-tuning amount for multiple runs and taking the average RMSE
loss of the runs would yield a more robust evaluation.

Another explanation of these results could be due to the fixed hyperparameters used
in the different fine-tuning experiments. The decision to fix the hyperparameters was
made to specifically evaluate the impact of the fine-tuning amount on performance
while removing other factors. However, fixing the hyperparameters carries the risk
of overfitting when dealing with a small amount of data being fine-tuned for too
many epochs or with too-large batch size.

6.2.2 Patterns of knowledge transfer between domains

Results showing that predictions from a fine-tuned model are closer to the ground
truth compared to the pre-trained model indicates that some knowledge about degra-
dation characteristics in the target domain is transferred during the fine-tuning pro-
cess.

An interesting observation is that the fine-tuned model’s prediction is below both
the pre-trained and ground truth in one of the examples. A potential factor to ex-
plain this is how the dataset is split in the fine-tuning phase. The dataset is first
split randomly on customers, meaning that when the model makes EoL predictions
for customers in the test data, it has never seen any part of its degradation path.
This requires the model to learn degradation characteristics in the target domain
from other customers instead. Depending on the similarity of the degradation for
customers with comparable conditions, the knowledge transferred during the fine-
tuning process might not be optimal in some scenarios. Exploring the fine-tuning
process with a more extensive set of data and a broader set of operating conditions
could be interesting to investigate.

The results show that the model is consistently underestimating the predicted EoL.
There are many potential reasons why the model learns patterns that lead to sys-
tematic underestimations. As seen in Figure 3.2, the source domain has shorter EoL
values than the target domain. With the fine-tuning process keeping most of the
layers in the model frozen, many of the weights in the fine-tuned model are solely
determined by the pre-training phase. While this is important to ensure that the
model retains the knowledge of a full degradation path, there is naturally a risk that
too many of the model’s parameters are determined on the source domain.
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6.2.3 Fine-tuning on a fleet of cars

The comparative analysis on the model performance reveals that the fine-tuned
model obtained a lower RMSE loss compared to the pre-trained model. While the
evaluation method does not directly assess the performance of predicting EoL, it
provides insights into the model’s generalizability to future SoH values and its abil-
ity to predict relative degradation within the observed timeframe. Although it is
challenging to validate the accuracy of Eol. predictions, these results demonstrate
that fine-tuning enhances the predictive performance on field data. Furthermore,
based on the findings from experiments in Section 5.1, collecting more field data will
further improve the predictive performance and enable more accurate Eol. predic-
tions.

Comparing the driving behavior of the customers and their predicted degradation
paths, the rate of the predicted paths agrees with the effect of the factors related
to battery aging as described in Section 2.1.2. A customer with very high annual
mileage is expected to have a faster degradation due to, for example, the increased
cycles that the battery goes through. While higher annual mileage contributes to
faster battery degradation, it does not necessarily mean that a customer that drives
more will have a faster degradation which is illustrated by comparing predicted
degradation paths for different customers. This emphasizes the need to consider
multiple factors that affect battery degradation when predicting the lifespan of bat-
teries in electric vehicles. That is, there is an interplay between many factors, such
as the annual mileage, fast charging ratio, temperature, and SoC level. This inter-
play is seen to be, at least partly, captured by the network-based transfer learning
model implemented.
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Conclusion

This thesis explored a transfer learning framework for predicting EoL of lithium-ion
batteries for a fleet of EVs. The prediction of EoL in EV batteries posed three main
challenges: no empirical EoLL observations in the fleet, the inability of laboratory
experiments to fully replicate real-world operating conditions, and that the collected
data from the EVs contained noise, inconsistencies, and missing data.

To address the data quality issues, the lab and field data underwent several data
preprocessing steps to obtain a dataset that reflected battery aging under real driv-
ing conditions. However, it is important to acknowledge that despite the steps,
uncertainties still exist in both datasets. These uncertainties must be considered
when applying the framework to the fleet of cars and making EoL predictions.

To overcome the challenges of the absence of EoL labels and the limitations of
lab data, this thesis proposed a framework that combines lab and field data using
a network-based transfer learning model. The experimental study evaluated the
framework’s effectiveness using lab datasets with degradation paths to EoL. The
results showed improvement in predictive performance when increasing the fine-
tuning data. However, the improvement was only significant at a certain fine-tuning
amount. These findings suggest that implementing a transfer learning framework
may be effective when the degradation paths of the batteries have sufficiently de-
graded.

Moreover, when applying the framework to the fleet of EVs, the fine-tuned model
utilizing a combination of lab and field data outperformed the model trained solely
on lab data. However, it is important to note that this evaluation was based on
the existing degradation path and not specifically on EoL labels. Therefore, further
validation is necessary to assess its generalizability to EoL predictions when EoL
labels exist.

This thesis contributes a framework that combines lab and field data using transfer
learning techniques to predict the EoL of batteries in EVs. The experimental findings
provide evidence of the framework’s effectiveness. As more field data is collected
over time, there is great potential for improving the EoL predictions for the fleet of

EVs.
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7.1 Future work

Battery degradation is a mechanism with a temporal aspect; that is, it degrades over
time, and the previous degrading state can affect the future state. However, due
to the sparsity in the measurements of each car in the fleet, this limitation makes
it difficult to model the temporal aspect over multiple data points. Therefore, an
ANN with fully connected layers is chosen instead of, for instance, a Recurrent Neu-
ral Network (RNN). The selected ANN model does not inherently account for the
temporal aspect of the data, as it lacks the ability to capture sequential information.

The implemented framework assumes that the customer is characterized by its pa-
rameter throughout the battery’s lifetime. However, this assumption may not hold
in real-world scenarios, as driving behavior can vary. With more data collected, an
RNN can be implemented designed to handle sequential data and capture temporal
dependencies. Such a model could then account for changes in driving behavior
over the battery’s lifetime and how it impacts future predictions. Previous studies
implementing RNNs have demonstrated promising results in predicting the EoL of
batteries [35, 36].

The project did not dive into understanding the predictions on individual customers
in the fleet, partly due to only having early degradation paths and not being able
to validate the results. However, an interesting future work could be to implement
explainable AI to understand the predictions made by the model. Understanding
different features’ effects on the predicted degradation path using field data could
be valuable to Volvo Cars as lots of resources go into experimental tests to better
understand the factors that affect battery degradation.

The fleet of cars contains a wide variety of customers with different driving behav-
ior from different parts of the world. Future work could investigate the field data
further and look into how the customers could be segmented based on their driving
behavior. By segmenting the customers, e.g., by how they drive and the climate
that they are in, one model could be built for each group of customers which could
yield a better performance than training a model on all the customers.

Finally, one aspect that could be of interest to future work is exploring more types
of datasets. One way is investigating more cell chemistries to better understand
knowledge transfer during the fine-tuning phase. It could also be valuable to use
public datasets to apply the framework to, enabling comparison of results against
other models.
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Appendix 1

A.1 Processed lab data

For the processed lab data, a discrete set of values are selected which forms the 1440
customers. The discrete values for the different parameters are shown in Table A.1.
By multiplying the number of values for each parameter together the number of
customers becomes 8 -6 -6 - 5 = 1440.

Table A.1: The discrete set of parameters that forms all the simulated customer.

Fast charging

km/year Temp (°C) SoC Level (%)

ratio (%)

2000 0 -9 30
10000 10 8 20
20000 25 15 70
29000 50 20 85
46000 75 25 94
80000 100 30 -

118000 - - -
350000 - - -

A.2 Implementation details

A cloud server is used to perform the data analysis, data preprocessing and model
training. This cloud server enables the access to GPUs which speeds up the model
training by parallelizing the computations. In total, three GPUs and 106 GB of
memory is allocated as computational resources.

Furthermore, Python 3.8.8 is picked as the implementation language. For the data
preprocessing, packages such as Pandas [37], NumPy [38] and SciPy [39] is used.
The model building and training is set up in PyTorch using a integrated framework
called lightningmodule [40].
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A.3 Hyperparameters for prediction model for fleet
of cars

The hyperparameters to train the pre-trained and fine-tuned model for predicting
EoL for the fleet of cars are seen in Table A.2.

Table A.2: Hyperparamter setup for transfer learning framework for combination
of lab and field data. The abbrevations cc, bs, Ir, ep and hn, If, AEF stands for cell
chemistry, batch size, learning rate, epoch;hidden neurons, layers frozen, all except
first, respectively.

Model Data cc bs Ir ep | #layers | #hn | If
Pre-trained | Lab data | Cell B | 1028 | 1e7° | 20 | 4 256 None
Fine-tuned | Field data | - 16 le=* 130 | 3 256 | AEF
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