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Abstract
This thesis presents two semi-supervised deep learning diagnostic systems based on
Gaussian Process Regression (GPR) combined with Multi-Layer Perceptron (MLP),
Bidirectional Gated Recurrent Unit (BiGRU) and Autoencoder (AE). The primary
objective is to assess battery health, which is a critical aspect of electric vehicles
(EVs) and renewable energy systems. Traditional methods for evaluating battery
health are often time-consuming, costly, and not suitable for immediate application.
This study aims to overcome these challenges by adopting novel approaches.

To address these challenges, the research leverages recent developments in data ana-
lytics and machine learning to offer a scalable and effective approach for diagnosing
battery health. A key achievement of this study is the use of semi-supervised learn-
ing techniques, which effectively utilize a small amount of labeled data together with
a large amount of unlabeled data, significantly improving the accuracy of battery
capacity estimates.

Through the analysis of extensive data from battery usage cycles, the research has
developed quick, automated protocols that provide accurate, real-time monitoring of
battery health. These systems enhance the management of battery usage in electric
vehicles and renewable energy installations while supporting the broader adoption
of sustainable energy practices.

The performance of both algorithms was evaluated using datasets from NASA
and the Technical University of Munich (TUM). The experimental results demon-
strate that the BiGRU+MLP+GPR algorithm achieves a Root Mean Square Error
(RMSE) of 0.30 on the NASA dataset and 0.10 on the TUM dataset. In contrast,
the AE+CNN+GPR algorithm yields RMSE values of 0.52 for the NASA dataset
and 0.09 for the TUM dataset. Overall, the BiGRU+MLP+GPR algorithm ex-
hibits greater robustness and stability. In addition to comparing the performance
of these algorithms, this study provides a detailed analysis of their specific hyper-
parameter settings and investigates the impact of dataset availability on algorithm
performance.

Keywords: State of Health (SoH), Electric Vehicles (EVs), Data-Driven Diag-
nostics, Machine Learning in Energy Storage, Battery Degradation Analysis, Semi
supervised learning, Automated Diagnostic Protocols, Battery
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1
Introduction

1.1 Background
Efficient battery health monitoring solutions are in high demand due to the growth
of electric vehicles (EVs) and renewable energy systems. Batteries are critical
components of these systems, providing energy storage for powering vehicles and
storing renewable energy. However, over time, batteries degrade, reducing their
capacity and performance, which can significantly affect the overall efficiency and
reliability of EVs and renewable energy systems.

Assessing the State of Health (SoH) of a battery is a critical metric that indicates
its current condition compared to its original state. Accurate and timely assess-
ment of battery SoH is essential for optimizing battery usage, predicting remaining
useful life, and ensuring safety and reliability in various applications. Data-driven
approaches for battery health diagnostics are becoming increasingly popular due to
the limitations of traditional methods, which can be time-consuming, costly, and
impractical for real-time monitoring. These approaches offer a more efficient and
effective solution to the challenges of battery health diagnosis. Utilizing data ana-
lytics and machine learning to analyze large-scale battery cycling data and develop
fast and automated diagnostic methods.

A major goal and potential contribution of this work is the innovative use of semi su-
pervised learning techniques, which leverage both limited labeled data and a larger
volume of unlabeled data. This approach aims to markedly enhance the accuracy
of battery capacity estimation.

1.2 Aim
The aim of this project is to develop a Data-Driven Fast Battery Health Diagnostic
System capable of estimating the State of Health (SoH) of lithium-ion batteries,
another main objective of this work would be using limited labeled data together
with a large amount of unlabelled data to make a more accurate capacity estimation,
which is one of the major goals and potential contributions. This will be achieved
through the following objectives:

1. Develop an automatic data processing pipeline to analyze large-scale battery
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1. Introduction

cycling data efficiently and accurately.

2. Design and test rapid diagnostic protocols that enable quick battery health
evaluations, potentially within minutes, using real-time data.

3. Develop machine learning algorithms capable of accurately estimating battery
SoH based on the analyzed data.

In this study, we aim to design and explore two semi-supervised learning algorithms
leveraging advanced neural network architectures and regression techniques. Specif-
ically, the first algorithm is based on Bidirectional Gated Recurrent Units (BiGRU),
Multilayer Perceptrons (MLP), and Gaussian Process Regression (GPR). The second
algorithm integrates Convolutional Neural Networks (CNN), Autoencoders (AE),
and Gaussian Process Regression (GPR).

1.3 Objective
The primary focus of this thesis is to address three key objectives outlined in Sec-
tion 1.2. These objectives guide the investigation and are formulated into specific
questions to be answered.

Dataset and algorithm performance

• How well the algorithm performs on different dataset?

• Can the extracted features effectively reflect the SoH status?

• How scalable is the algorithm to different datasets?

Algorithm hyperparameter optimization

• How do hyperparameters affect the performance of the algorithms?

• How to choose hyperparameters and backbone under different evaluation in-
dicators?

2



1. Introduction

Generalization to Unlabelled Datasets

How well does the developed method perform on unlabeled datasets where ground-
truth SoH information is not available?

By answering these questions, this thesis aims to develop of a deep learning model
that not only accurately predicts SoH based on existing data but also addresses the
critical aspects of prediction speed and generalization to unlabelled datasets.

3
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2
Theory

2.1 Lithium-ion Batteries
Lithium-ion batteries represent a state of art technology in the field of modern
portable electronics and electric vehicles. These batteries are prized for their high
energy density and rechargeability, which are enabled by the principle of lithium ions
moving between the cathode and anode during charging and discharging cycles.
Nevertheless, lithium-ion batteries present a number of safety concerns, particularly
when subjected to overcharging, overheating, or physical damage, which may result
in thermal runaway events. Furthermore, degradation mechanisms such as electrode
particle fracturing, electrolyte decomposition, and capacity fade can compromise
performance and longevity over time.

2.1.1 Components of a Lithium-ion Battery
• Cathode: Typically made from Lithium metal oxides, the cathode is the

source of lithium ions and is crucial for the battery’s voltage and capacity.

• Anode: Made from carbon materials like graphite, the anode stores lithium
ions when the battery is charged.

• Electrolyte: A lithium salt solution in an organic solvent that facilitates the
flow of lithium ions between the cathode and anode.

• Separator: A porous membrane that prevents physical contact between the
cathode and anode avoiding short circuits while allowing ionic flow.

2.1.2 Basic Functionality

2.1.2.1 Charging process

During the charging process, a power source applies a voltage that is higher than
the current voltage of the battery. This higher voltage is necessary to force lithium
ions to move from the cathode (positive electrode) to the anode (negative electrode)
through the electrolyte. As lithium ions migrate to the anode, they become em-
bedded in the anode material, effectively storing energy within the battery. This

5



2. Theory

Figure 2.1: The overview of the working principle of the Li-ion battery [10].

movement of lithium ions and their storage in the anode is what allows the battery
to hold and later deliver power when needed.

2.1.2.2 Discharging

When a device utilises the battery for power, the battery discharges. This process
reverses the direction of ion movement, i.e., lithium ions flow from the anode back to
the cathode, releasing stored energy. The electrons then travel through the external
circuit to the device, generating an electric current that powers it.

2.1.3 Degradation factors
As outlined, the performance of Li-ion batteries is subject to deterioration over
time, resulting from a combination of internal and external factors. Internal factors
include changes in cell’s mechanical and electrochemical properties, whereas external
factors encompass operational conditions. Among the common aging mechanisms
observed within batteries, the formation of the solid electrolyte interphase (SEI) and
lithium plating have been identified as particularly detrimental, as evidenced by the
findings of numerous researchers [11], [12].

6



2. Theory

• Internal Resistance: Internal resistance in a battery is defined as the op-
position within the battery to the flow of electric current. As a battery ages,
its internal resistance typically increases due to chemical and physical changes
within the cell components.

An increase in internal resistance results in elevated heat generation during
the charging and discharging processes. This excess heat can accelerate the
deterioration of the battery’s materials. Furthermore, elevated internal resis-
tance leads to diminished power delivery efficiency and a reduction in overall
battery performance, since a greater proportion of energy is lost as heat rather
than being utilized by the system [6][7].

• Temperature: The performance and lifespan of lithium-ion batteries are sig-
nificantly influenced by temperature. Both high and low temperatures can
have a adverse effect on the battery [7].

– High temperatures can accelerate the degradation of battery materials,
promote unwanted chemical reactions such as electrolyte decomposition,
and increase the rate of SEI layer formation. This results in a loss of
active material and a decrease in overall capacity.

– Low temperatures can result in a reduction in the mobility of lithium
ions in the electrolyte, which can lead to the formation of lithium plating
on the anode during charging. Over time, this plating can cause a loss of
capacity and an increase in the risk of internal short circuits.

• Charge Rates (C-rates): The charge rate, often expressed in terms of C-rate
describes how fast a battery is charged and discharged relative to its maxi-
mum capacity. The rapid charging or discharging of a battery (high C-rates)
can cause significant stress to the battery, resulting in the generation of exces-
sive heat and rapid changes in voltage and current. This stress can aggravate
degradation of the battery’s components, particularly at the electrodes, and
can lead to uneven distribution of lithium-ion, which can cause localised areas
of overcharge or depletion. These conditions often result in a reduction in
battery capacity and an accelerated battery lifespan [8].

• Depth of Discharge (DoD): It is a measure of the extent to which a battery
is used in relation to its total capacity. It is expressed as a percentage of the
battery capacity that has been discharged in relation to the overall capacity.
Deeper discharges (higher DoD) put more strain on the battery because they
require the battery to cycle through a greater range of its charge capacity. This
increased cycling can lead to more rapid degradation of the battery’s electrodes
and electrolyte. Regularly discharging a battery to a low state of charge before
recharging can lead to faster wear and tear, reducing the battery’s lifespan and
efficiency.

7



2. Theory

2.2 Degradation Mechanisms

The degradation of lithium-ion batteries is primarily driven by several key mechanisms,
each contributing to the overall decline in battery performance. These mechanisms
include the formation of the solid electrolyte interphase (SEI), lithium plating, and
electrolyte decomposition. Each of these processes can affect the battery’s ability
to charge and discharge effectively, ultimately reducing its capacity and efficiency.
This section provides a detailed examination of these degradation mechanisms and
their implications for battery technology and health diagnostics.

• Solid Electrolyte Interphase (SEI) Formation: The SEI is a chemically
stable layer that forms on the anode’s surface during the initial charge cy-
cles of a lithium-ion battery [14]. This layer results from the decomposition
of electrolyte components when they first come into contact with the anode.
The SEI acts as a barrier that consumes lithium ions, reducing the battery’s
efficiency and capacity over time. Elevated storage or cycling temperatures
result in a higher diffusion rate, potentially leading to a more rapid growth of
the SEI. Similarly, a higher current density can cause greater particle cracking,
thereby contributing to the formation of a thicker SEI. In an Incremental ca-
pacity (IC) curve 2.5, SEI formation is indicated by a gradual decrease in peak
heights related to lithium intercalation into the anode, as well as a shift in the
voltage at which these peaks occur. This suggests a loss of active lithium and
a change in the electrode surface properties [15] [16].

• Lithium Plating: Lithium plating occurs when metallic lithium forms on the
surface of the anode instead of being inserted into the electrode material. This
typically happens under conditions of high charge rates or low temperatures.
Lithium plating is hazardous because it reduces cell capacity and poses a risk
of short circuits. In the IC curve, lithium plating can be detected by the ap-
pearance of abnormal peaks at voltages lower than typical intercalation peaks,
indicative of the formation of metallic lithium which does not contribute to
normal battery operation.

• Electrolyte Decomposition: As the electrolyte breaks down, its ability to
efficiently conduct lithium ions between the anode and cathode diminishes.
This loss of ionic conductivity directly impacts the battery’s ability to charge
and discharge effectively, reducing its overall capacity. Electrolyte decomposi-
tion typically occurs under thermal stress or overcharge conditions, leading to
the formation of gas and other byproducts that can cause swelling and reduce
the efficiency of ionic transport across the electrolyte. In IC analysis, signs of
electrolyte decomposition include the broadening of peaks and a shift in their
positions, reflecting changes in the electrolyte’s composition and a decrease in
the overall ionic conductivity of the cell.

However, understanding the fundamental principles of lithium-ion battery technol-
ogy is essential to recognize the significant role that materials play in determining the

8



2. Theory

performance and longevity of a battery. According to Tarascon and Armand (2001)
[4], the selection of cathode and anode materials profoundly influences the efficiency
and safety of a battery. The stability of the electrolyte across many charging cy-
cles, especially under different temperature conditions, is crucial for maintaining the
structural integrity of the battery.

Tarascon and Armand have also highlighted advancements in battery technology, in-
cluding the exploration of new electrode materials that could potentially offer higher
energy densities and improved safety features. These inputs are particularly relevant
when considering the application of machine learning in battery health diagnostics.
The degradation of battery materials, a key factor highlighted by Tarascon and Ar-
mand, can significantly influence the accuracy and effectiveness of machine learning
models that predict the state of health (SoH) of batteries. By understanding these
degradation mechanisms, machine learning models can be better designed to take
these variables into account, enhancing their predictive accuracy.

Figure 2.2: Capacity checkup of 30 cells from TUM dataset [3.1.2]

9



2. Theory

The results of a series of tests conducted on a number of cells are illustrated in figure
2.2. The cells were subjected to a number of different conditions, including depth of
discharge (DOD), temperature, and current rates in while charging and discharging.
The results show that the cells exhibited varying responses to these conditions and
how they are degraded over time [3].

2.3 Relaxation of cell
In traditional battery health diagnostics, the state of health is primarily assessed
by a method that involves full charge and discharge cycles followed by a relaxation
period. This approach measures the battery’s maximum capacity to indicate its
health. After the cycling process, the batteries undergo a relaxation period that
lasts several hours to a day, allowing all the transient chemical and physical pro-
cesses to stabilize. The relaxation is critical because it enables voltage stabilization,
ionic redistribution across the electrolyte and electrode interfaces, and a return to
thermal equilibrium. These factors ensure that the measure taken post relaxation
reflect the true health of the battery without the interference of operational stresses.

To address this advanced machine learning approaches propose a more efficient
methodology by leveraging operational data collected during regular usage, thus
the need for full cycle and prolonged relaxation periods can be eliminated. This
method utilizes real-time data such as the voltage, current, and temperature, in-
tegrating machine learning algorithms to extract features and predict SoH from
observable patterns. Features such as internal resistance, the phase changes which
can be observed from the Incremental curves [3.3] like the peak height, the area un-
der the curve are particularly insightful. These models trained on the data aim to
correlate specific data patterns with battery health degradation, offering potential
improvements in diagnostic precision and operational efficiency.

The shift from the traditional methodologies to a machine learning based approach
represents a significant evolution in battery management, using real time, data
driven that enhances predictive accuracy and reduce operational downtime. As such,
this advanced diagnostic framework aligns closely with the contemporary demands
of the automotive and energy storage industries, promising substantial benefits in
terms of costs, efficiency, and battery life.

10



2. Theory

Figure 2.3: Twenty-four hour relaxation shown on a linear
and logarithmic scale of NMC, NCA, and LFP chemistries.[5]

Figure 2.3 shows how the cell behaves while relaxing over the period which has been
studied by Theuerkauf, D and Swan, L [5].

2.3.0.1 What happens during relaxation?

• Voltage stabilization: After charging or discharging, a battery’s voltage
can exhibit temporary spikes or dips. Allowing the battery to relax helps the
voltage to stabilize at a more accurate equilibrium state, which is critical for
precise voltage-based SoH measurements.

• Diffusion Equilibrium: Relaxation allows for the diffusion of ions to re-
equilibrate across the electrolyte and electrode materials. This diffusion is
crucial for maintaining the battery’s capacity and internal resistance at stable
levels, directly impacting the accuracy of capacity-based SoH assessments.

• Thermal Equilibrium:Batteries generate heat during operation, which can
affect their performance and the reliability of diagnostic tests. Relaxation
helps the battery return to a normal temperature, reducing the risk of ther-
mal imbalances skewing SoH measurements.

• Chemical Stability: Some chemical reactions within the battery continue
for a short time even after electrical activity stops. Relaxation allows these
reactions to complete fully, ensuring that measurements reflect the true chem-
ical state of the battery.

• Accurate measurements: For techniques like Electrochemical Impedance
Spectroscopy (EIS), Incremental capacity analysis (ICA) which are used to

11



2. Theory

estimate SoH by measuring the internal resistance, having the battery in a
stable, relaxed state is vital. This state ensures that the impedance measure-
ments are not influenced by recent charging or discharging activities.

2.4 EVs capacity threshold
In electric vehicles, the SoH threshold is often set around 70% to 80%. This means
that once the battery’s capacity to hold charge falls to 70-80% of its original capacity,
it may no longer be suitable for continued use in the vehicle for the following reasons.

• Range Reduction: As the SoH decreases, so does the total energy storage
capacity of the battery. This reduction in capacity means that the car can’t
go as far on a single charge as it could when the battery was new. If the range
drops too much, it may not meet the practical needs of the user, making the
car less effective for everyday use.

• Performance Issues: A lower SoH can lead to changes in the way the
battery delivers power. The car may not accelerate as quickly or perform as
well under certain conditions. This can affect the overall driving experience
and could also affect safety in situations where rapid acceleration is required,
such as when merging onto motorways.

• Increased Charging Time and Frequency: As the battery degrades, it
may also take longer to charge and may need to be recharged more frequently,
which can be inconvenient and time-consuming for users.

• Safety concerns: As batteries degrade, they can develop internal shorts
due to the breakdown of battery materials or the accumulation of isolated
lithium metal particles caused by plating. These shorts can cause localised
overheating, further worsening degradation and increasing the risk of fire.

2.5 Incremental Capacity Analysis
Incremental Capacity (IC) analysis emerges as a critical diagnostic technique in the
realm of battery health monitoring. This method involves measuring the differen-
tial capacity of the battery, which is the change in the charge capacity with respect
to voltage, during charging cycle. By plotting the differential capacity against the
cell voltage, IC curves are generated, which revel detailed characteristics about the
battery’s electrochemical reactions.

IC analysis is particularly adept at capturing the onset and progressing of degra-
dation mechanisms. For instance, the formation of an SEI layer, lithium plating,
and changes due to electrolyte decomposition all leads to specific alterations in the
shape, position, and height of peaks in the IC curve. These alterations provide clues
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about the type and severity of degradation occurring within the battery. Through
careful analysis of these curves, explained further in chapter 3.2.2

In the following sections we have described briefly on how IC analysis is applied to
detect these degradation signs, and how machine learning techniques can be utilized
to automated the interpretation of IC data, thereby enhancing the precision and
efficiency of battery diagnostics.

2.5.0.1 Objective for this analysis

• Identify significant peaks in the IC curves, which correspond to important
electrochemical reactions within the battery.

• Calculate the Area under the curve (AUC) for each detected peak, providing
a quantitative measure of the reaction’s contribution to the overall battery
behavior.

• Facilitate monitoring of battery degradation over time by tracking changes in
peak characteristics and area under the curve values.

2.5.0.2 Electrochemical Reactions and Phase Transitions

• The peaks in the dQ
dV

vs voltage plot correspond to specific electrochemical
reactions and phase transitions within the battery materials. In lithium-ion
batteries, these transitions are often associated with the intercalation and de-
intercalation processes of lithium ions in the anode and cathode materials.

• Voltage Range 3.4V to 3.8V is significant for many lithium-ion batteries,
particularly those using lithium nickel manganese cobalt oxide (NMC) cath-
ode and graphite anode. During charging, lithium ions are intercalated into
the graphite anode, and this process can exhibit distinct peaks at certain volt-
ages where phase transitions occur.

2.5.0.3 Cathode Material Transitions

• In NMC batteries, the cathode undergoes multiple phase transitions as lithium
ions are extracted during charging. These transitions manifest as peaks in the
IC curve. For example, an NMC cathode can exhibit multiple redox reactions
involving nickel, manganese, and cobalt, each contributing to specific peaks in
the IC plot 3.2.2.

• The voltage range of 3.4V to 3.8V often includes transitions related to the
nickel redox reactions in NMC materials. These reactions are responsible for
significant changes in capacity with small changes in voltage, hence the ob-
served peaks.
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2.5.0.4 Anode Material Contributions

• The graphite anode also contributes to the IC peaks. During lithium inter-
calation, graphite undergoes staging transitions, where lithium atoms occupy
specific sites within the graphite structure. These staging transitions can cre-
ate distinct peaks in the IC curve.

• Typical staging transitions for graphite occur around the voltages you ob-
served, with notable stages at approximately 3.6V, reflecting the formation of
different lithium-graphite phases.

2.5.0.5 Solid Electrolyte Interphase (SEI) Formation

The SEI layer forms on the anode surface during initial charging cycles and continues
to evolve, impacting the IC curve. The formation and growth of the SEI can create
additional peaks or modify existing ones in the voltage range you observed.

2.6 Machine Learning
Machine learning is a branch of artificial intelligence that focuses on developing
algorithms and statistical models that enable computers to learn from and make
predictions or decisions based on data. It encompasses a variety of techniques such
as supervised learning, unsupervised learning, and reinforcement learning [21].

Deep learning is a subset of machine learning that focuses on algorithms inspired by
the structure and function of the brain, known as artificial neural networks. Specif-
ically, deep learning refers to neural networks with multiple layers, hence the term
"deep". These layers enable the model to learn and represent data with increasing
levels of abstraction [21].

Currently, there are various specialized methods for predicting battery capacity us-
ing machine learning. Traditional data-driven approaches include predictions using
Support Vector Machines (SVM) [22] and methods employing Gaussian Process Par-
ticle Filters (GPPF) [23]. Additionally, Gaussian Process Regression (GPR) [24] has
also seen widespread application.

However, with the decreasing cost of computational power and advancements in ar-
tificial intelligence algorithms, deep learning methods have gained extensive usage.
For instance, CNN-RNN [25] algorithms and improved recurrent neural network
(RNN) architectures such as Long Short-Term Memory (LSTM) [26] are now com-
monly used for prediction tasks. Furthermore, examples of transfer learning across
different battery datasets have emerged.
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Overall, mature prediction methods typically rely on large annotated datasets, which
are somewhat limited for real-time diagnostics of practical batteries that require
rapid assessment. Based on the current situation as well as the requirements, we
produced two semi-supervised deep learning models for predicting battery capacity
using partially labelled datasets based on a combination of deep learning architec-
tures

2.7 The sub-algorithm
The two algorithms in this study are built from multi-seeded algorithms, this section
will introduce the sub-frameworks used in both algorithms and their underlying
principles.

2.7.1 Gaussian Process Regression (GPR)
Gaussian Process Regression (GPR) is a powerful non-parametric Bayesian approach
used for regression tasks. It models the relationship between input variables x and
output variables y as a joint Gaussian distribution 3.2.4.

[
y
y∗

]
∼ N

([
µ
µ∗

]
,

[
K(X, X) + σ2

nI K(X, X∗)
K(X∗, X) K(X∗, X∗)

])
,

• y and y∗ are vectors of observed and unobserved target values, respectively.
• µ and µ∗ are mean vectors.
• K(·, ·) represents a covariance function (kernel) that captures the similarity

between pairs of input data points.
• σ2

n denotes the noise variance.
• X and X∗ are matrices of input variables corresponding to observed and un-

observed data points.

GPR computes a posterior distribution of functions by Bayesian inference, allowing
predictions and estimation of uncertainty at new input points X∗.

2.7.2 Types of Gaussian Kernels
In the algorithm used later we used three different Gaussian kernels, The following
is a detailed introduction to the three Gaussian kernels.

2.7.2.1 Radial Basis Function (RBF) kernel

The Radial Basis Function (RBF) kernel is commonly used in GPR to define the
covariance matrix K(X, X)
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kRBF(xi, xj) = exp
(

−∥xi − xj∥2

2l2

)
(2.1)

where xi and xj are two input data points, ∥xi − xj∥ denotes the Euclidean dis-
tance between them, and l is the length-scale parameter that controls the width of
the kernel. The Gaussian kernel is infinitely differentiable, making it suitable for
modeling very smooth functions.

2.7.2.2 Matérn Kernel

The Matérn kernel introduces a parameter ν that controls the smoothness of the
resulting function

kMatérn(r) = 21−ν

Γ(ν)

(√
2νr

l

)ν

Kν

(√
2νr

l

)
(2.2)

where r = ∥xi −xj∥, l is the length-scale parameter, ν is the smoothness parameter,
Γ(ν) is the Gamma function, and Kν is the modified Bessel function of the second
kind. The Matérn kernel can take simpler forms for specific values of ν, such as
ν = 0.5, ν = 1.5, and ν = 2.5, corresponding to different levels of differentiability.

2.7.2.3 Rational Quadratic (RQ) Kernel

The Rational Quadratic kernel can be seen as a scale mixture of Gaussian kernels
with different length-scales. It is defined as

kRQ(xi, xj) =
(

1 + ∥xi − xj∥2

2αl2

)−α

, (2.3)

where ∥xi − xj∥ is the Euclidean distance between xi and xj, l is the length-scale
parameter, and α is the shapeparameter. The RQ kernel interpolates between the
Gaussian kernel (when α → ∞) and the polynomial kernel (for finite α).

In summary, the choice of Gaussian process regression (GPR) kernel depends largely
on the desired smoothness and flexibility characteristics for modeling data.The spe-
cific comparison of the three Gaussian kernel structures is in section 5.2.2 Gaussian
Process Regression with these kernels has found applications in various domains.
Since it can predict the trend of required data based on partial data, it is very suit-
able for application in partially labeled tram datasets.
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2.7.3 Convolutional Neural Networks (CNNs)

Figure 2.4: Basic CNN Schematic [17].

Convolutional Neural Networks (CNNs) are a class of deep neural networks designed
to process structured grid-like data, such as images. Its structure diagram is shown
in figure 2.4. CNN has four main structures:

• Convolutional Layers: These layers apply convolution operations to input
data using learnable filters (kernels). The convolution operation involves slid-
ing the filters over the input data to extract local patterns and features.

• Pooling Layers: Pooling layers downsample the spatial dimensions of the
feature maps generated by convolutional layers. This helps reduce computa-
tional complexity and control overfitting.

• Activation Functions: Typically, activation functions like ReLU (Rectified
Linear Unit) are applied after convolutional and pooling operations to intro-
duce non-linearity into the network.

• Fully Connected Layers: These layers connect every neuron in one layer to
every neuron in the next layer, enabling the network to learn global patterns
and make predictions.

Convolutional Neural Networks (CNNs) utilize parameter sharing and spatial hier-
archy to automatically learn and extract features from data, making them highly
suitable for tasks related to image processing. Battery datasets, despite being differ-
ent in nature from images, often exhibit similar structural characteristics that make
CNNs effective for feature extraction.
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2.7.4 Bidirectional Gated Recurrent Unit (BiGRU)

Figure 2.5: Basic BiGRU Schematic [19].

Bidirectional Gated Recurrent Unit (BiGRU) is a variant of recurrent neural net-
works (RNNs) that combines the concepts of bidirectional processing and gated
mechanisms for improved sequence modeling. Its structure diagram is shown in fig-
ure 2.5

There are three Components of BiGRU

• Gated Recurrent Unit (GRU): GRU is a type of RNN that includes gat-
ing mechanisms to control the flow of information through the network. It
consists of reset and update gates, which regulate the flow of information and
decide what to update and forget.

• Bidirectional Processing: BiGRU processes input sequences in two direc-
tions: forward and backward. This allows the model to capture dependencies
from both past and future contexts, enabling better understanding of sequen-
tial data.

• Concatenation of Outputs: Outputs from both directions are concatenated
at each time step, providing a more comprehensive representation of the input
sequence for subsequent layers or tasks.

BiGRU is particularly effective in tasks like natural language processing (NLP) due
to its ability to capture dependencies in sequential data. Similarly, battery data,
which is also time-series data, exhibits strong temporal dependencies akin to those
found in NLP tasks. Therefore, BiGRU models can perform well in predicting
battery-related variables by effectively capturing the temporal relationships within
the data.
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2.7.5 The Multilayer Perceptron (MLP)

Figure 2.6: Basic MLP Schematic [18].

The Multilayer Perceptron (MLP) is a classic feedforward neural network architec-
ture widely used for supervised learning tasks, such as classification and regression.
It consists of multiple layers of nodes (neurons), its structure diagram is shown in
2.6 and itsorganized in a hierarchical manner:

• Input Layer: The first layer receives input features from the dataset.

• Hidden Layers: Intermediate layers between the input and output layers.
Each hidden layer typically applies an activation function to its inputs and
passes the result to the next layer.

• Output Layer: The final layer produces the network’s predictions or outputs
based on the activations from the preceding layers.

MLP excels at predicting hierarchical patterns in data, allowing them to effectively
map raw battery datasets onto features relevant to battery capacity.
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2.7.6 Autoencoder Algorithm(AE)

Figure 2.7: Autoencoder Structure [20].

The Autoencoder algorithm is a type of artificial neural network used for learning
efficient representations of data, typically for dimension reduction, feature learning,
or data compression. It consists of two main components: an encoder and a decoder.
Here’s a brief overview of how it works.its structure diagram is shown in figure 2.7.
Its basic principle as follow:

1. Encoder (Mapping Function):
The encoder function h = f(x) maps the input data x to a hidden repre-
sentation h. This can be represented as a neural network layer where h is a
compressed representation of x.

2. Decoder (Reconstruction Function):
The decoder function r = g(h) reconstructs the input data x from the hidden
representation h. The goal is to make output r as close to x as possible.

3. Objective:
The autoencoder aims to minimize the reconstruction error between the input
x and the output r. Commonly, the Mean Squared Error (MSE) is used as
the loss function.

L(x, r) = ||x − r||2

Training the autoencoder involves adjusting the weights of the neural network
to minimize this reconstruction error across a dataset.

Since the autoencoder can extract features without any labeled dataset, it is very
suitable for the daily use of battery datasets.
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2.8 Algorithm Implementation
Most battery capacity prediction methods rely on fully annotated standard battery
datasets. Algorithms based on such datasets often struggle to be applied to dynamic
real-world datasets. Furthermore, predicting battery capacity directly from raw bat-
tery data is a challenge in dynamic environments. Therefore, extracting effective
features from raw battery datasets before predicting battery capacity can lead to
broader and more practical application scenarios. Based on the above requirements
two data-driven deep learning battery capacity prediction methods is obtained by
combining the basic algorithms.

Figure 2.8: Overall structure of the algorithm

The overall idea is a large two-step scheme based on combining upstream and down-
stream. The upstream learns from the original dataset to obtain effective battery
features, after which semi-supervised learning is carried out with a small amount of
labelled battery capacity data from the downstream as well as the extracted features
from the upstream, thus obtaining a model that can predict battery capacity. The
flow chart is shown in figure 2.8

The first algorithm is based on BiGRU, MLP, and GPR techniques. Due to the
excellent performance of BiGRU in extracting features from long time-series data,
it was chosen as the algorithm for extracting original time features of battery data.
After extracting the time features, an MLP algorithm was employed to map these
features to the four annotated capacity features can be seen in figure 3.1. Finally,
to enable prediction using partially labeled data, a semi-supervised GPR algorithm
was selected as the downstream model. This algorithm uses the input capacity fea-
tures to predict the true capacity of the battery. The specific implementation steps
of both algorithms are detailed in section 4.1
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To further reduce the reliance on labeled datasets and simulate real-world battery
datasets, self-supervised learning was employed with an autoencoder as the feature
extraction upstream algorithm for our second approach. After feature extraction via
the autoencoder, the obtained capacity features are fed into the downstream GPR
model for capacity prediction. The specific implementation steps of both algorithms
are detailed in section4.2.
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3.1 Introduction to data source

Table 3.1: Overview of datasets

DATA SETS
Dataset 1 2
Source NASA TUM
Cathode LCO NCA
Number of cells 4 196
Form factor 18650 18650
Nominal Capacity 2100mAh 2500mAh
Charge Conditions CC-CV CC-CV
Discharge conditions RWD CC-CV

Temperature Unsteady
(22 − 57◦C)

Constant
(25 − 35◦C)

Sampling Discharging: 1 Hz
charging: 1/60 Hz

Discharging
& charging
1/10 Hz

3.1.1 NASA
The data set used in this study was sourced from the NASA Randomized Battery
Usage Data Set. In the NASA dataset [2], batteries undergo continuous cycling
through randomly generated discharge profiles under different average loads and
temperatures. This data set includes data from eight different cells, all of which are
18650 lithium-ion batteries (LIBs).

3.1.1.1 Experimental Cycle and Data Recording

Each complete random walk (RW) section comprises a reference charge (standard
CC-CV charge) and 50 RW discharge cycles. Each discharge cycle transitions from
a state of charge (SoC) of 100% to a state of charge (SoC) of 0%, interrupted by
CC-CV charging between cycles [3.5].
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3.1.1.2 Calibration and Capacity Definition

Post every 50 random discharging cycles, a calibration involving a standard charge
capacity test is conducted to define the true capacity. This is based on the inte-
gration of the current over time during the CC-CV charging process starting from
SoC =0% until it reaches 100%. The sampling frequency for measuring the cur-
rent during this process is set at 1/60 Hz, where the real capacity is determined
by integrating the quantities of charge delivered during both constant - current and
constant-voltage phases.

3.1.2 TUM
This report leverages an extensive dataset from an experimental degradation study
of commercial Lithium-ion batteries, as documented in [1]. The dataset, contributed
by Leo Wildfeuer et al., from the Technical University of Munich, encompasses the
aging analysis of 196 lithium-ion cells under various operational conditions. The
cells underwent comprehensive tests to simulate calendar and cycle aging processes,
providing valuable insights into battery health and degradation mechanisms.

3.1.2.1 Data Structure and Availability

The data set is structured to facilitate an in-depth examination of battery degra-
dation in wide operating conditions, showcasing the dynamic real-life situation. In-
cludes data on capacity fade, resistance increase, and degradation modes during the
battery’s life cycle. The raw data, supports the development of data-driven aging
models and state estimation algorithms, fostering further research in battery health
management.The sampling frequency for measuring the current during this process
is set at 1/10 Hz, where the real capacity is determined by integrating the quantities
of charge delivered during both constant current and constant-voltage phases

3.1.2.2 Measurement of Cell Capacity

The cell capacity was determined from the raw test that had two sequential charging
and discharging cycles under constant current and constant voltage (CC-CV) condi-
tions, with parameters set at I = 2.5A, Umax = 4.2V , Umin = 2.5V , Icut,CV = 0.02C,
and tcut,CV = 1h. Following these cycles, a charging process at a reduced rate
I = 0.25A, Umax = 4.2V , Icut,CV = 0.02C, tcut,CV = 1h was performed to facili-
tate differential voltage calculation and enable half-cell fitting to identify modes of
degradation.

Subsequently, to achieve the desired initial SOC for the aging studies, cells were
adjusted by charging or discharging according to whether the initial SOC was above
or below 20%, respectively. After completion of the CU procedures, cells were
allowed to rest at an ambient temperature of 20°C before being transferred to their
designated thermal chambers for subsequent cyclic or calendar aging tests. Due
to limitations in resource availability and test channel access, the duration of this
resting period was not strictly regulated [3].
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3.1.2.3 Periodic Check ups

The cells were evaluated at constant temperature of 20◦C to monitor SoH. These
evaluations were called Check-Ups, which involved measuring parameters such as
the cells capacity and the internal resistance which were used as one of the Health
Indicators. These check-ups were essential to track the gradual changes in the cell
performance over time.

3.1.2.4 The cyclic Aging

The cells were initially stored under constant conditions, which were then transferred
to the thermal changes to simulate load under various temperatures and also various
humidity setting, cyclic aging involved repeated charging and discharging the cells
to simulate real-world battery usage. This phase is crucial for understanding how
continuous usage affects the cell’s performance and degradation.

3.1.2.5 Cyclic Aging conditions

The cyclic aging test had two protocols, namely Ah-based cycling and voltage-based
cycling.

• Ah based cycling is performed by charging and discharging the cells based
on their capacity. This method helps in determining the cells performance
under varying charge quantities.

• Voltage based cycling involves setting specific voltage limits for charging
and discharging the cells. This protocol ensures the effect of voltage limits on
the cells performance and degradation.

These tests were carried out at different temperature 5°C, 20°C, 35°C, and 50°C.
The way the cells were tested is exactly what this work aims to look at as it had all
the characteristics which would get from a simulated vehicle considering that it was
driven in different temperature and also at different SoC.

After the cycling the cells under go preconditioning before the checkups as mentioned
in section 3.1.2.2.
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3.2 Data processing

Figure 3.1: Construction of four HI and capacity labels from charging curve

The features known as Health Indicators (HIs) are extracted from the charging cy-
cles during checkups, as discussed in Section 3.1.2.2. The HIs and capacity labels
are derived from the standard charge capacity calibration [1].

The direct current resistance (DCR) is one of the four health indicators (HI)
computed using the initial step portion of the standard charge calibration,

DCR = Vt1 − Vt0

it0 − it1
(3.1)

where t1 − t0 = 10 s. The other three features related to the Incremental Capacity
(IC) also utilize data from the constant-current charging portion of the standard
charge calibration,

IC = ICC(t2 − t1)
Vt2 − Vt1

(3.2)

where t2 − t1 = 10 s. Specifically, ICpeak represents the peak value of the plateau.
ICarea is the area within 20 data points near the base of the peak value, and IC0
represents the base point of the IC curve which is represented in figure 3.3.
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The four health indicators will also be referred to as the feature henceforth. They
are as follows:

• DCR
• ICpeak
• ICarea
• IC0

3.2.1 Data Filtering method
After the IC analysis it is essential to clean the data to remove noise that can obscure
important features. One effective method for noise reduction is the Savitzky-Golay
filter.

3.2.1.1 Savitzky-Golay Filter

The Savitzky-Golay (Savgol) filter is a digital smoothing filter commonly used in
data analysis to enhance the signal-to-noise ratio while preserving the essential fea-
tures of the signal, such as peak heights and widths. Introduced by Abraham Sav-
itzky and Marcel Golay in 1964, this filter operates by fitting successive sub-sets of
adjacent data points with a low-degree polynomial using linear least squares. Its
ability to maintain the integrity of the original signal makes it particularly useful in
fields such as signal processing, analytical chemistry, and battery health diagnostics.

In our work for health diagnostics, the Savitzky-Golay filter is employed to smooth
noisy data from diagnostic techniques like incremental capacity (IC) analysis. This
smoothing enhances the detection of key features indicative of degradation mech-
anisms, leading to improved accuracy in predicting the state of health (SoH) of
batteries. Thus, the Savitzky-Golay filter plays a crucial role in ensuring more reli-
able and efficient battery systems.

3.2.1.2 Application in IC Analysis

In this work the Savgol filter was applied to the dQ
dV

data using the following param-
eters:

smoothed_dQdV = savgol_filter(dQdV, window_length = 15, polyorder = 4)
(3.3)

Parameter Justification

• Window Length (15): This defines the number of data points used for each
polynomial fit. A window length of 15 was chosen to effectively reduces noise
while preserving important features. A smaller window length may not remove
enough noise, while a larger window length may oversmooth the data, losing
important details.
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• Polynomial Order (4): This is the degree of the polynomial used for fitting.
A polynomial order of 4 was selected because it balances flexibility and over
fitting. Higher-order polynomials can model complex data variations, but if
too high, they may fit the noise instead of the actual data.

(a) Before Filtering (b) After filtering

Figure 3.2: Savgol filter implementation

3.2.2 Quantifying Capacity Contribution and SoH from IC
analysis

Figure 3.3: IC analysis from charging
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3.2.2.1 Presence of New Peaks

The emergence of new peaks within the IC curve signifies the initiation of novel
electrochemical reactions absent in a fresh cell. These reactions may stem from
degradation mechanisms such as the Solid-Electrolyte Interface (SEI) layers, disso-
lution of electrode materials, or side reactions with the electrolyte, each contributing
to the progressive decline of battery performance.

3.2.2.2 Peak Sharpness

The sharpness of peaks within the IC curve reflects phase transitions in electrode
materials. Sharp peaks typically denote well-defined phase transitions, whereas
broader peaks may suggest a gradual transition or inhomogeneities in the electrode
material. Analyzing peak sharpness provides valuable information on the structural
changes occurring within electrode materials during battery operation.

3.2.2.3 Baseline Slope and Shape

The baseline slope and shape of the IC curve, away from peak regions, offer insights
into electrolyte decomposition and alterations in the battery’s internal resistance.
An increasing baseline slope across cycling indicates a rise in resistance or changes
in electrolyte composition, both of which are critical factors in the aging process of
LIBs.

Figure 3.4: ICA on cell number 210 from TUM dataset

The figure 3.4 represents the Incremental Capacity Analysis (ICA) for cell number
210, which has been cyclically aged and checked 16 times. As shown in the figure,
the peak height (red dots) fades over time, indicating the progressive loss of active
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lithium ions and changes in electrode surface properties due to SEI formation. Ad-
ditionally, the base level (black dots) changes, reflecting the overall capacity and
efficiency degradation caused by factors such as SEI formation, lithium plating, and
electrolyte decomposition. These trends highlight the impact of cyclical aging on
the battery’s performance.
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3.2.3 Dataset normalization
Normalization is a data preprocessing technique used to scale the features of your
data to a range,here we have used the limits based on the data losses we can see
without distorting differences in the ranges of values. This process ensures that
each feature contributes equally to the analysis, which is particularly important for
algorithms.

3.2.3.1 Min-Max Scaling

Min-Max scaling is a simple and effective normalization method. It transforms the
data into a fixed range, usually [0, 1], using the formula

Xnorm = X − Xmin

Xmax − Xmin

(3.4)

• where X is the original data point.

• Xmin and Xmax are the minimum and maximum values of the feature respec-
tively.

• Xnorm is the normalized data point.

This way done in order to transform features to a common scale and it maintains
the relationships in the data effectively. All data sets were normalised, including the
input data set, comprising the current voltage and temperature. Furthermore, the
extracted health indicators were normalized, including the area under the curve, the
height of the peak, and the base value of the peak. Normalisation was thus applied
to all data sets.

3.2.4 Input data description
The primary datasets used in this work here include:

• x.npy contains normalized voltage, current, and temperature data captured
during the charging cycles and the Random walk from TUM and NASA re-
spectively[3.6][3.5].

• y.npy Includes extracted health indicators such as Direct Current Resistance
(DCR), peak height, Area Under the Curve (AUC), and base point from the
charging curves.

• z.npy Provides the labeled capacity values, serving as ground truth for train-
ing and validating machine learning models.
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3.2.4.1 x.npy

• Dimensions: (n, T, 3)
• Description:

– n: Represents the variable number of battery samples, each characterized
by a sequence of charging instances.

– T: Denotes the discrete time stamps captured per sample, delineating
intervals during the charging process.

– 3: Features per time stamp:
∗ Normalized Voltage: Reflects the electrical potential across the

battery terminals.

∗ Normalized Current: Indicates the flow of electrical charge through
the battery.

∗ Normalized Temperature: Represents the ambient temperature
during the charging period.

3.2.4.2 y.npy

• Dimensions: (n, 4)
• Description:

– n: Corresponds to the variable number of battery samples analyzed in
x.npy.

– 4: Features derived from each charging curve:
∗ DCR (Direct Current Resistance):

∗ Peak Height ICP eak .

∗ AUC(Area Under the Curve) ICArea.

∗ Base point(IC0).

3.2.4.3 z.npy

• Dimension: (n, 1)
• Description:

– n: Corresponds to the variable number of battery samples represented in
x.npy and y.npy.

– 1: Provides the ground truth for each battery sample, denoting the actual
labeled capacity measured during testing 3.1.2.2.
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Figure 3.5: An input file x.npy is a representation of the random walk (RW)
from NASA after data processing. It comprises three sections: 1. A randomly gen-
erated current profile 2. The voltage response 3. The temperature rise over time
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Figure 3.6: An input file x.npy is a representation of the charging cycle
from TUM dataset after processing. It comprises three sections: 1. Charg-

ing current profile 2. The voltage response 3. The temperature rise over time

In Figures 3.6 and 3.5, the y-axis represents the normalised value for both datasets.
The normalisation process is detailed in Section [Normalization].
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4.1 Algorithm 1

BiGRU+MLP+GPR

Figure 4.1: BiGRU+MLP-GPR algorithm structure
[27]

The first method is an algorithm based on BiGRU, MLP, and GPR, with its total
loss function 4.3. The structure is illustrated in figure4.1, and its specific principles
are as follows.

4.1.1 Upstream
The task of the upstream component is to extract capacity features from the raw
battery dataset at different sampling rates, making them suitable for downstream
algorithm applications. The upstream component uses partial raw battery data X
and partially labeled battery data Y for supervised learning. After inputting the raw
data X into the model, the BiGRU algorithm extracts time-based feature data from
X. These features are then mapped to four types of capacity features using the MLP
algorithm. The Mean Squared Error (MSE) loss between the mapped features and
the manually labeled Y is computed, and the feature loss is propagated downstream.
The format of the input data is introduced in Section 3.2.4, with dimensions X[n,
512, 3] and Y[n, 4].

4.1.2 Downstream
After obtaining the four capacity features extracted upstream, the GPR algorithm
is utilized to perform semi-supervised prediction of the capacity. The capacity is
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regressed as a normal distribution estimate, with the mean serving as the model
estimate and ±0.01 as the confidence interval. Finally, a model is obtained that can
predict battery capacity based on the input of the four capacity features.

Upstream Loss Function = MSE(Y, Ŷ ) = 1
n

n∑
i=1

(Yi − Ŷi)2 (4.1)

Downstream Loss Function = 1
n

ln
(
p(zL | YL, θ̄)

)
+ α

m

∣∣∣∣∣∣
∑

y∈YU

Varf∼p (f(y))

∣∣∣∣∣∣ (4.2)

Total Loss Function = Upstream Loss Function + Downstream Loss Function
(4.3)

4.2 Algorithm 2

AE+CNN+GPR
The second algorithm is based on an autoencoder framework that employs a convo-
lutional neural network (CNN) as the hidden layer, combined with Gaussian Process
Regression (GPR). This algorithm is structured similarly to Algorithm 4.1. The pri-
mary goal of this approach is to extract effective features from the raw data X that
can be used to predict capacity.

Initially, the algorithm utilizes an autoencoder as the upstream model to extract
these features. Unlike traditional autoencoders, which typically use fully connected
layers, this model integrates CNNs in the hidden layers to enhance feature extraction
capabilities. When the raw data X is input into the upstream model, it undergoes a
series of convolutional and pooling layers in the encoder. These layers are designed
to capture spatial hierarchies and patterns in the data, resulting in the extraction
of four distinct capacity features.

The encoder is structured to progressively reduce the dimensionality of the input
data, focusing on the most relevant features for capacity prediction. Once these
features are obtained, they are passed to the decoder, which consists of transposed
convolutional layers (also known as deconvolutional layers). The decoder aims to
reconstruct the original input data from the extracted features, thereby ensuring
that the features retain essential information about the input.

To train this autoencoder, the mean squared error (MSE) between the reconstructed
input and the actual input is computed. This MSE serves as the loss function for
the iterative optimization process, guiding the adjustments to the weights and biases
in the CNN layers. The goal of this training process is to minimize the reconstruc-
tion error, thereby ensuring the autoencoder effectively captures the most important
features for capacity prediction. The specific structure of the encoder and decoder
layers is detailed in section 4.1 and 4.2.
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After the autoencoder has been trained and the capacity features have been ex-
tracted, these features are fed into the downstream model. This downstream model
follows the same framework as the one described in Algorithm 4.1. The extracted
features serve as inputs to the GPR model, which is tasked with the final capacity
prediction.

While the overall framework of the upstream and downstream models in this ap-
proach mirrors that of Algorithm 1, the computation of the loss functions is handled
separately. The loss functions for the upstream and downstream models are defined
by the same criteria as in Algorithm 1, but they are computed independently to
ensure the distinct optimization of both models. Tthe loss functions for the up-
stream and downstream models of this approach are computed separately, as shown
in Equation 4.1 and 4.2.

By combining the feature extraction power of CNN-based autoencoders with the
predictive accuracy of GPR, this algorithm aims to provide a robust method for
capacity prediction, leveraging the strengths of both deep learning and statistical
regression techniques.

Figure 4.2: AE+CNN-GPR Algorithm structure

Table 4.1: CNN encoder Structure

Layer (type) Input Shape Output Shape
Convolutional Layer 3x512 16x128
Pooling Layer 16x128 16x64
Convolutional Layer 16x64 16x32
Pooling Layer 16x32 16x16
Convolutional Layer 16x16 32x16
Pooling Layer 32x16 32x8
Convolutional Layer 32x8 32x8
Convolutional Layer 32x8 4x2
Pooling Layer 4x2 4x1
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Table 4.2: CNN decoder Structure

Layer (type) Input Shape Output Shape
Transposed Convolution layer 4x1 32x4
Transposed Convolution layer 32x4 32x8
Transposed Convolution layer 32x8 16x16
Transposed Convolution layer 16x16 16x64
Transposed Convolution layer 6x64 3x512
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4.3 Evaluation indicators
To evaluate the performance of the two algorithms, MAE and RMSE are used as
the main evaluation metrics.

4.3.1 Mean Absolute Error (MAE)
MAE is a measure of errors between paired observations expressing the same phe-
nomenon. It is defined as the average of the absolute differences between predicted
values and actual values,

MAE = 1
n

n∑
i=1

|yi − ŷi| (4.4)

• n is the number of observations,
• yi is the actual value,
• ŷi is the predicted value.

4.3.2 Root Mean Square Error (RMSE)
RMSE is a quadratic scoring rule that also measures the average magnitude of
error. It is the square root of the average of squared differences between predicted
and actual values,

RMSE =
√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (4.5)

• n is the number of observations,
• yi is the actual value,
• ŷi is the predicted value.
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5
Results

This chapter presents the model’s results, including findings from testing on the
NASA and TUM datasets. Section 4.1 compares the performance of Algorithm 1
[4.1] and Algorithm 2 [4.2] under identical conditions. Section [5.2] analyzes the
influence of different Hyperparameters s on the performance of these algorithms.

5.1 Results under standard condition

Table 5.1: Hyperparameter settings

Hyperparameter Setting

Learning rate 0.01
Optimizer Adam
Number of training epochs 30
Number of batteries for train 6
Number of batteries for test 2
Number of hidden layers 5, 14
GPR Kenel RBF Kernel

To objectively compare the performance of both algorithms, it is essential to evaluate
them under identical conditions. Therefore, model is trained and tested both using
the same set of hyperparameters, and then compare the results obtained. The
hyperparameter settings are detailed in the table 5.1. All results reported here are
based on computations performed using one RTX 1080Ti GPU.

5.1.1 RMSE and MAE results

Table 5.2: Results based on BiGRU+MLP+GPR algorithm

Up RMSE Up MAE Down RMSE Down MAE computational time
NASA 0.432 0.328 0.301 0.238 23s
TUM 0.262 0.191 0.109 0.075 16s
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Table 5.3: Results based on AE+CNN+GPR algorithm

RMSE MAE computational time
NASA 0.524 0.412 167s
TUM 0.097 0.075 161s

Table 5.4: Results based on BiGRU+MLP+GPR algorithm

Up RMSE Up MAE Down RMSE Down MAE computational time
NASA 0.427 0.317 0.30 0.238 23s
TUM 0.262 0.191 0.109 0.07 16s

5.1.2 NASA dataset

Figure 5.1: BiGRU+MLP+GPR based capacity estimation
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Figure 5.2: Upstream loss Figure 5.3: Downstream loss

Figure 5.4: AE+CNN+GPR based estimated capacity

43



5. Results

Figure 5.5: Upstream loss Figure 5.6: Downstream loss

5.1.3 TUM dataset

Figure 5.7: BiGRU+MLP+GPR based capacity estimation
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Figure 5.8: Upstream loss Figure 5.9: Downstream loss

Figure 5.10: AE+CNN+GPR based capacity estimation
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Figure 5.11: Upstream loss Figure 5.12: Downstream loss

The results of the two algorithms are shown in Table 5.4 and Table 5.3. On the
NASA dataset, the BiGRU+MLP+GPR algorithm has 57% of the RMSE and 58%
of the MAE of the AE+CNN+GPR algorithm. In terms of transit time count Bi-
GRU+MLP+GPR takes 21% of the time of AE+CNN+GPR algorithm. On the
TUM dataset, its RMSE and MAE are not cross-referenced because they deviate
too much from the original dataset, and their visualisation is shown in Figure 5.7
and Figure 5.10.

The prediction results of the two algorithms on the NASA dataset are shown in
Figure 5.1 and Figure 5.4, where it can be seen that the performance of the Bi-
GRU+MLP+GPR algorithm’s fit improves with the number of samples from both
batteries, reaching the best performance at the 240 sample.

The AE+CNN+GPR algorithm exhibits more pronounced oscillations compared to
the former approach. Notably, the predictions for the initial 75-100 sampling points
of the cell do not align with the trend of the true capacity. The algorithm reaches
its optimal performance around the 200th sampling point. Beyond this point, the
predicted oscillations increase significantly, particularly in the second half of the
battery samples.

It can be seen from Figure 5.2 and Figure 5.3 that the upstream loss of the Bi-
GRU+MLP+GPR algorithm has the fastest rate of loss reduction in the first 10
iterations, and it finally stabilises after 25 iterations. While the AE+CNN+GPR
algorithm algorithm tends to stabilise after the tenth iteration and shows signs of
overfitting. Figure 5.5 and Figure 5.6 show that the loss of the two algorithms in
the downstream GPR algorithm species shows a similar linear variation with the
number of iterations.
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5.2 Hyperparameters Analysis
Further investigations were conducted to determine the impact of different hyper-
parameter variations on model performance, with a particular focus on changes in
model accuracy and loss. Initially, benchmark tests were conducted to assess the
impact of varying the number of training layers based on modifications to upstream
and downstream losses. Subsequently, the effects of utilising different Gaussian ker-
nels downstream on algorithm performance were examined. Finally, the robustness
of the algorithm was evaluated through the introduction of Gaussian white noise.
All benchmarks were conducted using the NASA battery dataset.

5.2.1 Comparison of different training epochs

5.2.1.1 BiGRU+MLP+GPR algorithm

Table 5.5: RMSE and MAE results

Epochs RMSE MAE
50 0.345 0.263
100 0.328 0.252
150 0.298 0.221
200 0.317 0.241

Figure 5.13: Variation of loss with different number of training epochs
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5.2.1.2 CNN+AE+GPR algorithm

Table 5.6: RMSE and MAE results

Epochs RMSE MAE
15 0.536 0.418
50 0.509 0.399
75 0.506 0.397
100 0.5 0.393

Figure 5.14: Variation of loss with different number of training epochs

Through previous benchmark tests, it was found that the BiGRU+MLP+GPR al-
gorithm did not show overfitting similar to AE+CNN+GPR before 30 iterations, so
in order to test the best performance of the algorithm upstream. the performance
was tested of the algorithm’s upstream function in different 50 to 250 epochs re-
spectively, and the results are shown in Figure 5.13, which shows that in the first
25 layers of iteration kind of loss decreases rapidly, and the decrease gradually slows
down in 25 to 75 iterations, and after 75 iterations, the loss decreases tends to level
off, and there are signs of overfitting. The overfitting phenomenon after 150 layers
can also be seen from Table 5.5.

In the AE+CNN+GPR algo rithm it was found that the upstream of the algo-
rithm started to overfit linearly after 10 iterations, so the upstream was frozen to
see how the downstream performs after more iterations, and the results are shown
in Figure 5.14, where the loss shows a similarly linear decrease in the first 80 iter-
ations, and the loss starts to overfit after 80 iterations. Comparing the RMSE and
MAE in Table 5.6 we can see that the RMSE decreases by 5.0% after the number
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of iterations changes from 15 to 50. After that the decrease in RMSE from 50 to
100 iterations levelled off at 0.6% versus 1.2%. MAE changes have the same trend
as RMSE.
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5.2.2 Computational results based on different downstream
Gaussian kernels

Due to variations in flexibility and smoothness among different Gaussian kernels, and
the dynamic nature of the mapping between capacity features in battery datasets
and battery degradation, the performance were evaluated on three Gaussian kernels
across two algorithms.

5.2.2.1 Kernel results based on BiGRU+MLP+GPR

Table 5.7: RMSE and MAE results on NASA dataset

RMSE MAE
RBF Kernel 0.294 0.235
RQKernel 0.381 0.312

Matern Kernel 0.425 0.321

Figure 5.15: RBFKernel

Figure 5.16: RQKernel Figure 5.17: Matern Kernel

50



5. Results

Table 5.8: RMSE and MAE results on TUM dataset

RMSE MAE
RBF Kernel 0.087 0.063
RQKernel 0.086 0.066

Matern Kernel 0.090 0.063

Figure 5.18: RBF Kernel Figure 5.19: RQKernel

Figure 5.20: Matern Kernel

5.2.2.2 Kernel results based on AE+CNN+GPR

Table 5.9: RMSE and MAE results on NASA dataset

RMSE MAE
RBFKernel 0.524 0.409
RQKernel 0.494 0.386

MaternKernel 0.521 0.409
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Figure 5.21: RBF Kernel Figure 5.22: RQKernel

Figure 5.23: Matern Kernel

Table 5.10: RMSE and MAE results on TUM dataset

RMSE MAE
RBF Kernel 0.091 0.065
RQKernel 0.091 0.065

Matern Kernel 0.091 0.065
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Figure 5.24: RBF Kernel Figure 5.25: RQKernel

Figure 5.26: Matern Kernel

Table 5.7 and 5.9 shows that RBF kernel has the best RMSE and MAE performance
in BiGRU+MLP+GPR algorithm. The RQKernel kernel has the best RMSE and
MAE performance in the AE+CNN+GPR algorithm. From the prediction line
graphs of the two algorithms, it is evident that the three kernels are similar to the
benchmark test 5.1 in terms of predicting trends and changes, and do not show much
difference.

In the TUM dataset results 5.8 and 5.10, the predictive model exhibited poor per-
formance in fitting the real data, significantly deviating from the observed values.
Specifically, there was a substantial discrepancy between the model’s predicted val-
ues and the actual measurements. Residual analysis indicated the presence of sys-
tematic bias in the error distribution, suggesting that the model fails to effectively
capture the nonlinear characteristics of the data.

5.2.3 Performance of algorithms in the presence of noise
To simulate the measurement errors in battery data collection realistically and eval-
uate the robustness of algorithms, Gaussian noise was added with a range of ±10%
to the original battery dataset X. Below are the performance results of the two
algorithms on the NASA dataset after applying this noise.
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Table 5.11: Algorithm results under noise conditions on NASA dataset

Algorithm RMSE MAE
BiGRU+MLP+GPR 0.374 0.304

AE+CNN+GPR 0.542 0.429

Figure 5.27: Results
on BiGRU+MLP+GPR

Figure 5.28: Results
on AE+CNN+GPR

Table 5.12: Algorithm results under noise conditions on TUM dataset

Algorithm RMSE MAE
BiGRU+MLP+GPR 0.1005 0.0675

AE+CNN+GPR 0.091 0.0654

Figure 5.29: Results
on BiGRU+MLP+GPR

Figure 5.30: Results
on AE+CNN+GPR

As can be seen from Table 5.11, with the same hyperparameters as 5.1, the RMSE
of the BiGRU+MLP+GPR algorithm with ±10% Gaussian noise is 124.3% of the
original and the MAE is 127.7% of the original.The RMSE of the AE+CNN+GPR
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algorithm is 103.6% of the original and the MAE is 4.8% of the original. From
Figure 5.27 and Figure 5.28 it can be seen that the two algorithms do not change
much in predicting the trend.

In the TUM dataset 5.12, RMSE and MAE are higher than the standard state but
the predictive model still fails to effectively capture the nonlinear characteristics of
the data.
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6
Conclusion

6.1 Results from Present Work
This thesis focused on developing and evaluating deep learning algorithms for bat-
tery capacity diagnosis, specifically comparing the performance of two algorithms
BiGRU+MLP+GPR and AE+CNN+GPR, using NASA and TUM datasets. The
research aimed to determine the effectiveness of these algorithms under various con-
ditions and identify the influence of different variables on their performance.
The key findings of this research are summarized in this chapter.

6.1.1 Algorithm Comparison
Both algorithms were trained and tested under identical conditions with the same
set of hyperparameters. The BiGRU+MLP+GPR algorithm consistently outper-
formed the AE+CNN+GPR algorithm on the NASA dataset, achieving 57% of
the RMSE and 58% of the MAE compared to AE+CNN+GPR. Additionally, Bi-
GRU+MLP+GPR demonstrated superior computational efficiency, taking only 21%
of the time required by AE+CNN+GPR.

6.1.2 Performance on Battery Datasets
The performance on the TUM dataset was poor due to significant deviations from
the original dataset. On the NASA dataset, as the number of samples increased, the
prediction accuracy of both algorithms improved significantly. However, oscillations
were observed in the predictions towards the end of the sample range.
Influence of Hyperparameters on Algorithms: Regarding the number of training
epochs, the BiGRU+MLP+GPR algorithm achieved optimal performance upstream
at 75 iterations, while the loss for the AE+CNN+GPR algorithm stabilized after the
tenth iteration. In terms of Gaussian kernel selection, the RBFKernel provided the
best RMSE and MAE for the BiGRU+MLP+GPR algorithm, whereas the RQKer-
nel offered the best performance for the AE+CNN+GPR algorithm.
When it comes to noise Robustness both the algorithms maintained trend predic-
tions under the addition of Gaussian noise. However, the RMSE and MAE of the
BiGRU+MLP+GPR algorithm increased by 124.3% and 127.7%, respectively, while
the RMSE and MAE of the AE+CNN+GPR algorithm increased by 103.6% and
104.8%, respectively.
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6.1.3 Impact of Sampling Frequency on Algorithm Perfor-
mance

One of the critical findings from this study was the impact of the sampling frequency
on the performance of the algorithm, particularly when comparing the results from
the NASA and TUM datasets.

The NASA dataset has a sampling frequency of 1/60Hz, providing a higher resolution
of data points over time. In contrast, the TUM dataset has a much denser sampling
frequency 1/10Hz. This discrepancy in sampling frequency significantly influenced
the algorithm performance, leading to poorer results with the TUM dataset. The
primary reasons for this are as follows.

Data Density and Redundancy

• The TUM dataset’s denser sampling frequency results in a larger number of
data points over a short period. While having more data can generally be
beneficial, in this case, the high density of data points can introduce redun-
dancy. This redundancy can overwhelm the model, making it difficult to
extract meaningful patterns and trends from the data. The algorithm strug-
gles to differentiate between noise and actual signal variations, leading to less
accurate predictions.

Model Training and Overfitting

• With an excessive number of data points, there is a risk of the model over
fitting to the training data. Overfitting occurs when the model learns not just
the underlying patterns but also the noise and random fluctuations present in
the dense dataset. As a result, the model performance well on the training
data but poorly on unseen test data. the TUM dataset’s higher sampling
frequency faces this issue, leading to sub optimal generalization and reduced
accuracy in real world applications.

Computational Efficiency

• The processing of a substantial number of data points increases the computa-
tional load on the algorithm. The dense data from the TUM dataset necessi-
tates greater processing power and time for training, which can be inefficient
and impractical, particularly in environments with limited resources. This
augmented complexity can further impair the performance of the algorithms,
as they must allocate more resources to manage the dense data.

In accordance with the objectives of this study, the following conclusions were
reached. Initially, the four extracted features demonstrated a notable correlation
with battery capacity, indicating their considerable potential for application in bat-
tery capacity prediction. Furthermore, the incorporation of additional features will
enhance the accuracy of the prediction. The algorithm built upon these features
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demonstrated strong accuracy and computational efficiency in predicting battery
capacity (SoH). However, the performance of batteries on different datasets varies
greatly. For different types of datasets, further data sampling and preprocessing
are recommended before deploying the algorithm. Additionally, in the two algo-
rithms used, hyperparameters (such as kernel selection) had varying impacts on
performance. Therefore, hyperparameter settings should be optimized and adjusted
according to the specific characteristics of the battery datasets and prediction re-
quirements to enhance the model’s predictive capabilities.

6.2 Future Work
The result of this research demonstrate the significant potential of deep learning
algorithms in battery capacity diagnosis. However, several areas warrant further
exploration to enhance performance and applicability. Below are the proposed ob-
jective for the future work.

• Dataset Expansion To developer more robust machine learning model and
enhance the generalization of out algorithms across various battery chemistry
and usage conditions, it is essential to expand the datasets used for training
and testing. Incorporating more diverse and larger datasets will enable the
model to be more resilient to different operational scenarios.

– Collecting and integrating datasets from a wider range of sources, includ-
ing different battery chemistry’s and operational environments.

– Utilizing open source datasets from institutions like Stanford and SNL to
transition towards a big data analytical framework, which will enhance
our capacity to derive more features from more data.

• Real-World Testing
To asses the practical applicability and reliability of out developed algorithms,
it is Cruise to implement them in real-world battery management systems and
conduct extensive field testing. This will provide valuable insights into their
performance in various operational scenarios and help identify areas for im-
portant.

– Collaborating with industry partners to test the algorithms in commer-
cial battery management systems.

– Gathering real-world performance data to validate and refine the models.

• Algorithm and Script Enhancement Continuous improvement of the fea-
ture extraction capabilities of out scripts is an ongoing priority. This refine-
ment process directly influences the efficiency and effectiveness of our diagnos-
tics system.
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– Enhancing existing algorithms to improve their accuracy and computa-
tional efficiency.

– Developing new algorithms that can better handle the complexities of
battery health diagnostics.

• Big Data Integration Transitioning towards a big data analytics framework
is a key objective, as it will significantly enhance our ability to derive mean-
ingful insights from extensive datasets.

– Implementing scalable data processing and analysis infrastructure to han-
dle large volumes of data efficiently.

– Utilizing advanced data mining techniques to extract more hidden pat-
terns and trends in battery performance data.

– Collaborating with academic and industry partners to share data and
insights.
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Ethical and Sustainability concern

In context of this work, ethical considerations are paramount, particularly when
utilizing open-source data for training machine learning models. The ethical use
of data involves ensuring that the data collected and used respects privacy and is
free from biases that could lead to unfair outcomes. For instance, when working
with the data from diverse sources, it is essential to verify that the data accurately
represents the range of real world conditions and does not inadvertently favour or
disadvantage any specific type of battery or use case. Transparency in how data is
collected, processed and used in the diagnostics algorithms is critical. By clearly
documenting and communicating these processes the system can be trusted and is
operated ethically and fairly, aligning with the broader principles of fairness, ac-
countability and transparency as outlined in the European approach to AI [28].

Sustainability in battery health diagnostics not only relates to the technical robust-
ness and efficiency of the AI model but also extends to the environmental and social
impact of the solutions developed. By using open-source data, the research pro-
motes resource efficiency, as it avoids the need for redundant data collection efforts
and encourages collaborating across the global research community. Additionally,
the development of accurate and reliable battery health diagnostics supports sus-
tainability by extending the lifespan of batteries in electric vehicle and renewable
energy systems, thereby reducing waste and the demand for raw materials. This
approach aligns with the principles of well being and sustainability development
by contributing to the broader adoption of environmentally friendly technologies,
thus supporting global efforts to mitigate climate and promote sustainable energy
practices.
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8
Appendix

Dataset processing and visualization: Onedrivelink, Megalink
The dataset and code can be accessed through the provided link. This includes a
pre-processed file saved as a pickle file for the TUM dataset aswell.
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