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Abstract
The popularity of Electric Vehicles (EVs) is rapidly growing, owning much to ad-
vancements made in battery technology over the recent years. However, a key prob-
lem that remains for automotive manufacturers and prospective EV buyers is that
batteries age with time and use. A number of different methods have previously
been used to predict battery State-Of-Health (SOH), ranging from detailed electro-
chemical models to semi-empirical parametric models.

With the increased availability of large-scale vehicle data, statistical models have also
been applied to the problem. Gathering this data is not without problems however.
Privacy concerns and hardware limitations are just two reasons why manufacturers
have had to come up with novel methods of data collection and aggregation. One
such method that has been commonly used in Volvo cars is to accumulate data
over time into histograms. This method has some obvious side effects in terms of
data shape and resolution, but it is not known how it affects the underlying data
distributions, or statistical models derived therefrom.

This thesis aims to investigate how SOH prediction models are affected by the novel
data collection and aggregation method that is commonly used for high-voltage bat-
tery signals in Volvo cars. This is done using a multi-step process, in which a dataset
consisting of measurements from a large fleet Volvo Plug-in Hybrid Electric Vehicles
(PHEVs) is first pre-processed, after which it is used to train statistical machine
learning models. The models are then evaluated and examined using feature impor-
tance and Shapley Additive Explanations (SHAP). In addition to this, a method for
simulating the data collection method used in the vehicles is presented. This makes
it possible to create datasets similar to real vehicle data from publicly available time
series datasets.

The results indicate that the novel data collection and aggregation method affects
the internal behaviours of statistical SOH prediction models. The exact cause of
this is not established, but the results indicate that strong feature correlation is
a contributing factor. The results also highlights the potential of model-agnostic
explainability methods as guiding tools for data engineering and modelling, even
when applied to models trained on highly novel datasets.

Keywords: electric vehicles, state-of-health, battery ageing, battery degradation,
machine learning, explainability, interpretability, feature importance, shapley values,
shapley additive explanations
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1 | Introduction

The popularity of Electric Vehicles (EVs) has been rapidly growing over the past
few years, as they stand to offer a more environmentally friendly alternative, with
higher efficiency and lower maintenance costs, compared to their Internal Combus-
tion Engine (ICE) counterparts. By current projections, EVs will continue growing
in market share in both the short- and long-term, and many automotive manufac-
turers are electrifying large parts of their fleets [1].

Batteries, a component that is critical to the function of EVs, remains an expensive
part, even if advancements in battery technology and mass manufacturing techniques
are working to push the overall prices of EVs down [1]. The longevity of EVs has also
been put to discussion, as batteries degrades with time and use. This phenomenon
is often referred to as battery ageing and happens as a result of various mechanical
and electrochemical processes within the battery cells. This effectively limits the
lifespan of EV batteries, after which they have to be swapped out through a process
that is both costly and time consuming [2].

Previous estimates show that the service life of EV batteries has to reach 10-15
years, in order to make EVs cost competitive compared to ICE vehicles [2]. This
means that being able to track and predict the effective health of batteries is an
important task for both manufacturers and owners of EVs.

State-Of-Health (SOH) is a metric that is commonly used to measure the degree of
battery ageing. Predicting battery SOH presents a major challenge, as the mecha-
nisms that are responsible for it are highly complex and cannot be easily observed or
measured when the battery is in use. A variety of methods have been used to tackle
the problem previously, such as physical models or empirical data fitting models.
With the increased availability of data, various statistical methods have also been
used [2].

Many modern vehicles are highly digitized, and contain a large number of inter-
connected computers known as Electronic Control Units (ECUs). The ECUs can
be used to monitor various parts of the vehicle when it is in active use or parked,
and make out the backbone of modern vehicle data collection. They are capable of
sampling sensory data in real time, and may also perform on-board data processing
in some cases.

Battery data in particular is typically accumulated into data structures that can
be interpreted as multi-dimensional histograms. Snapshots of these histograms can

1



1. Introduction

then be collected when the vehicle visits a service center. There are both up- and
downsides to this data collection technique, as it may for example improve end-user
privacy, but also results in lower data resolution and a highly unique data format
that is different from most publicly available battery usage datasets. With a very
limited number of exceptions, previously published studies into SOH prediction for
automotive applications do not consider this phenomena.

Complex machine learning models have proven capable of solving a wide variety of
tasks. Not only are they highly adaptable to different problems, they are in many
cases capable of outperforming even human intelligence. However, in comparison
to humans, such models are typically far worse at explaining how they work and
how they arrive at specific decisions [3, Sec. 2.2]. These types of models are often
referred to as ”black box” models, owning to their highly opaque nature [3, Sec.
3.1].

Black box models can be problematic, as model interpretability is often as important
as model performance [3, Sec. 3.1]. Over the years, methods aimed at explaining
otherwise opaque models have been developed. Some of these are specific to cer-
tain types of models, called model-specific methods, but others do not make any
assumption about the inner working of the models, called model-agnostic methods
[3, Sec. 3.2].

This thesis aims to create and analyze statistical SOH prediction models using mod-
ern model-agnostic explainability methods. In particular, it is of interest to see how
such explanations relate to factors that are widely known to affect the rate of battery
ageing. The primary dataset that is used in this thesis consists of measurements from
over 65 000 Plug-in Hybrid Electric Vehicles (PHEVs), which is by far the largest
dataset that has been used for this purpose to the authors’ knowledge. An empha-
sis is made on how the data format, that is largely proprietary to the automotive
industry, affects model training, performance and interpretability.

In the following sections, a brief background is given, along with the project scope
and a summary of previous related work. Finally, the structure of the rest of the
report is explained.

1.1 Background
The Volvo Car Group (Volvo Cars) is a Swedish premium automotive manufacturer
that develops and manufactures a variety of passenger cars under the Volvo and
Polestar brands. Volvo Cars’ main selling points are safety and sustainability, and
hence, the company is heavily invested in the rapidly expanding EV market. PHEVs
have been a part of the Volvo Cars product line for a long time, and the company
recently released their first pure Battery Electric Vehicle (BEV). Volvo Cars aims
to become fully electric, and only produce EVs by 2030 [4].

Battery SOH prediction is a problem with a range of potential business applications,
and hence, has been worked on previously at Volvo Cars. In the past, SOH prediction
was often done using semi-empirical models based on data collected under controlled

2



1. Introduction

conditions. With the increased availability of real-world vehicle data that has been
made possible through technological advancements, attempts have also been made
to use purely statistical models. The potential benefits of such models is that they
can be used without any prior knowledge, and can be fit to actual vehicle data that
reflects true operational conditions.

In modern Volvo cars it is possible to sample signals from sensors connected to the
ECU network at a high resolution, but for a variety of reasons this data may not
always be collected directly. For example, battery signals are typically accumulated
into a complex format prior to being stored for later collection. This format can
be interpreted as discrete distributions, or histograms, that are accumulated over
the lifetime of the vehicle. The histograms are in general multi-dimensional, where
each dimension corresponds to its own unit. The histogram bins are set to fixed
values, but the sizes of these are in general not fixed. Snapshots of the histograms
are collected digitally during service visits. Figure 1.1 shows an overview of the data
flow from raw signal measurements to collection and storage.

Data binning

ECU

Sensor
measurementBattery cell Data collection

& storage

Figure 1.1: Overview of how vehicle battery data is measured, processed and
collected. Sensors measure raw signals from the battery cells, which are collected
and processed by an ECU. The ECU accumulates the data into histograms over the
vehicle’s lifetime. Snapshots of the histograms can then be collected during service
visits and stored off-board.

Since Volvo cars are typically recommended to visit the workshop once a year, the
data collection method has the effect of resulting in relatively few measurements per
vehicle. This, together with the growing number of new cars that were added to the
fleet over the course of the data collection period, means that most measurements are
of young vehicles. It is unclear how the proprietary data format and the imbalanced
data distributions affects the prediction models, and so it is of interest to examine
what impact it has on the models’ behaviour and performance.

1.2 Previous work
Several studies aimed at developing methods for SOH prediction have previously
been conducted, encompassing a variety of different methods and approaches [2]. At
its core, SOH prediction concerns the electrochemical processes that occur within
batteries, and hence, many models are based entirely or partially on physical mod-
elling.

3
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Various types of statistical models have also been applied to the problem, rang-
ing from simpler methods such as Autoregressive Moving Average to more complex
methods such as neural networks [2]. It is important to note that the above men-
tioned studies are typically done using data that has been generated under controlled
conditions, where it is possible to reliably measure, collect and store data on fixed
intervals. This is not the case when collecting battery data from vehicles, and hence,
studying battery ageing in vehicles presents a set of additional challenges.

As an EV manufacturer, Volvo Cars has also invested considerable time and re-
sources into SOH prediction models. In a thesis project from 2020 [5], Chanchaipol
and Sirikul showed the feasibility of applying statistical prediction models to data
of a similar type using principal component analysis. This approach reduces the
complexity of the problem by dimensionality reduction, but has the downside of
making model explanations much less interpretable.

Statistical SOH prediction models have also been a key area within the Analytics &
Artificial Intelligence department at Volvo Cars previously. Not only has work been
done to collect, clean and prepare data, there has also been work done on developing
models for predicting future SOH given a recollection of past data. The outcome
of this research showed that histogram vehicle data can be used for this purpose,
but the models were not sufficiently accurate given the data that was available at
the time. This project targets a different, but similar, problem. As a result, this
project draws much inspiration from the previous work conducted at Analytics and
AI. In particular, since the same dataset is used, much of the data pre-processing is
heavily inspired by what was proven to work previously.

Finally, in a publication from 2022 [6], Zhang et al. developed a machine learn-
ing framework for online SOH prediction. When trained on real vehicle histogram
data, the models achieved performance comparable to that of models trained on lab
generated time series data.

1.3 Project scope
This project aims to investigate how statistical SOH prediction models, trained on
a novel dataset consisting of measurements from a large fleet of electrical vehicles,
can be interpreted using modern interpretability methods. Furthermore, the impact
of the data collection and processing methods, that are to the authors’ knowledge
largely unique to the automotive industry, is examined.

This project is done in collaboration with Volvo Cars, and as a result, all vehicle
data that is used was collected from Volvo vehicles. A secondary, publicly available,
battery ageing dataset is also used. The number of modelling techniques used in
this project is limited, as the primary goal of the project is not to optimize the
prediction performance.

To facilitate model analysis, two different types of explainability methods were se-
lected. One of these methods is directly tied to the choice of models, while the other
is model-agnostic in general, even if the specific implementation that is used makes
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assumptions about the model. Hence, different implementations of the method could
be used to reproduce the results with different types of models.

1.4 Thesis structure
The rest of this thesis is structured as following: In Chapter 2, the theoretical back-
ground and concepts that are required in order to follow this thesis are presented. In
Chapter 4, the experimental approach is presented and the usage of specific methods
is discussed. In Chapter 5, the results obtained from the experiments presented in
the previous chapter are presented. In Chapter 6, the results are discussed, Finally,
in Chapter 7, the results and discussion are summarized, and some ideas concerning
potential future work are presented.

5
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2 | Theory

In the following chapter, the theoretic background that is required to follow the rest
of the report is presented. In Section 2.1, a brief background on the functionality,
properties and ageing behaviour of batteries is provided. In Section 2.2 an intro-
duction to machine learning and the specific methods that are used in this project
are presented. In Section 2.3, Explainable AI is described in general, followed by
the specific explainability methods that were employed in this project. Finally, in
Section 2.4 a method for weighting datasets, called DenseWeight, is presented.

2.1 Batteries

Lithium-ion batteries have been widely used in consumer electronics since the 1990’s,
and are today commonly found in electrical vehicles owning to their comparatively
high energy density and low weight. The main limitation of lithium-batteries when
used in such a context relates to their ageing behaviour, which limits their perfor-
mance with usage and time. This performance degradation affects various properties
of the batteries, including their capacity and internal resistance [2].

2.1.1 Battery architecture

Most batteries share the same fundamental components. Each battery cell consist
of two electrodes, the anode and the cathode, which are separated by an electrically
non-conductive separator material that prevents short circuiting. When the battery
is discharged, current is drawn from the anode via a negative current collector, to
the cathode via a positive current collector. The electrodes are surrounded by an
electrolyte which allows for the transfer of ions in order to keep the internal charge
balanced. Some batteries may be recharged by applying a higher, inverse, voltage
over the electrodes [7].

The lithium-ion battery get its name from its use of Li+ ions as charge carriers [7],
and refers to not a single type of battery, but a family of cell chemistries that all use
lithium-ions as charge carriers. Figure 2.1 shows a diagram of a generic lithium-ion
battery during its discharge cycle.
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Figure 2.1: Illustration of a lithium-ion battery during its discharge cycle.

The lithium-ion batteries that are used in electric vehicles are made up of many
individual battery cells that are connected together. The individual battery cells
are grouped into battery modules, which in turn are stacked to create a full battery
pack. Figure 2.2 shows how these components relate to each other. The exact cell
chemistry and physical construction that is used in a battery pack differs between
vendors and models, but they all work in largely the same way.

Battery cell Battery module Battery pack

Figure 2.2: Overview of how battery cells, modules and packs relate to each other.
Note that battery packs that are used in electric vehicles typically contain many
more modules and battery cells than what is shown in the figure.

2.1.2 Battery degradation
Battery cells age with time and use, a behaviour that can typically be observed as
an increase in internal impedance, resulting in the fade of deliverable power, and
a decrease in nominal cell capacity [2]. A cell’s current level of charge is often
described by a metric known as State-Of-Charge (SOC), which is defined by

SOC(t, τ) = Q(t)
Qn(τ) , (2.1)
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where Q(t) is its currently available energy, Qn(τ) is its nominal (rated) capacity,
t is the time relative to the start of the current cycle, and τ is the time relative to
the battery’s beginning of life.

To describe a cell’s nominal capacity fade, another metric called its State-Of-Health
(SOH) is often used. SOH is defined by

SOH(τ) = Qn(τ)
Qmax

n

, (2.2)

where Qmax
n is its maximum (initial) nominal capacity [2].

Cell degradation occurs as a result of various chemical and mechanical degradation
mechanisms. The main consequences of these are the loss of usable lithium and
electrode material, which results in a loss of charge capacity, and an increase in
internal resistance, which results in a loss of available power [2]. The individual
degradation mechanisms are fairly well understood, but are typically hard to observe
when the battery is in use. Degradation systems are also made more complex as a
result of strong coupling between degradation mechanisms [8].

The battery ageing behaviour can be further subdivided into two types of ageing.
Calendar ageing causes an irreversible loss of capacity, and happens with time,
regardless of actual battery usage. The rate of self discharge that occurs during
storage is a driving factor for calendar ageing, and is in turn affected greatly by the
battery storage conditions. It has been shown that the ambient temperature and
the SOC at which the battery is stored has a major impact rate of calendar ageing
[2].

Cycle ageing occurs during battery use, as it charges and discharges. As with calen-
dar ageing, ambient temperature can be a major contributing factor to cycle ageing.
The depth of discharge, sometimes denoted ∆SOC, denotes the change in SOC over
a discharge cycle. An example of how depth of discharge is defined is shown in
Figure 2.3. A high depth of discharge has been shown to increase the rate of ageing.
Finally, higher charge and discharge voltages, and high current peaks, have been
linked to an accelerated rate of degradation [2].
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Figure 2.3: Example of how the depth of discharge, ∆SOC, is related to the change
in SOC for different battery cycles.

9



2. Theory

As described in Section 2.1.1, battery packs typically contain many individual bat-
tery cells. Since the performance of a battery pack is largely limited by the per-
formance of its worst cell, the SOH for the full battery pack is typically defined as
the minimum SOH of the battery cells. In practice, the charge capacity is often
estimated by integrating a measured current. This is then used to estimate both
the SOC and SOH.

2.2 Machine learning
Machine learning is a field within Artificial Intelligence (AI), which focuses on sys-
tems that can learn to perform tasks without being explicitly programmed for them.
Machine learning methods are widely used to tackle problems that static programs
written by humans cannot solve, either due to sub-optimal performance or by being
too time-consuming to create. There exists many different approaches to machine
learning, but all are fundamentally a type of learning algorithm, and hence, shares
the same framework consisting of a task, some experience and one or more perfor-
mance measures [9, Sec. 5.1].

The task is the underlying problem that the machine learning algorithm is trying to
solve. If the goal is to make a car drive, then the task is to drive. If the goal is to
predict how far aged a battery is, the task is often specified as predicting its SOH.
Many different types of tasks exist, but regression is of specific interest to the rest
of this report [9, Sec. 5.1.1].

Regression is a type of task where the goal is to predict a numerical value. This
is done by producing some function f : Rn → R, that takes some n-dimensional
input and outputs a numerical value. This function can then be used to predict the
output corresponding to any set of inputs [9, Sec. 5.1.1].

In order to learn how to perform tasks, machine learning algorithms require some
form of experience from which they can learn, a process that is typically referred to
as training. Experience comes in the form of data points, or samples. Each data
point consists of a set of feature values that in some way describe or characterize
the task, and are typically represented as numerical vectors x ∈ Rn. Each vector
dimension corresponds to its own, unique, feature [9, Sec. 5.1.3].

Data points are typically grouped into datasets, which are often described using
design matrices. In a design matrix X ∈ Rm×n, the rows correspond to data samples
and the columns features. Depending on the learning approach, the experience may
or may not include additional information besides the data points [9, Sec. 5.1.3].

In a supervised learning approach, a vector of labels is given in addition to the design
matrix of feature values. The labels correspond to the true values, which is what
the model should ideally learn to predict. The exact shape of the label vector can
vary depending on the task, but for regression-type problems it is typically given as
a simple numerical vector y ∈ Rm. In an unsupervised approach, no label vector is
given and the model instead has to rely solely on learning patterns from the data
points [9, Sec. 5.1.3]. As label data is available for the task examined in this project,
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the rest of this chapter is presented under the assumption that a supervised learning
approach is used.

To evaluate how good a machine learning model is at solving a given task, one or
more performance measures are typically used that are usually unique to the task
[9, Sec. 5.1.2]. For regression, the most common metrics are based on the difference
between the predicted value ŷ and the corresponding true label y, y − ŷ, also called
the residual. This value is used in a loss function (also called a cost function or
an error function) to compute a positive real number that represents how close a
prediction is to the corresponding true label. Hence, the goal of a machine learning
model is to minimize the loss function value [9, Sec. 5.5]. A number of different loss
functions exist, but among the more common ones are the Root Mean Square Error
(RMSE) and the Mean Absolute Error (MAE). The RMSE is defined as

RMSE(y, ŷ) =
√√√√ 1

m

m∑
i=1

(yi − ŷi)2, (2.3)

where m is the number of data points, yi is the true value corresponding to data
point i and ŷi is the predicted value for data point i [9, Sec. 5.5.1]. Similarly, the
MAE is defined as

MAE(y, ŷ) = 1
m

m∑
i=1

|yi − ŷi|, (2.4)

where the variables are defined in the same way as for Equation 2.3 [10].

As mentioned above, the goal of machine learning models is typically to minimize
the loss over the dataset that it is trained on. In reality however, it is often more
important how well the model can generalize, that is, perform on previously unseen
data. For this reason, multiple datasets are typically used, such that the model can
be trained on one dataset and evaluated on a different dataset to measure how well
it can generalize. These two datasets are typically called the training set and the
test set [9, Sec. 5.1.2].

Most machine learning models have settings, or so called hyperparameters, that
control how the model behaves [9, Sec. 5.3]. These hyperparameters are fixed prior
to training, and since they can have a large impact of the model performance and
behaviour, some method of selecting the best hyperparameter values is typically
used. For this reason, the training set is typically further split into an additional
dataset called the validation set [9, Sec. 5.3]. This dataset can be used to make
decisions about hyperparameter values without affecting the test set.

There are many different approaches to hyperparameter selection, but since there is
often an infinite amount of possible hyperparameter values, most methods require
some degree of manual input. One of the more direct approaches to hyperparameter
selection is to manually select a search space containing a set of possible values for
each hyperparameter, and then testing all possible value combinations to find the
best set of hyperparameter values.
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In certain cases it may not be desirable to split the dataset into a fixed train and test
(or validation) set, especially if the resulting datasets are small. The main reason
for this is that the statistical uncertainty when evaluating models trained on these
datasets will be high, making it difficult to determine which model is actually better.

One solution to this problem is to use cross-validation. The most common method
of cross validation is k-fold cross-validation, which works by splitting the dataset
into k non-overlapping subsets. The model is then trained k times, using one of the
partitions as test set and the rest of the partitions combined as the training set each
time. This is done such that each of the partitions is used as the test set once. The
overall test loss is then estimated by aggregating the test loss computed for each of
the k trained models, typically by computing an average [9, Sec. 5.3.1].

2.2.1 Decision trees

A decision tree is a type of machine learning method which works by dividing the
input feature space into regions, such that each region corresponds to a specific
output value. This is done iteratively through a number of nodes, starting from the
root node of a tree structure, hence the name. At each level of the tree, the input
feature space is further broken into multiple smaller, non-overlapping, sub-regions.
The final nodes, corresponding to the leaves of the tree, are mapped to a specific
output value [11, Sec. 9.2].

Figure 2.4 illustrates how a decision tree works. At each node there is a condition
which is checked against the input, and the result is used to decide which node to
go to next. If the condition evaluates to true, the left child is chosen, and if it
evaluates to false, the right child is chosen. In this example, the decision tree is used
to compute a prediction for x = (x1, x2) = (5, 2). By following the above-mentioned
rules, a path is created starting from the top-most root node. The output value is
decided by the leaf node, which is the final node in the path. The path is highlighted
grey in figure. In this example, the prediction becomes ŷ = 5.
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Figure 2.4: Example of how a decision tree works.

The accuracy of decision trees is entirely decided by their structure, as the algorithm
for computing a prediction given an input is deterministic. For this reason, a greedy
algorithm that tries to optimize the accuracy is used to grow the trees. Decision
trees are constructed iteratively, starting from the root node. At each split, two
major decisions have to be made: how to pick which variable the split should be
performed on, and how to pick the threshold value [11, Sec. 9.2]. This typically
done by minimizing some error function, and for regression trees it is common to
use the Sum of Squared Residuals (SSR).

SSR(y, ŷ) =
m∑

i=1
(ŷi − yi)2, (2.5)

where m is the number of data points, yi is the true value and ŷi is the predicted
value for data point i. Typically, the optimal threshold value for each feature is first
chosen, after which the feature that gives the lowest SSR is chosen for the split [11,
Sec. 9.2].

If the tree is allowed to grow infinitely deep, the greedy algorithm will produce a tree
in which each training data sample has its own corresponding leaf node. As described
in Section 2.2, the actual value of machine learning models lies within their ability
to generalize. For this reason, the depth is typically selected as a hyperparameter
and fixed prior to training [11, Sec. 9.2].
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In addition to the tree depth, a variety of other hyperparameters may also be in-
troduced to control the model behaviour and reduce overfitting. For example, the
minimum residual reduction, or the number of samples that have to be considered
to perform a split, may also be considered as hyperparameters.

2.2.2 Ensemble methods and forests
Simple models such as decision trees can be useful on their own, but tends to lack the
capacity required to solve more complex tasks. In ensemble methods, the outputs
of several models are combined to produce a single prediction. The idea of such
methods is that the combination of multiple simpler models is typically capable of
outperforming any one of its individual component models [11, Sec. 16.1].

In an ensemble of decision trees, occasionally called a forest, a number of decision
trees are stacked horizontally. The input data is broadcast to each decision tree,
such that each tree produces its own prediction independently of the other trees.
The predictions are then combined using an aggregation function [11, Sec. 15.2].
For regression tasks, the aggregation function is typically selected as the average of
all predictions. Figure 2.5 shows an example of a forest model works.

Aggregation function

...

Input sample

Output value

...

...

Figure 2.5: Overview of how an ensemble method using decision trees, also called
a forest, works.

As when growing individual decision trees, the method of constructing forests has a
major impact on the resulting model’s performance. A naive approach to construct-
ing forests would be to train each decision tree on the entire dataset. This would
not result in a very useful ensemble model however, as all trees would end up being
identical. This happens since the decision trees are grown using a greedy, and hence
deterministic, algorithm, as described in Section 2.2.1.

Instead, each tree has to be grown from a unique subset of the dataset. In this
project, two different models that are both based on forests, but employ different
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data selection techniques are used. These are the Random Forest and Gradient
Boosting algorithms.

2.2.3 Random Forest
Random Forest is a forest-type model that uses a technique based on bootstrap ag-
gregation, or bagging to introduce variance among the decision trees. The algorithm
works by randomly drawing samples with replacement from the training dataset to
create a bootstrap dataset. A decision tree is then trained on the bootstrap dataset,
and the procedure is repeated until the desired number of trees are created [11,
Chap. 15].

The bootstrap datasets are typically made to be of equal size to the original training
dataset, but since samples are drawn with replacement, each bootstrap dataset will
contain only a subset of unique samples from the original dataset [11, Chap. 15].
Figure 2.6 shows a visual representation of the Random Forest algorithm.

The Random Forest algorithm solves the issue faced when training a forest of decision
trees from a single dataset, described in Section 2.2.2, by introducing a source of
randomness when sampling data. This method has been proven to work well, but
perhaps there are other, more strategic, ways to approach the problem? In the next
section, the Gradient Boosting algorithm is introduced, which aims to do exactly
this.

...

Training dataset

Bootstrap dataset 1 Bootstrap dataset 2 Bootstrap dataset k

Sample with replacement

Decision tree 1 Decision tree 2 Decision tree k

Train model Train model Train model

...

Figure 2.6: Overview of the Random Forest algorithm.

2.2.4 Gradient boosting
Gradient Boosting is another forest-type method, that uses a method called boost-
ing to iteratively construct a forest by adding trees to compensate for the previous
model’s prediction error. The algorithm uses the well-known Gradient Descent al-
gorithm to compute the training target, hence its name [12].
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Gradient boosting is based on the concept of Generalized Additive Models, which is a
type of model that is constructed as an additive expansion of unspecified functions,
typically called basis functions. Additive models have the general form

y ≈ f(x) = α +
M∑

m=1
fm(x), (2.6)

where α is a constant and fm(x), m = 1, ..., M is a set of basis functions [11, Sec.
9.1].

α can be moved into any one of the basis functions, and let fm(x) = βmb(x, γm),
where βm is an expansion coefficient and γm is the set of the basis function’s parame-
ters, for m = 1, ..., M . Boosting is a method for fitting such models by estimating βm

and γm in a sequential manner. A straight forward method of accomplishing this is
with Forward Stagewise Additive Modelling, which works by, for each m = 1, ..., M ,
computing

(βm, γm) = arg min
β,γ

N∑
i=1

L(yi, fm−1(xi) + βb(xi, γ)), (2.7)

where L is a generic loss function. The resulting parameters (βm, γm) will hence
fit a new basis function βmb(x, γm) that compensates for the error of the previous
model, fm−1(x). The next stage expansion is then simply set as

fm(x) = fm−1(x) + βmb(x, γm), (2.8)

and the process is then repeated for all m = 1, ..., M [11, Sec. 10.2].

Solving Equation 2.7 can be a difficult task in general, and hence, some type of
numerical optimization methods are typically used instead [11, Sec. 10.9]. Gradient
Descent is one such method, which instead of solving Equation 2.7 directly, works by
making iterative updates towards the target in the direction of the negative gradient.
In practice, this is done by fitting each basis function to the gradient of the inner
function in Equation 2.7 with respect to the current expansion,

∂
∑N

i=1 L(yi, fm(xi))
∂fm(xi)

= ∂L(yi, fm(xi))
∂fm(xi)

[12]. (2.9)

For regression tasks, the loss function is usually chosen as as the squared-error loss,
defined as

L(yi, fm(xi)) = 1
2(yi − fm(xi))2, (2.10)

which, when inserted in to Equation 2.9, results in

∂L(yi, fm(xi))
∂fm(xi)

= yi − fm(xi), (2.11)

which is just the residual as defined in Section 2.2 [12].

In practice, this means that for each iteration of the Gradient Boosting algorithm,
the residuals of the current model are computed and a new tree is trained on these
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residuals. In addition to the regular decision tree hyperparameters, a learning rate
ν ∈ (0, 1] is also introduced as a regularization technique that scales the contribution
from each tree [11, Sec. 10.12]. Figure 2.7 shows a visual representation of the
Gradient Boosting algorithm.

...

Training dataset

Decision tree 1 Decision tree 2 Decision tree k

Initialize f₁
Compute gradient

w.r.t. f₁
Train f₂ on f₁

gradient
Compute gradient

w.r.t. fₖ₋₁
Train fₖ on fₖ₋₁

gradient...

...
Figure 2.7: Overview of the Gradient Boosting algorithm.
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2.3 Explainable AI
Modern AI methods are capable of solving highly complex tasks, and have matured
to the point where very little human intervention is required for their design and
deployment [13]. In order to achieve this level of performance, AI methods such as
machine learning models can have gigantic parametric spaces, consisting of millions,
if not billions, of numerical parameters [3, Sec. 2.2, ], [13]. This makes it extremely
hard, if not impossible, for humans to understand such models in their entirety [3,
Sec. 2.2]. These types of machine learning models are called black-box models, and
are the opposite of transparent models, where the mechanism by which the models
work can be directly understood [13].

In many real applications, it is not only important to know if a solution proposed
by a machine learning model is any good, but also why the specific solution was
suggested and what the model’s reasoning behind it was [3, Sec. 3.1]. Without
model transparency, there is an inherent risk of creating and using decisions that
are not justifiable or legitimate [13]. For example, in the case of SOH prediction,
it is important to know why a vehicle is given a low predicted SOH. With this
information, proper action can be taken to prevent further damage to the battery,
and measures could be taken to prevent similar situations for other vehicles in the
future.

Explainable Artificial Intelligence (XAI) is a field that aims to provide a set of meth-
ods that allow humans to understand the functioning of AI systems [13]. There exists
a wide range of terminology that is used differently across the XAI community [13],
and so to make thing simple, in this report terms such as interpretability, explain-
ability and transparency will be used interchangeably unless otherwise specified. All
of these terms refers to the degree to which a human can understand the cause of a
decision made by a machine learning model. A higher interpretability, explainabil-
ity or transparency means that it is easier for a human to understand the decisions
made by a model [3, Ch. 3].

Interpretability is not limited to a single type of metric, and there are different
types of interpretability methods that give different kinds of insights. Feature sum-
mary statistics can give indications as to the importance of, or interactions between,
specific features. By looking at the model internals, such as their learned weights,
their relationship to the model input and output may be examined. Another option
to look at data points, and how changing feature values affects the model output
[3, Sec. 3.2]. This project focuses primarily on feature summary statistics, as the
interaction between input data features and output prediction is of primary interest.

There are different ways to achieve model interpretability. Intrinsic model inter-
pretability is achieved by limiting the complexity of models, while post-hoc inter-
pretability refers to methods that are applied after model training [3, Sec. 3.2],
[13]. It is also possible to apply post-hoc interpretability methods to fully or partly
intrinsically interpretable models [3, Sec. 3.2]. XAI methods are also categorized de-
pending on the type of machine learning model they can be applied to. Model-specific
interpretability methods only work for specific types of models, while model-agnostic
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interpretability methods do not make any assumptions about the underlying model,
and hence, can be plugged in for different types of models [3, Sec. 3.2], [13].

2.3.1 Feature importance
As described in Section 2.2, machine learning models are generally trained multiple
data features. Not all of these features have to be equally important, however, and
in practice they rarely are. To better understand the model, it is often useful to
know how important specific features are to the predictions made by a model [11,
Sec. 10.13.1].

Feature importance is one such metric, which describes how important the different
features are for making predictions relative to each other. Computing feature im-
portance scores for decisions trees is especially easy, as they are already intrinsically
interpretable to a great extent [13]. The same greedy approach that is used for
growing the trees, can be used to create a quantitative feature importance measure.

As described in Section 2.2.1, each node in a decision tree corresponds to a specific
feature that is used to split the input data region into two sub-regions. To compute
the importance of a specific feature, the contributions of all nodes in the tree cor-
responding to that specific feature are summed. The contribution of a single node
is determined by the maximum possible error reduction when fitting two separate
constant response values to the node’s children [11, Sec. 10.13.1].

This definition should sound familiar however, as it is the same as what is com-
puted when splitting the nodes during the initial construction of the tree. Hence,
computing the feature importance for an existing tree is only a matter of summing
all, already computed, contributions. The concept can be generalized to forests of
decision trees, by simply aggregating the feature importance computed for all trees
[11, Sec. 10.13.1].

2.3.2 Shapley Values
Lloyd S. Shapley proposed Shapley Values in 1951 [14], as a method for assigning
payouts to the players of a game, based on their contributions to the game’s outcome.
The method stems from cooperative game theory, but has found use in other fields
as well. In particular, the method can be transferred to the domain of prediction
tasks by interpreting the task as a ”game”, each feature a ”player”, and the model
output a ”payout” [3, Sec. 9.6].

To better explain how Shapley Values are computed for prediction tasks, consider the
following example inspired by an example given by Molnar in the book Interpretable
Machine Learning [3].

The task is defined as predicting the value of houses. Three different features are
defined: ”Area”, which is the house’s area, ”Build year”, which is the year that the
house was built, and ”Garage”, which is a Boolean value of whether the house has
a garage or not. A model has been trained on the task, and the average predicted
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value among all houses in the dataset is e420 000. Given a set of input values, the
model can produce an output prediction as shown in Figure 2.8.

X

Y

Area Build year Garage

120m² 1996 Yes

= €460 000 

Figure 2.8: Example output of a prediction model given a set of input data.

The difference between the average prediction and the prediction in Figure 2.8 is
e460 000−e420 000 = e40 000. The key idea behind Shapley values is that this dif-
ference is the result of a sum of contributions made by the features. For example, the
”Area = 120 m2” feature may contribute with +e20 000, the ”Build year = 1996”
feature may contribute with −e10 000, and the ”Garage = Yes” feature may con-
tribute with +e30 000. In total, these contributions sum to e40 000, the observed
deviation from the average prediction.

So how are these contributions computed in a meaningful way? Consider what
happens to the prediction if all feature values are fixed, with the exception of one.
The feature ”Garage” is flipped, such that it is now negative, and a new prediction
is computed with the updated set of input values. The resulting prediction is shown
in Figure 2.9.

X

Y

Area Build year Garage

120m² 1996 No

= €380 000 

Figure 2.9: Example output of a prediction model given a set of input data with
a single feature modified from the example in Figure 2.8.

The difference between the two predictions shown in Figures 2.8 and 2.9 is e380 000−
e460 000 = −e80 000. Since all feature values except one are fixed, this reduction
in predicted value can attributed to the change in the value of the ”Garage” feature.
Formally, we call this a marginal contribution made by the ”Garage” feature towards
the predicted value.

If the values of the ”Area” and ”Build year” features were different, the marginal
contribution of the ”Garage” feature would likely not be the same. For this reason,
many data samples with different feature values, so called feature coalitions, has
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to be considered to get a statistically significant result. The Shapley value of a
specific feature is formally defined as the average of all marginal contributions for
this feature, across all possible feature coalitions [3, Sec. 9.5.1].

Computing exact Shapley values is an intractable problem, since there is an expo-
nential number of coalitions that all have to be considered [3, Sec. 9.5.5]. For this
reason, some type of approximation algorithm is typically used instead.

2.3.3 SHAP
Shapley Additive Explanations (SHAP) is a popular method for explaining model
predictions introduced by Lundberg and Lee in 2017 [15]. The method is based on
computing the Shapley values of a conditional expectation function of the original
model. SHAP is an additive feature attribution method, where local explanations
are formulated as a sum of SHAP values on the form

g(z) = ϕ0 +
M∑

i=1
ϕizi, (2.12)

where ϕ0 is the attribution of the base prediction, ϕi is the attribution corresponding
to each feature coalition, zj ∈ {0, 1}M is a binary variable for including or discluding
a specific feature, and M is the number of features.

SHAP explanations tell how the base (average) prediction over the test set E[f(z)]
is pushed towards the actual model prediction f(x), by adding attribution factors
ϕi that are computed by conditioning on features zi = xi for i = 1, ..., M [15].
Figure 2.10 shows a simplified case of how SHAP values work, inspired by an example
from the original SHAP paper [15].

0
ϕ0 ϕ1

ϕ2 ϕ3

E[f(z)]

E[f(z) | z1=x1] E[f(z) | z1,2=x1,2]

E[f(z) | z1,2,3=x1,2,3]

f(x)

Figure 2.10: A simplified example of how SHAP values are used to explain a
prediction. In the general case, the order in which variables are added matters, and
hence, the average of all possible orderings is considered instead.

As can be seen in Figure 2.10, the expectations has to be computed using fea-
ture coalitions that may not contain all features. Since models can generally not
deal with such arbitrarily missing input features, SHAP defines a simplified input
mapping that resolves this issue by approximation [15]. An example of how this
approximation is computed is shown in an upcoming example.

SHAP values are difficult to compute in much the same way as Shapley values,
and for this reason, approximation methods are typically used [15]. SHAP values

21



2. Theory

are generally model-agnostic. However, using certain model-specific approximation
methods can speed up computations considerably.

TreeSHAP is a model-specific estimation method for SHAP values introduced by
Lundberg et al. in 2020 [16], that is specifically intended for tree-based machine
learning models, such as those introduced in Section 2.2. The method brings the
complexity of computing exact Shapley values down to polynomial time [16].

In the original TreeSHAP paper, Lundberg et al. proposed two variants of the
algorithm, Path-dependent TreeSHAP and Interventional TreeSHAP. The two algo-
rithms work in much the same way and share the same underlying algorithm, but
use different approaches to approximating the contributions made by features that
are not present in any given coalition.

To explain how TreeSHAP works, start off by considering how Path-dependent Tree-
SHAP can be used to explain the prediction of the decision tree shown in Figure 2.4.
In addition to the tree itself and the input data, Path-dependent TreeSHAP also
requires knowledge of the distribution of the number of data points over the tree’s
nodes. In this example, there are a total of 15 samples, and the distributions of
these are shown in Figure 2.11 as the variable n in each node.

x₁ ≤ 3
n = 15

x₂ ≥ 1
n = 5

x₂ ≤ 5
n = 10

x₁ ≥ 4
n = 8

ŷ = 8
n = 2

ŷ = 4
n = 3

ŷ = 3
n = 2

ŷ = 5
n = 2

ŷ = 2
n = 6

Input data sample,
x = (5, 2)

Output value

False

False

False

FalseTrue

True

True

True

Figure 2.11: Example of a prediction tree, with the number of data samples
corresponding to each node marked.
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To start of with, the base attribution factor ϕ0 is computed for the tree. This is
done by evaluating the expectation E[f(z)], and since it is not conditioned on any
of the variables, this is approximated by computing the weighted sum over all leaf
nodes with respect to the number of data points,

ϕ0 = E[f(z)] = 3
15 · 4 + 2

15 · 3 + 2
15 · 5 + 6

15 · 2 + 2
15 · 8 = 56

15 . (2.13)

Next, the marginal contributions of all possible coalitions is computed. Since the
order in which variables are added to the feature coalition set matters, all possible
sequences have to be considered. In this example, there are two (by adding either
x1 or x2 first), and the final SHAP values will be an average over all sequences.

Starting with the first sequence, x1 is added to the empty feature coalition set, and
the conditional expectation E[f(z) | z1 = x1] is evaluated. This is done by following
the prediction path and evaluating the conditions for each node along the way.

Starting at the root node, the condition x1 ≤ 3 is evaluated. Since x1 is in the
coalition set, this condition can be directly evaluated to ”False”, and hence, the
next node will be to the right of the root node.

In the second node, the condition x2 ≤ 5 is evaluated. However, since x2 is not in the
coalition set, the condition cannot be directly evaluated. Instead, the conditional
expectation is approximated by the weighted sum of over all possible descendant
leaf nodes.

If the condition evaluates to ”False”, the right node is chosen, and since this is a leaf
node, there are no more descendants and its weighted contribution is be computed
as 2

10 · 8. If the condition evaluates to ”True”, the left node is chosen. Its condition,
x1 ≥ 4, contains x1, which is in the coalition set. Hence, it can be directly evaluated
to ”True”. The next and final node is a leaf node, and its weighted contribution is
be computed as 8

10 · 5.

By summing up the weighted contributions, an approximation of the conditional
expectation is obtained. Hence, the marginal contribution of x1 in this sequence is

ϕ1
x1 = E[f(z) | z1 = x1] − E[f(z)] =

[ 8
10 · 5 + 2

10 · 8
]

− 56
15 = 28

15 . (2.14)

Next, x2 is added to the coalition and E[f(z) | z1,2 = x1,2] is evaluated. Since all
variables are now known, this simply results in the actual predicted value, and so
the marginal contribution of x2 in this sequence is

ϕ1
x2 = E[f(z) | z1,2 = x1,2] − E[f(z) | z1 = x1] = 5 −

[ 8
10 · 5 + 2

10 · 8
]

= −3
5 . (2.15)

For the second sequence, x2 is added to the empty coalition set and E[f(z) | z1 = x2]
is evaluated. Since x1 is missing from some of the nodes, the same method of
approximation has to be applied as before. The only difference is that it will now
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have to be applied twice, since there are two nodes along the path that contain x1.
The resulting marginal contribution of x2 is

ϕ2
x2 = E[f(z) | z1 = x2] − E[f(z)] =

=
[ 5
15 · 4 + 10

15 ·
(2

8 · 5 + 6
8 · 2

)]
− 56

15 = −17
30 . (2.16)

Next, x1 is added to the coalition and E[f(z) | z1,2 = x2,1] is evaluated. Once again,
since all variables are now known, the result is simply the actual prediction value,
and the marginal contribution becomes

ϕ2
x1 = E[f(z) | z1,2 = x2,1] − E[f(z) | z1 = x2] =

= 5 −
[ 5
15 · 4 + 10

15 ·
(2

8 · 5 + 6
8 · 2

)]
= 11

6 . (2.17)

With all the factors sequences accounted for, the total contribution of each variable
is averaged as

ϕx1 =
ϕ1

x1 + ϕ2
x1

2 =
28
15 + 11

6
2 = 37

20 , (2.18)

ϕx2 =
ϕ1

x2 + ϕ2
x2

2 =
−3

5 − 17
30

2 = − 7
12 . (2.19)

The total explanation is given by summing all contributions as

ϕ0 + ϕx1 + ϕx2 = 56
15 + 37

20 − 7
12 = 5, (2.20)

which indeed is the predicted output value.

Path-dependent TreeSHAP gets its name from how missing features are approxi-
mated with an average, weighted by the relative number of samples flowing down to
each respective path. Interventional TreeSHAP works in a similar way, but instead
of approximating missing feature contributions by a weighted average, it samples
replacement values from a set of background data [16]. There are up- and downsides
to both approaches, but since there is a large amount of data available to be used
as background data in this project (specifically the training dataset), all subsequent
references to TreeSHAP concern Interventional TreeSHAP.

It may be noted that the algorithm that was used above is actually in exponential
time. However, even in this small example, multiple terms were computed more
than once. The actual implementation of TreeSHAP follows the same general idea,
but makes use of a cache to avoid recomputing terms when possible. This brings
the overall complexity of the algorithm down to polynomial time [16]. Furthermore,
since SHAP values are additive, the method can be easily translated to forests by
simply computing the SHAP values for each tree and then averaging them across
all trees [16].
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2.4 DenseWeight
As described in Section 2.2, the purpose of machine learning algorithms for regression
tasks is to produce some function f : Rn → R fitting a training dataset. If the
training dataset is imbalanced, and contains an overrepresentation of a certain type
of data, this will also be reflected in the trained model. This can be problematic,
since rarer data points may actually be more important for fully understanding
the task. In SOH prediction tasks, it is especially important to accurately predict
outliers, since these deviate from what is to be expected and may suggest a need for
intervention.

One solution to this problem is to weight the dataset, such that more common data
points are given less consideration by the model during training, compared to data
points that are more unique. This is commonly done in classification tasks, where
class weights can be computed by simply considering the relative number of samples
in each class [17].

Such an approach does not work for regression tasks, however, owning to the con-
tinuous output space. Additionally, such approaches only consider the target value,
and do not consider the commonality of the feature values. Hence, if a data point
has very unique feature values, but a common target value, it will still be weighted
as any other common data point.

M. Steininger et al. proposed DenseWeight in 2020 [17], as an algorithm for com-
puting sample weights from continuous features. This approach solves the issues
mentioned above, and gives more fine-grain control since the weights are computed
on a per-sample basis. The algorithm is centered around the use of Kernel Den-
sity Estimation (KDE) to estimate the Probability Density Function (PDF) of the
dataset. The PDF is then used to construct a weighting function which can be used
during model training.

Given a set of target values Y , the PDF is estimated with KDE as

fp(y) = 1
|Y |h

∑
yi∈Y

K
(

y − yi

h

)
, (2.21)

where |Y | is the number of data points in Y , K is a kernel function and h is the
bandwidth, both selected as hyperparameters. The PDF is then normalized to [0, 1]
by

f ′
p(y) = fp(y) − min[fp(Y )]

max[fp(Y )] − min[fp(Y )] , (2.22)

where fp(Y ) is the element-wise application of fp to Y .

Two parameters are then introduced: α ∈ R+ is a scaling factor, and ϵ ∈ R+ is a
lower weight bound that prevents weights less than or equal to zero. The weighting
function is computed as

f ′
w(α, ϵ, y) = max[1 − αf ′

p(y), ϵ]. (2.23)
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Finally, the weighting function is normalized to have a mean of 1. Hence, the final
DenseWeight weighting function is

fw(α, ϵ, y) = f ′
w(α, ϵ, y)

1
|Y |

∑
yi∈Y f ′

w(α, ϵ, yi)
=

max[1 − αf ′
p(y), ϵ]

1
|Y |

∑
yi∈Y max[1 − αf ′

p(y), ϵ] [17]. (2.24)

As for the parameters, ϵ can typically be chosen as an arbitrarily low value (such
as ϵ = 10−6), while α is usually fine-tuned as a hyperparameter since it has a
considerable impact on the weights. Note that α can be greater than 1, and when
α > 1 more data points are ”pushed” into ϵ.

A number of common kernel functions K exists, but in this project the Epanechnikov
kernel [18] is primarily considered. This is mainly due to the kernel having a finite
width, which considerably speeds up computations when compared to an infinite
width kernel such as the Gaussian kernel.

When selecting the bandwidth h

2.5 Pearson correlation
The Pearson correlation coefficient is a measurement of the linear correlation be-
tween two variables. The Pearson correlation is defined as

ρ(X, Y ) = cov(X, Y )
σXσY

, (2.25)

where cov(X, Y ) is the covariance between variables X and Y , and σX and σY are
the standard deviations for variables X and Y respectively [19, Sec. 11.6].
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In this chapter, the two datasets that were used in the project are presented: the
Vehicle Fleet Dataset, consisting of histogram data measured from a large fleet of
Volvo PHEVs, and the Randomized Battery Usage Dataset, consisting of time series
data measured from lithium-ion battery cells cycled under controlled conditions.
Table 3.1 shows a summary of the key differences between the two raw datasets.

Table 3.1: Summary of differences between the two raw datasets.

Dataset Vehicle Fleet Dataset Randomized Battery Us-
age Dataset

Measurement entity Car (Battery pack) Battery cell
Number of entities ∼ 65 000 28
Number of samples ∼ 200 000 77 700 820
Avg. measurement duration (days) ∼ 487 ∼ 149

The Vehicle Fleet Dataset and the Randomized Battery Usage Dataset are described
in more depth in Sections 3.1 and 3.2 respectively.

3.1 Vehicle Fleet Dataset

The Vehicle Fleet Dataset consists of measurements from a customer fleet of Volvo
PHEVs built on the Volvo Scalable Product Architecture (SPA) platform. This fleet
was chosen because of its suitable population size, and suitable data collection time
frame for capturing relevant battery degradation characteristics.

The data was collected using digital readouts during workshop visits. The data
was collected over a period of four years, and as the service interval for passenger
cars is typically recommended to one year, this method of data collection results in
few measurements for each vehicle. This is illustrated in Figure 3.1, which shows a
cropped histogram for the relative frequency of the number of measurements per
unique vehicle. The maximum number of measurements for any vehicle in the
dataset was 19.
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Figure 3.1: Histogram for the relative frequency of the number of measurements
per vehicle.

New vehicles were added to the dataset as they were delivered throughout the mea-
surement period. One readout is made as part of the finalizing steps before the vehi-
cles are delivered to customers, which causes an overrepresentation of measurements
for new vehicles in the dataset. A consequence of this is illustrated in Figure 3.2,
which shows a histogram of odometer readouts where there is a clear spike around
0 km.
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Figure 3.2: Histogram for the relative frequency of odometer readouts.

The dataset consists of a refined set of signals, that have been determined to be
relevant to battery ageing during previous work at Volvo Cars. Some of these signals
are in a histogram format, as described in Section 1.1. The dataset has previously
been cleaned to remove measurements with high uncertainty, or that contain invalid
values. An overview of the signals in the resulting dataset is shown in Table 3.2.
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Table 3.2: Overview of the signals used in the Vehicle Fleet Dataset.

Type Format Signal
Identifier Simple Anonymous unique vehicle identifier
Time Timestamp Readout time
Target Simple SOH estimate
Feature Simple Global time

Simple Odometer value
Histogram Accumulated charge throughput at different total times
Histogram Accumulated running time in RMS current regions
Histogram Accumulated parked time in SOC & Temperature regions

Out of the dataset’s five signals, two are represented as simple numerical values and
three are represented in the histogram format. These three are the

• Accumulated charge throughput at different total times, which accumulates the
charge throughput at pre-defined total times.

• Accumulated running time in RMS current regions, which accumulates the
running time spent at specific battery RMS current regions. ”Running time”
refers to the time that the car is running.

• Accumulated parked time in SOC & Temperature regions, which accumulates
the parked time spent in specific SOC and temperature regions. ”Parked time”
refers to the time that the car is not running.

Example readouts of the signals are shown in Figures 3.3 to 3.5 respectively.
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Figure 3.3: Example readout of the Accumulated charge throughput at different
total times feature.
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Figure 3.4: Example readout of the Accumulated running time in RMS current
regions feature.
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Figure 3.5: Example readout of the Accumulated parked time in SOC & Temper-
ature regions feature.

The Vehicle Fleet Dataset has the benefit of reflecting true operating conditions, but
it it also has a number of downsides. One major caveat is the highly proprietary data
collection method, which affects both data pre-processing and modelling aspects. It
is not known what downstream consequences this may have, and since data has to
be collected over longer time periods, it is not possible to easily collect new data in
short time using different methods.

Furthermore, the resulting proprietary data format makes it difficult to compare any
results obtained on the dataset to those obtained on other battery ageing datasets,
and as a result, to most previous work in the field.
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3.2 Randomized Battery Usage Dataset
In order to examine the effects of the data collection method, a secondary dataset
consisting of raw battery measurements was required. There exists a plethora of
publicly available datasets fit for battery SOH prediction, but many of these lack
reference cycles from which SOC and SOH can be directly and accurately estimated.

The Randomized Battery Usage Data Set [20], created by the NASA Ames Research
Center, contains data of 28 battery cells cycled under various temperature conditions
and randomly selected current profiles. The cells are split into groups of four, each
group being tested under unique conditions. In addition to the randomized charge
and discharge cycles, the dataset contains reference cycles from which SOC and SOH
can be estimated. The dataset is given in a time series format, and an overview of
the signals in the resulting dataset is shown in Table 3.3.

Table 3.3: Overview of the signals in the Randomized Battery Usage Dataset.

Type Signal Description
Meta Comment Information about the current cycle

Cycle type Type of cycle (charge, discharge or rest)
Date Global timestamp at start of current cycle

Time Time Time since the start of the current experiment
Relative time Time since the start of the current cycle

Feature Voltage Voltage readout in V
Current Current readout in A
Temperature Temperature readout in °C

The three signals, Voltage, Current and Temperature, are represented by a simple
numerical format, where each readout corresponds to a single measurement. Exam-
ples of the feature signals are seen in Figures 3.6 to 3.8. Each figure shows a linear
interpolation of the first 50 000 readouts for a single battery cell, plotted against the
Time signal. Note that some of the feature values are slightly misleading as a result
of the interpolation.
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Figure 3.6: Example of the Voltage feature signal.
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Figure 3.7: Example of the Current feature signal.
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Figure 3.8: Example of the Temperature feature signal.
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In this chapter, the methodology that was used for the project is presented. First,
the method of data pre-processing is presented in Section 4.1. In Section 4.2, the
modelling approach is described. In Section 4.4, the individual experiments that
were conducted are presented.

4.1 Data pre-processing
In the following sections, the data pre-processing that was done for each of the two
datasets is presented. In Section 4.1.3, a general pre-processing and feature engineer-
ing pipeline that was used to process histogram data into a simpler representation is
presented. In Sections 4.1.1 and 4.1.2, the pre-processing steps that were specific to
the Vehicle Fleet Dataset and the Randomized Battery Usage Dataset respectively,
are presented.

4.1.1 Vehicle Fleet Dataset
The Vehicle Fleet Dataset was split into a training, a validation and two test sets
by a 70-10-10-10 split. Splitting was done randomly on the unique vehicle identifier,
such that all measurements from the same vehicle were placed in the same subset,
to prevent data leakage between the subsets. Two test sets were created originally
for the sake of redundancy, but the second test set was never used. For this reason,
all references to the ”test set” throughout the rest of this report refers to only the
first of the two sets.

4.1.2 Randomized Battery Usage Dataset
For the Randomized Battery Usage Dataset, some initial data cleaning was required
since some of the measurements for battery cells 3, 2 and 18 contained clearly
invalid temperature values (reaching −4000 °C). This was done by removing the
data samples containing invalid measurements, resulting in all measurements for cell
2, 73% measurements of cell 3, and 17% measurements of cell 18 being removed. Not
all cell 2 measurements were in fact invalid, but the remaining valid measurements
were too few to be of use.

As described in Section 3.2, the Randomized Battery Usage Dataset only contains
raw signals that were directly measured from the battery cells. To make the Ran-
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domized Battery Usage Dataset comparable to the Vehicle Fleet Dataset, features
such as the SOC and SOH had to be computed. Additionally, the time series data
had to be accumulated into histograms to make the data formats analogous. For
this reason, an additional data pre-processing and feature engineering pipeline was
used for the Randomized Battery Usage Dataset. An overview of this pipeline is
shown in Table 4.1.

Table 4.1: Description of the Randomized Battery Usage Dataset pre-processing
pipeline.

Step Description
1 Basic pre-processing and data formatting is performed
2 The absolute current is computed from the current
3 The accumulated charge throughput is computed by integrating the abso-

lute current
4 The SOH is computed by Coulomb counting during reference cycles
5 Missing SOH values are interpolated
5 The SOC is computed by Coulomb counting during reference cycles
6 Missing SOC values are interpolated
7 Histograms are computed from the time series data at pre-fined steps
8 Non-histogram data points are dropped
9 Original signals are dropped

The SOH was estimated by coulomb counting. This was done by integrating the
discharge current (the Current feature) with respect to time during the reference
discharge cycles, labeled ”reference discharge” in the dataset, to compute the total
charge capacity. The SOH could then be computed using Equation 2.2, by using the
maximum charge capacity estimate as the maximum nominal capacity. The SOH
for the remaining cycles was then computed by linear interpolation.

The SOC was computed in two steps. First, the voltage-SOC relationship was
determined by estimating an Open-Circuit Voltage (OCV)-SOC curve. For this
step, the charge capacity was estimated by cumulatively integrating the discharge
current (the Current signal) during the reference discharge cycles. The SOC could
then be computed using Equation 2.1, by using the total charge capacity as the
nominal capacity. The second step was to use the OCV-SOC curves to estimate
the SOC from the Voltage signal for the remaining data points, that are not in any
reference cycle. This was done by first clipping the Voltage signal to the same range
as in the reference cycle, and then using linear interpolation to estimate the SOC. As
the OCV-SOC relationship typically changes with battery age, the latest reference
cycle was always used when interpolating the SOC.

After computing the features, the data was accumulated into histograms by bin-
ning the feature values from the beginning-of-life up until a set of target cycles.
The histogram bins were manually selected to encompass the full range of possible
values, whilst resulting in a similar number of bins compared to the Vehicle Fleet
Dataset. The selected bins are shown in Table 4.2. Finally, the original signals were
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dropped alongside all data points in between the data points at which histograms
were computed.

Table 4.2: The histogram bins selected for the Randomized Battery Usage Dataset.

Corresponding feature Unit Bins
Total time vs. Accumulated
charge throughput

Time (weeks) 1, 4, 7, 10, 13, 16, 19, 22, 25,
28, 31, 34, 37, 40, 43, 46, 49,
52, 55, 58, 61, 64, 67, 70, 73,
76, 79, 82

RMS current vs. Running
time

Current (A) 0.25, 0.5, 0.75, 1.0, 1.25, 1.5,
1.75, 2.0, 2.25, 2.5, 2.75, 3.0,
3.25, 3.5, 3.75, 4.0, 4.25, 4.5,
4.75, 5.0, 5.25, 5.5, 5.75, 6.0,
6.25, 6.5, 6.75

SOC & Temperature vs.
Parked time

SOC (%) 0, 15, 25, 35, 45, 55, 65, 75,
85, 95, 100

Temperature (°C) 10, 12, 14, 16, 18, 20, 22, 24,
26, 28, 30, 32, 34, 36, 38, 40,
42, 44, 46, 48, 50, 52, 54, 56,
58, 60, 62

The Randomized Battery Usage Dataset was split by randomly picking two cells
from each group to the training set, and one each to the validation and test sets.
This resulted in a roughly 50-25-25 split.

4.1.3 General data pre-processing pipeline
As described in Section 2.2, machine learning models typically assumes that the
input data is on form x ∈ Rn. Histogram data such as the Vehicle Fleet Dataset,
or the processed Randomized Battery Usage Dataset, are not on this form. For
this reason, the data has to be converted into a simpler representation prior to
usage in machine learning applications. To accomplish this, a general data pipeline
was created that could be used on both datasets after initial pre-processing. This
pipeline is outlined in Table 4.3.

Table 4.3: Description of the general data pre-processing pipeline.

Step Description
1 The multi-dimensional histograms are marginalized with respect to each

dimension, to construct a greater number of one-dimensional histograms.
2 The (one-dimensional) histograms are aggregated into a set of simple nu-

merical features.
3 The histograms are dropped from the dataset.
4 All samples containing invalid values are dropped from the dataset.
5 The vehicle age is estimated as a cumulative sum of time between samples.
6 Constant features are dropped from the dataset
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As a result of the first pipeline step, the two-dimensional SOC & Temperature vs.
Parked time histogram is transformed into two one-dimensional histograms through
marginalization. These are referred to as SOC & Marginalized Temperature vs.
Parked time and Marginalized SOC & Temperature vs. Parked time.

In the second step, the one-dimensional histograms are transformed into simple
numerical features. To accomplish this, a number of aggregations were performed
on the distributions, that aimed to capture the distribution characteristics whilst
resulting in considerably fewer features. As part of previous work done at Volvo
Cars, the following aggregations had been selected:

• Minimum histogram count

• Maximum histogram count

• Median histogram count

• Sum of histogram counts

• Estimated histogram mean value

• 10th, 25th, 50th, 75th and 90th percentiles

The resulting feature names are given an affix to indicate the aggregation function.
A complete list of the generated features can be found in Appendix A.

In the fifth step, an additional feature describing the vehicle age is estimated by
cumulatively summing the time differences between measurements. This feature
was given the name Estimated age. This was done as it had previously been found
the Global timestamp feature was occasionally unreliable.

Finally, in the sixth step, features for which all data samples had the same value were
removed, as they did not contribute any meaningful information. For the Vehicle
Fleet Dataset, this resulted in the following constant features being removed:

• Minimum, Total time vs. Accumulated charge throughput

• Median, Total time vs. Accumulated charge throughput

• Minimum, RMS current vs. Running time

• Minimum, Marginalized SOC & Temperature vs. Parked time

For the Randomized Battery Usage Dataset, this resulted in the following constant
features being removed:

• Minimum, Total time vs. Accumulated charge throughput

• Median, Total time vs. Accumulated charge throughput

• Minimum, RMS current vs. Running time

• Minimum, Marginalized SOC & Temperature vs. Parked time

• 10th ptl., Total time vs. Accumulated charge throughput

• 10th ptl., RMS current vs. Running time
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• 10th ptl., SOC & Marginalized Temperature vs. Parked time

4.2 Modelling

As described in Section 1.2, a number of different statistical methods have previously
been used for SOH prediction. Many of these make assumptions on the chronological
ordering and relatively high frequency of data samples. This can not be guaranteed
for real vehicle data, and hence, these methods are not fully applicable. For this
project, the problem was modelled as a simple regression task. Two different regres-
sion models were selected: a Random Forest algorithm using bagging, and a specific
implementation of Gradient Boosting, called Extreme Gradient Boosting (XGBoost).

4.2.1 Hyperparameter selection

As both random forest and gradient boosting models contain hyperparameters that
need to be fixed prior to training, a method of hyperparameter selection was re-
quired. This was done in a one-step process only utilizing the training dataset for
the random forest models, and a two-step process utilizing both the training and
validation datasets for the gradient boosting models. Flowcharts describing the
hyperparameter selection processes for each of the models are shown in Figure 4.1.

The first step, which was largely the same for both types of models, was to perform
an exhaustive search over all possible combinations of hyperparameter values, from
a pre-defined search space. This was done using five-fold cross validation on the
training set. The models with the lowest average RMSE score across all folds were
then selected. For the random forest model, this method was used to select all hy-
perparameter values. However, as gradient boosting models are trained iteratively,
it is possible to precisely determine the optimal number of boosting iterations. For
this reason, the number of boosting iterations was fixed in the first step of hyperpa-
rameter selection.

For the second step of hyperparameter selection, that was applied to the previously
selected gradient boosting model only, the maximum number of boosting iterations
was set to an arbitrarily high number. An early stoppage criteria was then used to
halt training when the model stopped improving in performance. This was done by
checking if the RMSE score computed over the validation set decreased over a fixed
number of boosting iterations in sequence. If the validation score did not improve at
least once over this period, training was stopped. The optimal number of boosting
iterations was then selected as the number iterations prior to stoppage.
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Training data

Hyperparameter search

Optimal model

(a) Random Forest

Training data

Hyperparameter search

Optimal model

Optimize number
of boosting iterations

(b) XGBoost

Figure 4.1: Flowcharts of the hyperparameter selection processes.

4.3 Model analysis

Two different explainability methods were selected for analyzing the models: a
model-specific feature importance score, and SHAP, a model-agnostic method.

The feature importance scores were computed when creating the underlying decision
trees, as described in Section 2.3.1. As the random forest and gradient boosting
models were implemented using different packages, the exact methods and criteria
that were used to compute the feature importance metrics may differ slightly. The
feature importance scores were normalized to have the same scale, and it is believed
that any other effects from differences between the implementations are minor. See
Appendix B for additional implementation details.

SHAP values for the test set were computed using Interventional TreeSHAP as
described in Section 2.3.3, using the training dataset as background data. SHAP
values are local explanations, that is, they are computed for individual data points,
and hence cannot be directly compared to metrics such as feature importance scores,
that are global explanations. To do this, the SHAP explanations first have to be
aggregated over all data points. For this purpose, the mean magnitude of the SHAP
values was computed for each feature.

4.4 Experiments

A number of different experiments were conducted as part of the study. These are
explained in their respective sections below.
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4.4.1 Correlation study of the datasets
To get a better understanding of the interactions between the target and feature
variables, a basic correlation study was first performed on both datasets. This was
done by computing the Pearson correlation coefficients for all variable pairs on both
datasets, using Equation 2.25.

4.4.2 Model explanations for the Vehicle Fleet Dataset
When combined, the data pre-processing, modelling and model analysis methods,
described in Sections 4.1 to 4.3 respectively, forms a process for creating and ana-
lyzing SOH prediction models. This base process is summarized in Figure 4.2.

Base process

Input data Data pre-processing Modelling Model analysis Output

Figure 4.2: Overview of the base process.

To establish a set of baseline results for the process described above, an experi-
ment was conducted using the base process without any additional modifications
or additions. Data pre-processing was done as described in Section 4.1, followed
by the modelling approach described in Section 4.2. Hyperparameter selection was
conducted on the manually selected hyperparameter search space presented in Ta-
ble 4.4. The models were then evaluated on the test set and analyzed using the
methods described in Section 4.3.

Table 4.4: The hyperparameter search spaces for the models created using the base
process on the Vehicle Fleet Dataset without modifications.

Model Parameter Possible values
Random forest Num. trees 128, 160, 192

Max. depth 3, 6, 9, 12
Min. num. samples to split 2, 4, 6
Min. num. samples in leaves 1, 2, 4

XGBoost Max. depth 3, 6, 9, 12
Learning rate 0.01, 0.05, 0.1, 0.3
Min. loss reduction to split 0.0, 0.1, 0.3
Min. sum of child weights 1, 3, 5, 7

4.4.3 Impact of sample weighting on model explanations
for the Vehicle Fleet Dataset

In this experiment, the impact that the dataset imbalance described in Section 3.2
had on the results from the first experiment was examined. This was done by
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retraining the models using sample weights that were computed with DenseWeight
for different α-values.

First, sample weights were computed for the training set using the DenseWeight
algorithm, described in Section 2.4. Weights were computed for α = 1.0, 1.2, 1.4, 1.6.
The remaining DenseWeight parameters were manually selected. The lower weight
bound ϵ, was arbitrarily chosen to a low value of ϵ = 10−6. The bandwidth, h,
was chosen by starting at an arbitrarily low value and incrementally increasing
the bandwidth until the distributions computed using DenseWeight stabilized. A
bandwidth above ϵ = 4 ·108 resulted in impractically long computational times, and
hence, this was selected as the final bandwidth value.

The models were then retrained using the sample weights. For the random for-
est model, a feature with a higher weight is given an increased importance when
performing node splitting. For the gradient boosting model, the weights are used
to directly weight the gradients. After training, the models were evaluated and
analyzed in the same way as in the first experiment.

4.4.4 Impact of sampling frequency on model explanations
for the Randomized Battery Usage Dataset

In this experiment, the impact of the data collection frequency was investigated.
This was done by applying the base process to different versions of the Randomized
Battery Usage Dataset, which were created using different data sampling strategies.

A number of datasets were prepared from the processed Randomized Battery Usage
Dataset, described in Section 3.2. This was done by first passing the dataset through
the dataset-specific pre-processing pipeline described in Section 4.1.2, and then the
general pre-processing pipeline described in Section 4.1.3. The dataset was then
either sub- or super-sampled to simulate different data collection frequencies.

To control the sampling behaviour, a scaling factor β = {1/3, 1/2, 1, 2, 3} was intro-
duced. Sub-sampling was performed when β ≤ 1, and was done by picking every
1/βth data point from the original dataset. Super-sampling was done when β > 1,
and was done by introducing new data points between the existing data points.
Since these data points did not necessarily fall on reference cycles, their SOC and
SOH values were estimated by linear interpolation. Super-sampling was done such
that the number of total data points were multiplied by β. The new data points were
inserted with uniform spacing between existing data points where possible. Data
points that would be inserted at invalid positions, such as where data was removed
as a result of data cleaning, were not included. See Figure 4.3 for an example of
how the sub- and super-sampling was done.
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Original dataset (β=1)

Supersampled dataset (β=2)

Subsampled dataset (β=½)

Time

Figure 4.3: Example of how the data sub- and super-sampling was performed.
Super-sampling was performing by inserting new data points, whilst sub-sampling
was performed by selecting a subset of existing data points. Note that β corresponds
to the relative size of the sub- or super-sampled dataset compared to the size of the
original dataset.

The resulting datasets were then used to train models following the method described
in Section 4.2.1. The set of possible hyperparameter values that were considered
during hyperparameter selection are shown in Table 4.5.

Table 4.5: The hyperparameter search spaces for the models created using the base
process on the Randomized Battery Usage Dataset.

Model Parameter Possible values

Random Forest Num. trees 4, 8, 16, 24, 32, 64
Max. depth 3, 6, 9, 12
Min. num. samples to split 2, 4, 6
Min. num. samples in leaves 1, 2, 4

XGBoost Num. boosting iterations
Max. depth 3, 6, 9, 12
Learning rate 0.01, 0.05, 0.1, 0.3
Min. loss reduction to split 0.0, 0.1, 0.3
Min. sum of child weights 1, 3, 5, 7
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5 | Results

In this chapter, the results of the experiments described in the previous chapter are
presented. The results for the experiments described in Sections 4.4.1 to 4.4.4 are
presented in Sections 5.1 to 5.4, respectively.

5.1 Correlation study of the datasets
The Pearson correlation coefficients were computed for the Vehicle Fleet Dataset
and for the Randomized Battery Usage Dataset, and are visualized in Figures 5.1
and 5.2 respectively.
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Figure 5.1: The Pearson correlation coefficients for the Vehicle Fleet Dataset.
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Figure 5.2: The Pearson correlation coefficients for the Randomized Battery Usage
Dataset.
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5.2 Model explanations for the Vehicle Fleet
Dataset

Following the method described in Section 4.4.2, two different types of models were
trained in this experiment. In total, 108 different Random Forest model candidates
were trained using five fold cross validation for a total of 540 fits. 192 different
XGBoost model candidates were trained using five fold cross validation, for a total
of 960 fits. The best XGBoost candidate model was then retrained using the early
stoppage criteria with a memory of the past five rounds. The model was trained for
145 iterations before being stopped by the criteria, and the training loss is shown in
Figure 5.3.

The resulting optimal hyperparameters for both models are presented in Table 5.1.
The optimal models were evaluated using RMSE and MAE on the train, validation
and test sets. The results are presented in Table 5.2.

Feature importance scores and SHAP values were then computed for the models.
The feature importance scores are presented in Figure 5.4. A global summary of
the SHAP explanations for both models is presented in Figure 5.5. by computing
the mean magnitude. The SHAP explanations are also presented as heatmaps in
Figure 5.6.
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Figure 5.3: The XGBoost model’s loss function values when trained on the Vehicle
Fleet Dataset, computed at each boosting iteration for the training and validations
sets.
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Table 5.1: The optimal hyperparameters for the Random Forest and XGBoost
models trained on the Vehicle Fleet Dataset.

Model Parameter Best value
Random Forest Num. trees 192

Max. depth 12
Min. num. samples to split 2
Min. num. samples in leaves 4

XGBoost Num. boosting iterations 145
Max. depth 12
Learning rate 0.1
Min. loss reduction to split 0
Min. sum of child weights 3

Table 5.2: The final loss function values computed over the train, validation, and
test sets, for the models trained on the Vehicle Fleet Dataset.

Model Metric Dataset Value
Random Forest RMSE Train 2.18

Validation 2.45
Test 2.54

MAE Train 1.19
Validation 1.34
Test 1.34

XGBoost RMSE Train 1.25
Validation 2.35
Test 2.40

MAE Train 0.78
Validation 1.28
Test 1.29
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Figure 5.4: The feature importance scores for the models trained on the Vehicle
Fleet Dataset.
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Figure 5.5: The mean magnitude of the SHAP values computed for the models
trained on the Vehicle Fleet Dataset.
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Figure 5.6: Overview of the SHAP explanations for predictions generated by the
models trained on the Vehicle Fleet Dataset. The corresponding target value is
shown above, and the mean magnitude to the right of the main figure. The color bar
covers SHAP values between the 1st and 99th percentiles only, to improve readability
by removing outliers.
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5.3 Impact of sample weighting on model
explanations for the Vehicle Fleet Dataset

This experiment was performing using the method described in Section 4.4.3. First,
a set of DenseWeight models were fit to the data using α ∈ {1.0, 1.2, 1.4, 1.6, 1.8, 2.0}.
For the remaining hyperparameters, it was found that the bandwidth h = 4 · 108

and lower weight bound ϵ = 1 · 10−6 were good choices. Using the DenseWeight
models, sample weights were then computed for the training dataset. Histograms of
the resulting weight distributions are presented in Figure 5.7.
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Figure 5.7: Distributions of the training dataset sample weights, presented as
histograms for different α values.

The optimal models from the baseline experiment, presented in Section 5.2, were
then retrained, but this time with the addition of sample weights. The XGBoost
models trained for 110, 113, 103, 129, 147 and 125 boosting iterations for α ∈
{1.0, 1.2, 1.4, 1.6, 1.8, 2.0} respectively. The training losses for the XGBoost models
are shown in Figure 5.8. After training, the models were evaluated using RMSE and
MAE on the train, validation and test sets. The results are presented in Table 5.3.

Feature importance scores were then computed and are presented in Figure 5.9.
SHAP values were also computed, and are presented as global explanations by their
mean magnitude in Figure 5.10. To better highlight any trends with respect to
α, the two metrics are also presented in trend plots in Figure 5.11. The SHAP
explanations are also presented as heatmaps in Figure 5.12.
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Figure 5.8: The weighted XGBoost models’ loss function values when trained
on the Vehicle Fleet Dataset using different α values, computed at each boosting
iteration for the training and validations sets.

Table 5.3: The final loss function values computed over the train, validation, and
test sets, for the weighted models trained on the Vehicle Fleet Dataset using different
α values.

Model Metric Dataset Values; α =
Baseline 1.0 1.2 1.4 1.6 1.8 2.0

Random Forest RMSE Train 2.18 2.26 2.76 2.86 2.89 2.87 2.80
Val. 2.45 2.49 2.87 2.96 2.98 2.95 2.88
Test 2.52 2.55 2.95 3.03 3.04 3.02 2.94

MAE Train 1.19 1.27 1.81 1.95 1.98 1.95 1.84
Val. 1.34 1.38 1.86 2.00 2.03 1.99 1.88
Test 1.34 1.39 1.89 2.02 2.05 2.01 1.90

XGBoost RMSE Train 1.25 2.02 2.52 3.00 3.02 3.40 3.86
Val. 2.35 2.42 2.71 3.10 3.08 3.44 3.88
Test 2.40 2.49 2.78 3.17 3.16 3.51 3.95

MAE Train 0.78 1.15 1.57 2.08 2.04 2.43 2.88
Val. 1.28 1.34 1.69 2.15 2.10 2.47 2.91
Test 1.29 1.36 1.69 2.17 2.12 2.51 2.94
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Figure 5.9: The feature importance scores computed for the weighted models
trained on the Vehicle Fleet Dataset using different α values. Features for which all
models have importance scores below 2 · 10−2 are summed to improve readability.
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Figure 5.10: The mean magnitude of the SHAP values computed for the weighted
models trained on the Vehicle Fleet Dataset using different α values. Features for
which all models have importance scores below 2 · 10−2 are summed to improve
readability.
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Figure 5.11: Trend plots of the two importance metrics computed for the weighted
models trained on the Vehicle Fleet Dataset using different α values.
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Figure 5.12: Overview of the SHAP explanations for predictions generated by
the weighted models trained on the Vehicle Fleet Dataset using α = 2.0. The
corresponding target value is shown above, and the mean magnitude to the right
of the main figure. The color bar covers SHAP values between the 1st and 99th
percentiles only, to improve readability by removing outliers.
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5.4 Impact of sampling frequency on model
explanations for the Randomized Battery
Usage Dataset

This experiment was conducted following the method described in Section 4.4.4.
First, five datasets were prepared from the pre-processed Randomized Battery Usage
Dataset using different β values. A summary of the sizes of the resulting datasets
is presented in Table 5.4.

Table 5.4: Size summary of the re-sampled Randomized Battery Usage Datasets.

Dataset Number of samples; β =
1/3 1/2 1 2 3

Training set 144 219 439 868 1300
Validation set 58 90 181 358 533
Test set 62 96 192 379 567

For each of the datasets, one Random Forest model and one XGBoost model were
trained. In total, 216 different Random Forest candidate models were trained using
five fold cross validation for a total of 1080 fits. 192 different XGBoost models were
trained using five fold cross validation, for a total of 960 fits. This was done for each
of the five β values. The best XGBoost candidate models were then retrained using
the early stoppage criteria with a memory of the past five rounds. This resulted in
the models training for 80, 35, 67, 77 and 22 boosting iterations for β = 1/3, 1/2, 1, 2
and 3 respectively, before being halted by the criteria. The training losses for the
XGBoost models are shown in Figure 5.13.

The resulting optimal hyperparameters are presented in Table 5.5. The optimal
models were evaluated using RMSE and MAE on the train, validation and test sets.
The results are presented in Table 5.6.

Feature importance scores were then computed and are presented Figure 5.9. SHAP
values were also computed, and are presented as global explanations by their mean
magnitude in Figure 5.10. To better highlight any trends with respect to β, the two
metrics are also presented in trend plots in Figure 5.11. The SHAP explanations
are also presented as heatmaps in Figures 5.17 and 5.18.
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Figure 5.13: The XGBoost models’ loss function values when trained on the Ran-
domized Battery Usage Dataset re-sampled using different β values, computed at
each boosting iteration for the training and validations sets.

Table 5.5: The optimal hyperparameters for the and XGBoost models trained on
the Randomized Battery Usage Dataset re-sampled using different β values.

Model Parameter Values; β =
1/3 1/2 1 2 3

Random Forest Num. trees 8 64 8 16 64
Max. depth 6 6 9 12 12
Min. num. samples to split 2 6 6 6 2
Min. num. samples in leaves 4 1 2 1 1

XGBoost Num. boosting iterations 80 35 67 77 22
Max. depth 12 12 12 12 3
Learning rate 0.1 0.3 0.1 0.1 0.3
Min. loss reduction to split 0.1 0.1 0 0.1 0
Min. sum of child weights 7 1 7 5 3
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Table 5.6: The final loss function values computed over the train, validation, and
test sets, for the models trained on the Randomized Battery Usage Dataset re-
sampled using different β values.

Model Metric Dataset Values; β =
1/3 1/2 1 2 3

Random Forest RMSE Train 2.58 3.40 3.92 3.14 1.07
Validation 7.76 8.01 7.98 7.99 7.28
Test 3.81 3.90 6.74 5.27 5.64

MAE Train 2.08 1.72 1.24 0.72 0.28
Validation 5.85 6.13 5.98 5.81 5.40
Test 3.18 3.09 3.51 3.15 2.96

XGBoost RMSE Train 0.67 0.15 2.70 0.99 2.27
Validation 7.38 6.63 7.23 7.26 8.15
Test 3.65 3.93 7.31 6.40 6.79

MAE Train 0.46 0.11 0.66 0.28 1.56
Validation 5.79 5.00 5.35 5.45 6.17
Test 2.97 2.88 3.86 3.53 4.08
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Figure 5.14: The feature importance scores computed for the models trained on the
Randomized Battery Usage Dataset re-sampled using different β values. Features
for which all models have importance scores below 1 · 10−2 are summed to improve
readability.

59



5. Results

10 3 10 2 10 1 100 101

Mean magnitude of SHAP values

Sum of 8 other features

75th ptl., SOC & Marg. Temp.

Sum, SOC & Marg. Temp.

75th ptl., Marg. SOC & Temp.

90th ptl., Marg. SOC & Temp.

Sum, Marg. SOC & Temp.

Maximum, Marg. SOC & Temp.

Sum, RMS current

Value mean, RMS current

Estimated age

Maximum, SOC & Marg. Temp.

Median, SOC & Marg. Temp.

10th ptl., Marg. SOC & Temp.

Sum, Accum. charge

Maximum, RMS current

Value mean, Marg. SOC & Temp.

50th ptl., Marg. SOC & Temp.

75th ptl., Accum. charge

90th ptl., Accum. charge

Median, Marg. SOC & Temp.

50th ptl., SOC & Marg. Temp.

Value mean, SOC & Marg. Temp.

Maximum, Accum. charge

Global time

Minimum, SOC & Marg. Temp.

50th ptl., Accum. charge

Median, RMS current

Value mean, Accum. charge

Fe
at

ur
e

SHAP value importance

= 1/3, Random Forest
= 1/2, Random Forest
= 1, Random Forest
= 2, Random Forest
= 3, Random Forest
= 1/3, XGBoost
= 1/2, XGBoost
= 1, XGBoost
= 2, XGBoost
= 3, XGBoost

Figure 5.15: The mean magnitude of the SHAP values computed for the models
trained on the Randomized Battery Usage Dataset re-sampled using different β
values. Features for which all models have importance scores below 1 · 10−1 are
summed to improve readability.
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Figure 5.16: Trend plots of the two importance metrics computed for the models
trained on the Randomized Battery Usage Dataset re-sampled using different β
values.
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Figure 5.17: Overview of the SHAP explanations for predictions generated by
the models trained on the Randomized Battery Usage Dataset re-sampled using
β = 1/3. The corresponding target value is shown above, and the mean magnitude
to the right of the main figure. The color bar covers SHAP values between the 1st
and 99th percentiles only, to improve readability by removing outliers.
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Figure 5.18: Overview of the SHAP explanations for predictions generated by the
models trained on the Randomized Battery Usage Dataset re-sampled using β = 3.
The corresponding target value is shown above, and the mean magnitude to the
right of the main figure. The color bar covers SHAP values between the 1st and
99th percentiles only, to improve readability by removing outliers.
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6 | Discussion

In this chapter, the methodology and results presented in Chapters 4 and 5 are dis-
cussed. In Section 6.1, the datasets and pre-processing methodology are discussed.
In Section 6.2, the results of the experiments are discussed.

6.1 Datasets and data pre-processing
In this section, some considerations and decisions that were made in regards to
datasets and pre-processing are discussed. In Section 6.1.1, the Vehicle Fleet Dataset
is discussed in detail, and in Section 6.1.2, the Randomized Battery Usage Dataset
is discussed in detail.

When an estimated SOH value is used as the target variable, it is important to
keep in mind that it is not a perfect indicator of the battery’s real SOH. This is the
case because estimating SOH always involves some degree of approximation. Under
controlled conditions, the approximation can be accurately made by performing
reference cycles, during which the battery capacity can be measured. For obvious
reasons this cannot be done in vehicles that are in use, and hence, estimating the
battery SOH of EVs is typically done with less accurate approximation methods.

The choice of which aggregation functions were used in the general pre-processing
pipeline, or whether to use aggregation functions at all, was largely motivated by
previous work in this project. The exact methodology that was used to derive these
functions, or if any other function were considered, is not known. This could be
an especially important topic to investigate further, since the aggregation functions
have a major impact on the features and in turn how the models can be interpreted.
For example, in their work from 2022, Zhang et al. used different aggregation
functions such as the skewness and kurtosis [6]. However, there are also other major
differences between the dataset that was used in their research and in this project.

6.1.1 Vehicle Fleet Dataset
Using actual vehicle data to train SOH estimators has both up- and downsides. The
main benefit is that the data largely reflects true operating conditions, but it is
important to remember that not all EV batteries behave the same. Different cell
chemistries behaves differently, and the way that the battery is used may also be
different between vehicles.
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The Vehicle Fleet Dataset consists of measurements that came from PHEVs, that
rely in part on an ICE for propulsion. This may in turn affect the high voltage
battery usage, In particular, it might be deceiving to assume that higher feature
values correspond to an increased usage of the high voltage battery used to power
the electric engine. Since the battery only contains a limited amount of charge, the
ICE may be used in conjunction with the electric engine, or on its own for longer
driving cycles. In practice, this makes it harder to interpret and compare the results.

As mentioned in Section 3.1, there is generally an overrepresentation of cars with
a single or few measurements in the Vehicle Fleet Dataset. This can be attributed
to the relatively young age of the cars in the dataset, and new cars being added as
they were produced.

One observation that does not fit into this hypothesis is the presence of a smaller
number of cars that have a large number of measurements. While the exact cause of
this was not investigated in this project, one idea is that is that it could be the result
of faulty cars. When cars run as they run as they should, they will typically only
visit a service center once a year. Hence, if a car has many measurements, it may
suggest it has visited the service center repeatedly due to issues or faults. If this
was the case, it could affect the predictions models’ performance negatively. Even
if the cars in question are few in numbers, they have relatively many corresponding
measurements. It is unknown how much of an impact this actually has on the results,
especially since the overwhelming majority of vehicles do not show this behaviour.

6.1.2 Randomized Battery Usage Dataset
The Randomized Battery Usage Dataset was collected in a controlled environment,
and hence, the influence of external factors is limited when compared to real vehicle
data. There are however some other major differences between the datasets that are
important to keep in mind.

Firstly, even if the Randomized Battery Usage Dataset also used Lithium-ion cells,
there can still be large differences in the the construction and chemistry of the
cells. This will in turn affect the cell ageing behaviour, which makes it difficult to
compare them to vehicle batteries. It should also be noted that the Randomized
Battery Usage Dataset contains measurements of individual cells, while the vehicle
data that was used in this project is typically for an entire battery pack.

When converting the time series data into histogram data, a number of design
decisions had to be made. Perhaps the most influential of these were defining the
bin limits, which in turn shaped the resulting histograms. Ideally, the constructed
histograms would be as similar as possible to those of the real vehicle data. In
reality, this was not possible as the conditions that the battery cells were cycled
under differed from that of real vehicle data.

Another design decision related to the histograms were how to define what to ac-
tually count. In the vehicle data, many of the histograms count the time spent in
certain states. This is difficult to reconstruct for the Randomized Battery Usage
Dataset however, as there is no obvious way of interpreting terms such as ”parked
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time” and ”running time” outside the domain of EVs. Instead, all measurements
were considered for all histograms in this project, disregarding the battery usage
state.

The pipeline for computing higher order features, as described in Section 4.1.2, is
not entirely different from how these features are computed in the cars, but there
are some known differences. The largest difference by far is how the charge capacity
is estimated. This measurement is essential for computing SOC and SOH, and is
computed by coulomb counting during references cycles in the Randomized Battery
Usage Dataset. A similar method is employed in cars, but since the batteries are
not regularly fully discharged and recharged, it requires some additional approxima-
tion. This may introduce an estimation error, but it also means the SOC and SOH
estimate can be continuously updated using new information.

In the Randomized Battery Usage Dataset, the SOC and SOH estimates instead
rely solely on the reference cycles to act as ground truth measurements, and all
other data points are interpolated from these. The method of interpolation was
selected as linear for this project, which is most likely not very accurate, but it was
deemed sufficient given the relatively high frequency of reference cycles. It would
be interesting to test other, perhaps more advanced, methods of interpolation and
SOC/SOH estimation as well. This could also allow for using different datasets that
do not contain reference cycles.

6.2 Experiments
In this section, the results of the experiments are discussed. The results of the
experiments presented in Sections 5.1 to 5.4 are presented in Sections 6.2.1 to 6.2.4,
respectively.

6.2.1 Correlation study of the datasets
Figures 5.1 and 5.2 shows the Pearson (linear) correlations between the target and
all features, and highlights some interesting properties of the datasets.

Both datasets have distinct ”patches” of strong positive correlation, which suggests
multi-collinearity between some of the feature variables. The variables in question
are derived of the same underlying data signals, and since the aggregation functions
that were used for pre-processing are simple aggregates, this behaviour is to be
expected.

One of the main differences between the correlation patterns between the two
datasets, is the prevalence of negatively correlated variables. For the Vehicle Fleet
Dataset, the main negative interaction happens between the target variable and
many of the feature variables. The same is not true for the Randomized Battery
Usage Dataset, however, since in addition to the target variables, many feature
variables are negatively correlated to each other.

There are a number of factors that could cause the observations mentioned above.
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The choice of aggregation functions most certainly has a large impact for both
datasets. For the Randomized Battery Usage Dataset, the choice of histogram bins
will also matter. For example, the odd behaviour of 25th ptl., SOC & Marginalized
Temperature can likely be attributed to the choice of the lower bin limit.

It is also likely that there are a number of factors that are unrelated to the data
pre-processing. For example, many of the features are computed from the same
electrical signals, which can be the source of correlation between multiple otherwise
unrelated features. Finding and explaining such factors are outside the scope of the
project, but are always important to keep in mind when interpreting results.

6.2.2 Model explanations for the Vehicle Fleet Dataset
The first experiment acted as a baseline, both in terms of evaluating the model
performance and how the models worked.

As seen in Table 5.1, models with higher capacities, such as those with a greater
number of trees or larger maximum depth, were generally preferred. This supports
the idea that the real function f : Rn → R that the regression model is attempting
to approximate is complex. It also validates the assumption that the task requires
regression models with high capacity, such as Random Forest and Gradient Boosting.

One catch with higher complexity models is the inherent risk of overfitting, where
the model fails to generalize to previously unseen data. To offset this, the XGBoost
model was trained with an early stoppage criteria. As can be seen in Figure 5.3,
this was successful preventing overfitting by stopping training when the model had
converged. The figure also shows signs of a slight model bias, as there is a separation
between the training and validation loss at convergence. This indicates that there
may be additional headroom to further increase the model complexity. This is
further supported by the optimal models having hyperparameters that maximize
model complexity, as can be seen when comparing Tables 4.4 and 5.1.

Table 5.2 shows the final evaluation metrics for both models. The models perform
well across all data subsets, with the XGBoost model performing slightly better than
the Random Forest model. This is consistent with the theory that is presented in
Section 2.2.4. The models perform similarly to the Random Forest model developed
by Zhang et al. in 2022 [6], if only slightly worse. This is to be expected, however,
since the both models used in for this experiment were much less complex.

An additional observation to be made in Table 5.2, is that the validation set loss is
higher than the test set loss for the XGBoost model. This is typically not what is
to be expected, as using a validation set for hyperparameter selection introduces a
bias in favour of this data, that is often reflected by lower loss. There could be many
reasons why this behaviour is not observed, but since it is consistent also for the
Random Forest model, which does not make use of the validation set, it believed to
be due to dataset imbalance. The randomness in the data splitting method that is
used to generate the subsets could result in some datasets containing more ”easy”
data points compared to others. This may be exacerbated by preserving all data
points belonging to each vehicle in a single split, as described in Section 4.1.1. This
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hypothesis could be verified by examining the data split distributions. However,
since the validation set is only used for selecting a single hyperparameter value, it
was not deemed to be a sufficiently significant problem to further investigate in this
project.

The feature importance metric presented in Figure 5.4 shows some interesting results
when it comes to which features are important for making predictions. In particular,
a single feature, Median, SOC & Marginalized Temperature, is far more important
than all other features. While it is not unexpected for the feature itself to have
a considerable impact on predictions, as the battery state-of-charge level is well
known to have a considerable impact of the rate of ageing, it is unexpected for it
be so dominant. As described in Section 2.1.2, other factors such as the ambient
temperature, accumulated charge throughput, current, et cetera, are also known to
have a major effect. Since the extensive knowledge of battery ageing is unlikely
to be wrong, this suggests that some other factors are affecting the results. Two
such potential factors were investigated in the two remaining experiments, but there
likely exists more.

A final observation is that the feature importance scores were similar between the
models, which suggests they have learned to perform the prediction task in similar
ways – with one exception. The Sum, Marginalized SOC & Temperature feature is
given an importance score for the Random Forest model, but not for the XGBoost
model. The way to interpret this is that the feature does not appear in any of the
trees in the forest, and hence, cannot contribute when making predictions. This
means that when training the XGBoost model, it must have actively chosen to not
use this feature. One potential explanation for this is that it opted not to use this
feature in favour of other, strongly correlated features that give largely the same
information. It can be seen in Figure 5.1 that the feature in question is strongly
correlated to Sum, SOC & Marginalized Temperature. Indeed, it can be seen that
this feature has a much higher importance when compared to the Random Forest
model, for which the two features have roughly the same importance.

The SHAP value explanations are largely consistent with the feature importance
metric. The order of importance is different for some features, but the Median,
SOC & Marginalized Temperature feature is still far more dominant compared to the
others. A behaviour that is very similar to the previously observed behaviour of the
Sum, Marginalized SOC & Temperature and Sum, SOC & Marginalized Temperature
features is also seen. There is generally a higher variance in scores for the less
important features, but the magnitudes of these are still very low when compared
to the dominant feature.

The heatmaps of the SHAP value shown in Figure 5.6, give a complementary per-
spective to the barplot. These show that the dominant feature remains dominant
for predictions of both low and high SOH. Furthermore, it appears this feature is
used equally much to push the prediction value up (seen as red), as it is to push
it down (seen as blue). Some of the other features share this behaviour, such as
Median, RMS current, while others do not. For example, Global time is mainly used
to push predictions towards higher values. There are once again some differences
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between the two models, but the overall behaviours are much the same.

The first experiment validates the general process presented in Chapter 4, and es-
tablishes a baseline for later comparisons. Explanations with feature importance
and SHAP shows that the models are perhaps overly reliant on single features, in a
way that does not reflect the theoretical knowledge of battery ageing behaviour.

6.2.3 Impact of sample weighting on model explanations
for the Vehicle Fleet Dataset

The second experiment aimed to investigate how the previously mentioned dataset
imbalance affects the model behaviours, and whether this can be offset by using
weights in favour of less common data samples.

DenseWeight is an algorithm for estimating sample weights from continuous vari-
ables. The algorithm uses KDE to estimate the PDF of the data distribution, which
requires a careful selection of the bandwidth. Typical rules of thumbs for selecting
the bandwidth were found to not work particularly well in this experiment as they
resulted in far too small values that were unable to capture any sort of feasible distri-
bution. Instead, the value for the bandwidth was incrementally increased until the
resulting weight distribution stabilized. At some point, increasing the bandwidth
was infeasible since it would result in extremely long computational times. It is
likely that this value can be much further optimized however, and it could also be
useful to consider other implementations that can use different bandwidths for each
variable.

Histograms of the resulting weights are seen in Figure 5.7, and show that that the
weight distributions are indeed imbalanced. The large spike at the minimum weight
threshold (for α = 1.0) supports the idea that a large amount measurements share
similar feature values, as they are given similar weights. This observation could be
explained by an overrepresentation of newer cars, supporting the original hypothesis,
but additional experiments and analysis would have to be done to draw any decisive
conclusions.

The optimal hyperparameters from Experiment 1 were reused for all weighted models
trained in Experiment 2. This was done to make comparisons between the models as
straight forward as possible, however, it could be equally interesting to see how the
choice of optimal hyperparameters would change for the weighted models. Figure 5.8
shows that the weighted XGBoost models tends to be less complex than the baseline
XGBoost model, but this could also simply be the higher data variance of less
common data points triggering the early stoppage criterion.

Table 5.3 shows the final evaluations metrics compared to the baseline. The loss
typically increases across all splits as the scaling factor α is increased. This is to
be expected, since the models are still being evaluated on all data, but are trained
to primarily focus on only a (smaller) subset of it. Another interesting observation
is that Random Forest outperforms XGBoost for higher α values. The only major
difference between the models that this can be attributed to, are the differences be-
tween bagging and boosting, as described in Sections 2.2.3 and 2.2.4. With bagging,
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the Random Forest model has an equal probability of selecting each data sample, as
the weights are only used for splitting nodes. This is not the case for the XGBoost
model however, which selects data using gradients that are weighted by the sample
weights. This would lead the model to focusing more on data with higher weights,
which hurts its overall performance when evaluated on all data.

The feature importance scores for the weighted models are presented in Figure 5.9,
and overall shows similar results to the baseline. The importance of the Median,
SOC & Marginalized Temperature feature is still far ahead, and Sum, Marginalized
SOC & Temperature is still missing for all of the XGBoost models. When comparing
the results between the baseline and the weighted models trained using different α
values, an interesting trend is observed. Figure 5.11a shows there there is a positive
correlation between the α value and corresponding feature importance scores for
most less important features, with exception of the dominant feature which sees a
negative correlation instead. This suggest that while the weighted models still work
similarly to the baseline models, the dataset imbalance may indeed contribute to
the results as discussed in Section 6.2.2.

Compared to the feature importance scores, there is a greater deal of variance be-
tween the SHAP explanations for the different features, as can be seen in Figure 5.10.
Figure 5.11b shows that the correlation pattern between α and the SHAP impor-
tance that was seen feature importance metric is not as clearly defined, especially
for the Random Forest model. Moreover, the SHAP explanations for some features,
such as Median, SOC & Marginalized Temperature and Estimated age, are largely
unaffected by increasing α values.

The heatmaps for the SHAP explanations of the the heavily weighted models, shown
in Figure 5.12, also supports this. When compared to Figure 5.6, the SHAP ex-
planations for the XGBoost models are mostly similar, but there are considerable
differences between the SHAP explanations for the Random Forest models. This
suggest that even if the Random Forest models perform better than the XGBoost
models for higher α values, their internal behaviours are still affected by training
with sample weights.

The results of the second experiment shows that when training the models with
sample weights computing using the DenseWeight algorithm, not only are the models
performance affected, but also their behaviours. The results of the experiment seem
to indicate that the overrepresentation of certain data skews the importance of
certain features. While additional work would have to be done to establish an exact
cause of this, some potential causes could be hypothesized. Under the assumption
that there is an overrepresentation of newer vehicles in the dataset, it could be
caused by certain degradation modes that are more active early on in the batteries’
life. As described in Section 2.1.2, different degradation processes interact with each
other, and some of this interaction may not happen until later in the batteries’ life.
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6.2.4 Impact of sampling frequency on model explanations
for the Randomized Battery Usage Dataset

The third experiment was aimed at investigating the impact of the data sampling
frequency on the models. For time series data, increasing the sampling frequency
simply results in a correspondingly higher data resolution. A similar sampling fre-
quency increase for data in the histogram format, as described in Section 1.1, is not
as easy to interpret however. Since each sample is a recollection of all past signals,
there is an implicit interaction between samples.

Table 5.5 shows that there is a lot of variance between the optimal hyperparameters
for the models training on the different datasets. Notably, there is no clear correla-
tion between dataset size and model capacity, as determined by the number of trees
and model depth.

Figure 5.13 shows the loss curves for the XGBoost models. All models share the
same general training behaviour, but notably, the models corresponding to β = 1/2

and 3 converged much faster than the others. It is unclear why these specifically
were faster, but it only affects the rate of converge and not the final model loss as
indicated by the models corresponding to β = 1/3 and β = 2 receiving better final
evaluation scores. The figure also shows that there is a significant model bias, and
at least in the case of the model corresponding to β = 3, there is an indication of
overfitting as the validation loss is starting to increase.

Table 5.6 shows the final evaluation results for the models. The loss is in general
much higher for the validation set compared to the test set. Since there are very few
battery cells included in each split, this may simply be because some splits contain
cells that are easier to predict than others. There are also some major differences
when comparing the different metrics between different splits. Since RMSE is by
nature more sensitive to fewer large deviations as opposed to many smaller deviations
than MAE, this may suggest that there exists a set of data points that the models
are making major prediction errors on.

The normalized feature importance scores are seen in Figure 5.14, and show a lot of
variance between the features’ importance values for different β values. While this
makes it hard to spot any immediate trends, some of the same signs of multicolinear-
ity between features are seen as before. For example, 50th percentile, Accumulated
charge throughput and Sum, Marginalized SOC & Temperature do not appear in the
majority of the XGBoost models. As can be seen in Figure 5.2, there are indeed
strongly correlated to a number of other features that do appear in the models.

Figure 5.16a paints a similar picture, but also further highlights trends (or lack
thereof). In particular, some features such as Value mean, Accumulated charge
throughput and Median, RMS current are mostly constant with respect to β. This
indicates that these features have a consistent importance for the models’ predictions
regardless of the sampling frequency. An interpretation of this observation is that
these features are truly important for making SOH predictions, as opposed less
stable features that could just as well be artifacts of the sampling ratio. In a future
experiment it would also be interesting to see if this behaviour is consistent between
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different models that are trained on the same dataset.

The SHAP value explanations seen in Figure 5.15 with the corresponding trend
plots in Figure 5.16b, are largely consistent with the feature importance metric and
show the same behaviours. The heatmaps seen in Figures 5.17 and 5.18 further
shows that despite some differences, the overall behaviours of the models trained
on the sub- and super-sampled datasets are the same. The figures also highlight
the large differences between the behaviours of the Random Forest and XGBoost
models, which once again are most likely caused by the multicolinearity.

The general takeaway from this experiment is that the frequency at which histogram
data is collected does appear to have a considerable impact on not just the perfor-
mance, but also on the behaviours of the models. It is hard to draw any concrete
conclusions, however, owning to the very small dataset, and high result variance.
Connecting these results to the case of vehicle data collection also proves to be a
challenge, as there are then a number of data and design choices that are fundamen-
tally different. At the very least, the differences of the Randomized Battery Usage
Dataset and actual vehicle data, and how these affects the results, would have to be
better investigated before any general conclusions could be drawn.
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In this thesis, statistical SOH prediction models were developed and evaluated on
a novel dataset gathered from over 63 000 Volvo PHEVs. The dataset consisted of
battery measurements in a histogram format, which required additional aggregation
steps to be converted into usable features. The initial results were promising, and
the models performed similarly to those found in previous work, but when analyzed
with feature importance and SHAP, some unexpected behaviours were observed. In
particular, there was a very high reliance on one single feature for creating predic-
tions.

To further examine the behaviours of the models, two additional experiments were
conducted. The first experiment used sample weighting to weight the dataset in
favour of less common data points, to offset an overrepresentation of certain signals.
In the second experiment, the impact of the frequency at which the histograms were
sampled were investigated. This was done with a separate laboratory generated
dataset, which was processed into a format similar to that of vehicle data, before
being either sub- and super-sampled to simulate different sampling frequencies.

The results showed that the dataset imbalance had an impact on how the mod-
els behaved, seemingly contributing to the above mentioned issue of overreliance
on a single feature. Furthermore, it was shown that the data sampling frequency
had a minor impact on the model performance, but a larger impact on the model
behaviour. Owning to the small dataset size, and the large amounts of feature en-
gineering that had to be performed to simulate the format of vehicle data, it is
unclear how well this result translates to more general cases. It was also established
that both datasets suffered from strong multicolinearity as a result of the complex
feature aggregation, which is believed to have a considerable impact on the models’
interpretability.

This thesis main point of contribution is two-fold. First, it has shown some of the
limitations and potential pitfalls of state-of-health prediction models trained on elec-
tric vehicle histogram data, which may be used to guide future work within the field.
Secondly, it has shown the viability of model-agnostic explainability methods as not
only a tool to help interpret black-box models, but also to guide data engineering
and modelling aspects of the data science process. This is not to say that the meth-
ods that were employed in this project will work in all situations, but the results
show that they can be useful tools to gain further insights and better understand
the data and the underlying problem.

75



7. Conclusion

7.1 Future work
Over the duration of this project, a number of unanswered questions and topics
that would be interesting to explore further have appeared. To preserve the scope
of this thesis, and due to a lack of time, not all of these have been picked up or
thoroughly examined. There is however reason to believe that they could either
affect the results of this project, or lead to entirely new results.

At the very start of the project, the prospects of using various intrinsically inter-
pretable machine learning models was investigated. This idea was dropped in favour
of model-agnostic interpretability methods, but some of the methods that were ex-
amined showed various degrees of promise. One very promising set of methods was
symbolic regression. The idea behind such methods is to directly learn a symbolic
expression that best fits the data. The symbolic expression would hence be directly
interpretable, as it would give complete insight into how the model works in a fully
reproducible way.

The main problem with symbolic regression is that it requires searching through an
enormous amount of different symbolic expressions to find those that fit the data
well. However, recent research within the area of symbolic regression has shown
that if the underlying problem is that of a physical system, various techniques can
be used to speed this process up, making it possible to discover complex symbolic
relationships. AI Feynman [21], is an algorithm that works by utilizing certain
mathematical properties which are common in physical equations. It would be
interesting to see if such a method could be used to establish symbolic formulas for
state-of-health prediction.

A major hurdle that was encountered during the project was to locate suitable
datasets that the results for the vehicle fleet dataset could be compared against.
The best suitable candidate that was found, the Randomized Battery Usage Dataset,
which is described in Section 3.2, is still quite different from the vehicle fleet dataset
and required major feature engineering and pre-processing to be at all usable. For
this reason it was only used for one isolated experiment, even if ideally, all results
would be benchmarked against a comparable, but different dataset.

The methodology for pre-processing the Randomized Battery Usage Dataset could
also be improved. For example, the vehicle fleet dataset uses various time measure-
ments such as ”parked time” and ”running time” for the histogram features. This
is not reflected in the method used to compute the histograms for the Randomized
Battery Usage Dataset however, something that would most likely have an impact
on the result were it to be changed.

Another potentially interesting modification to this project would be to see how
the results would change if the methods were applied to a dataset that collected
over a longer time frame. The idea is that more distinct ageing patterns could
have time to develop over this period, which could be picked up by the models. It
would also be interesting to have access to a dataset in which samples are generated
at a higher frequency, such that the compromises that had to be made with the
Randomized Battery Usage Dataset could be completely circumvented. This would
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require fundamentally changing how data is collected, however, which would affect
many more levels of the data flow than what are touched on in this project.

Similarly, having access to the actual signals that are used on-board to compute
the histogram data could enable comparisons between the two data formats. Even
if the data is not collected from cars, such a comparison could be still made with
for example the Randomized Battery Usage Dataset. This was not done in this
project as it would blow up the project scope too much, but it would nevertheless
be interesting to investigate in future work. Finally, it would be interesting to see
these methods applied to a fleet of fully electric vehicles, such as battery electric
vehicles, instead of the PHEV fleet used in this project. This would negate any
potential issues that occur as a result of usage of the internal combustion engine.

As discussed in Section 6.2.3, some of the features were very resistant to changes
brought on by the sample weighting. It is not clear why this was the case, but it may
suggest that these features have a deeper connection to the ageing process. Examples
of these features were the Median, SOC & Marginalized Temperature; Median, RMS
current; 10th percentile, SOC & Marginalized Temperature; and Estimated Age.
Knowing what factors typically affect the battery ageing process, it can be thought
that it is no coincidence these particular features were stable, as it would make sense
for them to be correlated to the degradation rate. This could perhaps be examined
further.

Other methods for focusing the models’ attention on outlier data, aside from sample-
weighting, could also be interesting to investigate. For example, the dataset could be
re-sampled in a way that prefers less common data points. This would additionally
remove any potential influence that DenseWeight and its hyperparameter choices
has on the results.

The method for aggregating histogram features into numerical features was picked
early on in this project, without too much consideration. It would be interesting to
further investigate how this choice affected the model performance and interpreta-
tions, and to explore others methods of performing these aggregations.
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A | Complete set of features in the
Vehicle Fleet Dataset

Table A.1 shows a complete list of features in the Vehicle Fleet Dataset after aggre-
gation of the complex data signals. Note that this is a list of intermediate features,
which includes constant features that are not in the final dataset.

Table A.1: The complete set of intermediate features, and the base features they
were computed from, in the Vehicle Fleet Dataset.

Base feature Intermediate feature
Global time Global time
Odometer value Odometer value
Estimated age Estimated age
Accumulated charge throughput
at different total times

Minimum, Accumulated charge throughput
Maximum, Accumulated charge throughput
Median, Accumulated charge throughput
Sum, Accumulated charge throughput
Value mean, Accumulated charge throughput
10th percentile, Accumulated charge throughput
25th percentile, Accumulated charge throughput
50th percentile, Accumulated charge throughput
75th percentile, Accumulated charge throughput
90th percentile, Accumulated charge throughput

Running time spent in RMS
current region

Minimum, RMS current
Maximum, RMS current
Median, RMS current
Sum, RMS current
Value mean, RMS current
10th percentile, RMS current
25th percentile, RMS current
50th percentile, RMS current
75th percentile, RMS current
90th percentile, RMS current

Parked time spent in SOC &
Marginalized Temperature
regions

Minimum, SOC & Marginalized Temperature
Maximum, SOC & Marginalized Temperature
Median, SOC & Marginalized Temperature
Sum, SOC & Marginalized Temperature
Value mean, SOC & Marginalized Temperature

I



A. Complete set of features in the Vehicle Fleet Dataset

10th percentile, SOC & Marginalized Temperature
25th percentile, SOC & Marginalized Temperature
50th percentile, SOC & Marginalized Temperature
75th percentile, SOC & Marginalized Temperature
90th percentile, SOC & Marginalized Temperature

Parked time spent in
Marginalized SOC &
Temperature regions

Minimum, Marginalized SOC & Temperature
Maximum, Marginalized SOC & Temperature
Median, Marginalized SOC & Temperature
Sum, Marginalized SOC & Temperature
Value mean, Marginalized SOC & Temperature
10th percentile, Marginalized SOC & Temperature
25th percentile, Marginalized SOC & Temperature
50th percentile, Marginalized SOC & Temperature
75th percentile, Marginalized SOC & Temperature
90th percentile, Marginalized SOC & Temperature

II



B | Implementation details

Data processing and model training was done on shared cloud compute nodes with
access to at most 16 CPU cores and 64 GB of memory. The true resources usage
varied, as a result of the virtual environment which dealt with resource allocation
automatically. However, a minimum of 8 CPU cores and 32 GB of memory were
always allocated.

Python 3.10 was used as the primary implementation language for all parts of the
project. The data pre-processing pipelines were mainly implemented using Pandas
1.2 [22], NumPy 1.21 [23] and SciPy 1.8 [24], and also saw heavy use of the standard
python multiprocessing library to utilize parallelism for parts of the pipelines. The
gradient boosting models were implemented using XGBoost 1.6 [25] and Scikit-learn
1.0 [26]. In addition to these, a number of other packages were used to persist trained
models and store data.

SHAP was implemented using FastTreeSHAP 0.1.2 [27], an optimized implementa-
tion of the original SHAP package. Some manual edits were made to the source
code to fix and modify some visualisations, but these did not affect the underlying
algorithms.

B.1 DenseWeight
The original DenseWeight paper by M. Steinberger et al. comes paired with the
authors’ own implementation of the algorithm [17]. Due to limitations in a pack-
age dependency however, this implementation does not support high dimensional
data. For this reason, a custom implementation was developed and used instead.
The major difference between the authors’ original implementation and this custom
implementation of the algorithm was the use of the scikit-learn implementation of
KDE. This implementation uses a different estimation method compared to the what
is used in the authors’ original algorithm. All other differences were superficial.
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